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ABSTRACT

This collection of six essays makes novel methodological contributions to causal inference, time-
series cross-sectional forecasting, and supervised text analysis. The first three essays start from the
premise that while randomized experiments are the gold standard for causal claims, randomization is
not feasible or ethical for many questions in the social sciences. Researchers have thus devised methods
that approximate experiments using nonexperimental control units to estimate counterfactuals. How-
ever, control units may be costly to obtain, incomparable to the treated units, or completely unavailable
when all units are treated. We challenge the commonplace intuition that control units are necessary for
causal inference. We propose conditions under which one can use post-treatment variables to estimate
causal effects. At its core, we show when one can obtain identification of causal effects by comparing
treated units to other treated units, without recourse to control units.

The next two essays demonstrate that the U.S. Social Security Administration’s (SSA) forecasting er-
rors were approximately unbiased until about 2000, but then began to grow quickly, with increasingly
overconfident uncertainty intervals. Moreover, the errors all turn out to be in the same potentially dan-
gerous direction, each making the Social Security Trust Funds look healthier than they actually are. We
also discover the cause of these findings with evidence from a large number of interviews we conducted
with participants at every level of the forecasting and policy processes.

Finally, the last essay develops a new dataset for studying the influence of business on public policy
decisions across the American states. Compiling and digitizing nearly 1,000 leaked legislative propos-
als made by a leading business lobbying group in the states, along with digitized versions of all state
legislation introduced or enacted between 1995 and 2013, we use a two-stage supervised classifier to
categorize state bills as either sharing the same underlying concepts or specific language as business-
drafted model bills. We find these business-backed bills were more likely to be introduced and enacted

by legislatures lacking policy resources, such as those without full-time members and with few staffers.
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Front-door versus Back-door Adjustment

with Unmeasured Confounding

1.1 INTRODUCTION

1.1.1 JoB TRAINING PROGRAM EVALUATION

There exists a rich literature on the effects of job training programs, much of it assessing the ability of

nonexperimental estimators to reproduce the experimental estimates of program impact. Influential



studies that cast doubt on the utility of nonexperimental estimates (e.g. see LaLonde (1986); Fraker and
Maynard (1987)) have in turn sparked fruitful research on how to ensure the comparability of a nonex-
perimental control group to the treated group on observed and unobserved characteristics. Researchers
have had success approximating experimental impact estimates in nonrandomized program evalua-
tion with methods such as matching on the propensity score (see e.g. Dehejia and Wahba (1999)) and
semi-parametric models for selection bias (see e.g. Heckman et al. (1998)).

However, the success of these and other such observational studies depends on the measurement
of two types of variables that can be difficult/expensive to obtain. First, observational program evalu-
ations of this type must collect outcome information on the control units. For job training programs,
this means that earnings information must be collected for individuals that did not sign up for the pro-
gram. As evidenced by Hotz (1992), this is often an expensive and laborious task. Second, for these
observational evaluations to be successful, Heckman et al. (1998) demonstrates that detailed (and ex-
pensive) covariate information will often need to be collected.

In this paper, we explore the conditions under which the need for such expensive (and potentially
missing) outcome and covariate information can be obviated by the collection of post-treatment com-
pliance information and the use of a front-door adjustment. Specifically, we evaluate the effects of
signing up for the Job Training Partnership Act program on 18-month earnings by leveraging post-
treatment compliance information via front-door adjustment. Following the literature comparing ob-
servational estimates to experimental benchmarks in the case of job training programs, we take signing
up for the program to be the treatment of interest. However, unlike nearly all previous work, we do not
use the nonexperimental control group for estimation of this causal effect, instead using a subset of
treated units to construct the desired counterfactual. This makes possible estimation of causal effects
even when the nonexperimental control group is fundamentally incomparable to the treated group, or
more remarkably, where control units are unavailable.

The JTPA Title II-A program is a prototypical government job training program where eligible eco-



nomically disadvantaged individuals receive a variety of services such as classroom training, job search
assistance, and on-the-job training (Heckman et al., 1999). Broadly created to boost employment and
earnings, the JTPA program annually served approximately one million participants in the 1980s and
1990s at a cost of roughly $1.6 billion per year. Given the scale of the program, the Department of La-
bor commissioned an experimental evaluation of the program in 1986. The resultant National JTPA
Study thus randomized one-third of eligible JTPA applicants into an experimental control group that
was not allowed to access program services at a small subset of program sites (Orr et al., 1994; Bloom
etal, 1993, 1997). Crucially, the Study collected information on service uptake of treated units, allow-
ing us to measure compliance with the treatment. Moreover, non-compliance was approximately one-
sided, meaning that individuals barred from receiving JTPA services were unlikely to actually receive
any services.

In addition to experimental estimates for the impact of the JTPA program, the National JTPA Study
set out to create a nonexperimental comparison group, termed the eligible nonparticipant (ENP) sam-
ple, to assess the viability of nonexperimental estimators. While the initial JTPA Study design proposed
ENP samples at ten of the sixteen participating study sites, high data collection costs forced ENP sam-
pling to be conducted at only four sites (Hotz, 1992)." The ENP sample was composed of individuals
who were eligible for, but did not apply to, the JTPA program. They were selected using random sam-
pling of economically disadvantaged households (Smith, 1994). The availability of a nonexperimental
comparison group allows us to estimate program impact using standard covariate adjusment. Ulti-
mately, we use data from the National JTPA Study to demonstrate that front-door adjustment provides

estimates that are closer to the experimental benchmark than standard covariate adjustments.

All of our analysis is thus restricted to the four sites, or service delivery areas, at which an ENP sample is
available.



1.1.2 REVIEW OF THE FRONT-DOOR CRITERION

The front-door criterion and adjustment formula (Pearl, 1995) and its extensions provide a means for
nonparametric identification of treatment effects via the pathways or mechanisms by which treatment
affects the outcome.” Importantly, the front-door criterion can hold even in the presence of unmea-
sured common causes of the treatment and the outcome. Despite these results, the front-door approach
has seen relatively little use (VanderWeele, 2009) due to concerns that the assumptions required for
point identification are “exceptional” (Cox and Wermuth, 1995; Imbens and Rubin, 1995).3

In order to provide intuition and avoid confusion due to the limited use of the front-door approach,
we present an informal summary of the results from (Pearl, 1995) below, as well as a comparison be-
tween the front-door approach and the more well known (and somewhat related) instrumental vari-
ables approach (e.g. Angrist et al. (1996); Balke and Pearl (1997)). The following sections provide a
more formal presentation. Figure 1.1 (a) presents a directed acyclic graph (DAG)- equivalent to Figure
3 of (Pearl, 1995)- representing a causal structure amenable to front-door adjustment. Informally, the
goal of analysis here is to estimate the effect of the treatment/action A on the outcome Y. Standard co-
variate adjustments (also known as back-door adjustments) will be insufficient for identification here
because U is an unmeasured common cause of A and Y. Pearl (1995) shows that when 1) an exclusion

restriction holds so that the effect of A on Y is entirely mediated by a set of post-treatment variables

*Extensions of the front-door criterion have highlighted more complicated graph structures under which it
is possible to obtain point identification of total effects (Kuroki and Miyakawa, 1999; Tian and Pearl, 2002a,b;
Shpitser and Pearl, 2006; Chalak and Halbert, 2011).

30ne exception is Winship and Harding (2008) which outlines how the front-door criterion can aid in the
identification of age-period-cohort models. Additionally, there are several papers that use post-treatment vari-
ables to gain some type of information about total effects. Cox (1960) and Ramsahai (2012) examine when post-
treatment variables can improve the efficiency of total effects estimates. VanderWeele (2008) and VanderWeele
and Robins (2009) show that post-treatment variables can help identify the direction of bias in point estimates
of total effects. Joffe (2001) and Glynn and Quinn (2011) both use post-treatment variables to calculate bounds
for total effects while Kaufman et al. (2009) provides a variety of bounds, some of which involve measuring
post-treatment variables, using linear programming via the OPTIMIZE program (Balke, 1995).



M, and 2) there are no unmeasured common causes of A and M or of M and Y (that cannot be blocked
by A), then a front-door adjustment can identify the effect of A on Y. As a stylized representation of
the job training context of Heckman et al. (1998), the treatment A indicates whether an individual has
signed up for the program, the mediator M indicates whether an individual enrolled in the program,
and the outcome Y represents post-program earnings. As we discuss in detail below, the assumptions
implicit in this graph will not hold for job training programs, but this presentation clarifies the inferen-

tial approach.
(a) Front-door (b) Instrumental Variable

,,,,,,,,,,

A M Y Z A Y

Figure 1.1: Comparison of Front-door and Instrumental Variable Directed Acyclic Graphs.

Instrumental variables approaches are tangentially related to front-door approaches but rely on sim-
ilar assumptions and vocabulary, especially within the job training context. It is helpful to contrast
the two approaches. Figure 1.1 (b) presents a directed acyclic graph (DAG)- equivalent to Figure 1 of
(Balke and Pearl, 1997)- representing a causal structure amenable to instrumental variables analysis.
Informally, the goal of analysis here is to estimate the effect of the treatment/action A on the outcome
Y, where again standard covariate adjustments will be insufficient for identification because U is an un-
measured common cause of A and Y. An instrumental variable, Z, can facilitate the estimation of the
effect of A on Y when Z is randomly assigned and an exclusion restriction holds such that the effect of
Z on Y is completely mediated by A. This presentation omits many important details but these are not
pertinent to the present discussion (see Angrist et al. (1996) and subsequent discussion for details).

For the analysis of job training programs, instrumental variables approaches are typically utilized

when Z represents randomized sign-up, A represents enrollment, and Y again represents post-program



earnings (Orr et al., 1994; Bloom et al,, 1997; Abadie et al,, 2002). Hence, the inferential target of an
instrumental variables analysis in the job training context is the effect of enrollment on earnings. In
contrast, the front-door analysis we explore in this paper uses enrollment M to facilitate estimation of
the effect of sign-up A on earnings Y for contexts where sign-up has not been randomized. Not only is
the effect of sign-up on earnings the parameter of interest in the econometrics literature utilizing JTPA
data (Heckman et al., 1998, 1997; Heckman and Smith, 1999), but it is a relevant parameter for poli-
cymakers faced with the decision of whether or not to offer the opportunity for job training to a group
of individuals.* Ultimately, “[the effect of sign-up] is informative on how the availability of a program
affects participant outcomes” (Heckman et al., 1999). Since policymakers cannot compel participa-
tion, non-compliance and attrition are a natural part of most programs, and as a result, the effect of the

opportunity for training is often a more pragmatic estimate than the effect of actual participation.

1.1.3 PLAN FOR THE PAPER

In this paper, we consider the applicability of the front-door adjustment in situations where the front-
door criterion does not hold by providing formulas for the asymptotic bias of front-door adjustments
for both Average Treatment Effects on the Treated (ATT) and Average Treatment Effects (ATE). These
formulas are derived in a manner analogous to the asymptotic bias formulas of VanderWeele and Arah
(2011) for standard covariate adjustments, and similarly allow for sensitivity analysis. Additionally, be-
cause they are derived without using potential outcomes beyond those used for the definition of ATT
and ATE, our formulas do not require causal effects to be well defined for variables other than the treat-
ment. Specifically, we do not require that the stable unit treatment value assumption (SUTVA) (Rubin,
1980) hold for variables other than the treatment. This fact along with the manner of derivation allows

for direct comparisons to the bias formulas of VanderWeele and Arah (2011). Therefore, we are able to

“For interest in the effect of sign-up outside the JTPA program, see for example Lee (2009) and Zhang et al.
(2009).



conduct comparative sensitivity analyses to assess whether a front-door approach will be preferred (in
bias terms) to a standard covariate adjustment (sometimes known as a back-door adjustment).

To provide intuition, we also present these bias comparisons in two special cases: the estimation
of ATT for nonrandomized program evaluations with one-sided noncompliance, and the estimation
of ATE using linear structural equation models. These comparisons demonstrate that there are broad
classes of applications for which the front-door or hybrid adjustments will be preferred to the back-
door adjustments.

The paper is organized as follows. Section 1.2 presents the bias formulas for the front-door approach
to ATT and compares this to the bias from covariate adjustments, both within the general framework
and for nonrandomized program evaluations with one-sided noncompliance. Section 1.3 presents an
application of these methods to the National JTPA (Job Training Partnership Act) Study. Section 1.4
concludes. Because the presentation for ATE is somewhat parallel and redundant to the presentation
for ATT, we provide the bias formulas and comparisons, both within the general framework and for

linear structural equation models, in the supplementary material.

1.2 THE FRONT-DOOR APPROACH FOR ATT

For an outcome Y and a treatment/action A, we define the potential outcome under a generic treatment
as Y(a;) and the potential outcome under control as Y(ap). While the presentation of the front-door
approach in Pearl (1995, 2000, 2009) focuses on ATE (E[Y(a;)] — E[Y(a0)]), in many applications ATT
(E[Y(a1)|m] — E[Y(ao)|a]) is the question of interest. See Supplement A for an extended discussion of
the front-door adjustment for ATE.

We assume consistency which implies that the expectation over the treatment potential outcomes
conditional on treatment, y, = E [Y(ay)|ai1], equals the expectation over the observed outcomes con-

ditional on treatment, E[Y|a;]. As in VanderWeele and Arah (2011), we also assume that E[Y(ay)|ai]



can be equated to expectations over observed outcomes by conditioning on observed covariates X and

unobserved covariates U. For simplicity in presentation we assume that X and U are discrete, such that

Hola, = 6!0 ‘6!1 ZZE Y|a07x u (u|x7 al) ’ P(‘x’al)a (1.1)

but continuous variables can be easily accommodated.® Finally, for (1.1), we also need probabilistic
assignment to hold such that there is a positive probability of both a; and a, for all values of U and X
among the g; units (Rubin, 2010).

The front-door adjustment for a set of measured post-treatment variables M can be written as the

following:

Moy = ZZPm\ao,  E[Y|ay, m, x] - P(x]ay), (1.2)

where these sums are taken over values of x and m with positive probability. The asymptotic bias for

E[Y(ag)|a] is the following (see equation (A.1) in the appendix for a proof):

o\a ZP x|ay) ZZP m|ag, x) - E[Y|ay, m, x, u] - P(u|ay, m, x)
- ZP(x]al) Z ZP(m\ao,x, u) - E[Y]ag, m, x, u] - P(u|ay, x)
X m u

(1.3)

Throughout the rest of this paper, we will use the term bias to mean asymptotic bias. It is straightfor-

ward to show that this bias will be zero when the following two conditions hold:

ASSUMPTION 1 (Y IS MEAN INDEPENDENT OF A CONDITIONAL ON M, X, AND U)

E[Y|ay, m, x, u| = E[Y|ag, m, x, u] for all m, x, u.

>We also note that for formulas of this type throughout the paper, when any of the densities take the value
zero (e.g., P(u|x, a;) = 0 or P(x|a;) = 0) we mean the entire term to be zero.



ASSUMPTION 2 (U 1S INDEPENDENT OF M CONDITIONAL ON X AND dj OR d;)

P(m|ag, x) = P(m|ag, x, u) and P(u|ay, m,x) = P(u|ay, x).

These are analogous to the assumptions of Pearl (1995) for the identification of ATE. Hence, it is pos-
sible for the front-door approach to provide an approach to estimation even when there is an unmea-
sured confounder.

The back-door adjustment for E[Y(ag)|a;] and the associated bias can be written as the following

(see equation (A.2) in the appendix for a proof):

Hgfal = ZE[Y|Q0,X] ’ P(x‘al) (1.4)

Bg|da1 = ZP(x\al) ZE[Y!ao,x, u][P(ulag, x) — P(u|ay, x)] (1.5)

This is nearly identical to the formula from page 3 of VanderWeele and Arah (2011), except we have
not included a contrast with a reference value for the unmeasured confounder. Since consistency im-

plies that E[Y(a;)|a1] = E[Y]ai], the front-door ATT bias is B{f‘iTT — —B" and the back-door ATT bias

O|a1

: bd __ bd
is B7p = —B

olay- Hence, the front-door ATT bias can be smaller than the back-door ATT bias even

when the aforementioned front-door independence conditions do not hold exactly. It is also possible
to form hybrid estimators that utilize the front-door approach for some values of X and the back-door
approach for other values of X. Finally, we note that these are direct comparisons in the sense that we
did not define additional potential outcomes in order to derive the front-door result (i.e., we are agnos-

tic as to whether SUTVA holds with M as a treatment variable).



1.2.1  SPECIAL CASE: NONRANDOMIZED PROGRAM EVALUATIONS WITH ONE-SIDED NONCOM-

PLIANCE

In order to develop some intuition about the front-door approach for ATT, we next consider the spe-
cial case of nonrandomized program evaluations with one-sided noncompliance. Following a robust
literature in econometrics on social program evaluation (e.g., Heckman et al. (1998)), we define the
program impact as the ATT where the active treatment (a;) is assignment into a program (perhaps self
selected assignment), (a) is non-assignment to the program, (m;) is participation in the program (per-

haps self selected participation), (1) is non-participation in the program.°

ASSUMPTION 3.A (ONE-SIDED NONCOMPLIANCE)

P(mylag, x) = P(mo|ag, x,u) =1 for all x, u.

ASSUMPTION 3.B (PROBABILISTIC NONCOMPLIANCE FOR TREATED UNITS)

0 < P(mo|ay, x,u) < 1 forall x, u.

Part A of Assumption 3 prevents units who were not assigned to (or did not select into) the program
from participating in the program, whereas Part B requires that each unit who was assigned to (or se-
lected into) the program has a possibility of both participating and not participating in the program.
We also note that the variance of this approach can be large unless there are a sufficient number of non-

compliers.

®There is some ambiguity regarding the use of the term ATT. Some authors continue to refer to the assigned
treatment as “the treatment’, and p; ,  — 4, as ATT, while other authors would refer to the received treatment
as “the treatment’, and 4;,  — 4, would be more properly characterized as the Intent to Treat Effect on the
Intended (ITI). For continuity, we will continue to refer to s, — i, as the ATT. This is consistent with the pa-
rameter of interest in the econometrics literature utilizing JTPA data (Heckman et al., 1998, 1997; Heckman and
Smith, 1999), and as mentioned above, is a relevant parameter from the point of view of policymakers (Heckman
etal, 1999). For interest in the Intent to Treat Effect outside of the JTPA program, see for example Lee (2009)
and Zhang et al. (2009).

10



Consider the bias in the front-door approach for ATT when M indicates whether the active treat-
ment (a;) was actually received and there is one-sided noncompliance such that Assumption 3 holds.

In this case, the front-door formula reduces to the following:

d d
AM{ATT Hja — !'[{)|a1
= E[Y|ay] — Z ZP m|ag, x) - E[Y|ay, m, x| - P(x|ay)

(1.6)
E[Y|a;] — ZE Y|a;, M = 0, x| -P(x|a;)
—_—
treated non-compliers
Compare this to the standard back-door formula for ATT:
bd
HATT Hja, — Bolay
(1.7)
= E[Y|ay] — ZE Ylao, x] -P(x|a1)

controls

Equations (1.6) and (1.7) demonstrate the principal difference between front-door and standard
back-door approaches in this context. Standard back-door estimates compare units that were assigned
treatment to similar units that were assigned control. Front-door estimates compare units that were
assigned treatment to similar units that were assigned treatment but did not receive treatment. More
specifically, those that were assigned treatment and received treatment are implicitly compared to sim-
ilar units that were assigned treatment but did not receive treatment. Those that were assigned treat-
ment and did not receive treatment (i.e., non-compliers) are implicitly compared to themselves. The
front-door and the back-door ATT bias under one-sided noncompliance (Assumption 3) can be writ-

ten as the following (see Appendix A.1.3):
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BJZITT = ZP(x\al)P(mdal,x) ZE[YW’ mo, x, u] - [P(u|ar, my, x) — P(ular, mo, x)] (1.8)

+ ZP(x|a1) Z {E[Y(a0)|a1, my, x, u] - P(mylay, x, u)

— E[Y(ao)|a1, mo, x, u] - [E[f/[(};t;l’cgn(:fzj’g]u} — P(mg|ay, x, u)]} - P(ulay, mg, x) (1.9)
B = ZP(x\al) ZE[Y\aO,M = 0, x, u][P(u|ay, x) — P(ulag, x)) (1.10)

The idea of leveraging non-compliers in this manner was briefly explored in Heckman et al. (1997),
although it was not mentioned in the abstract or conclusion, and it was not discussed in connection to
the front-door approach.

Given the non-standard nature of these comparisons, it is helpful to consider an intuitive justifica-
tion for the technique along with the formal presentation. The question is under what conditions we
might expect the front-door bias to be approximately zero, or when we would expect the front-door
bias to be preferable to the back-door bias.

In a simplified framework, with additional assumptions, a principal stratification approach can be

helpful to develop intuition. Under one-sided noncompliance there are two principal strata:
Compliers: M(1) =1land M(0) =0
Never-takers: M(1) = 0and M(0) =0

If we further assume that the treatment can only have an effect on the outcome through the mediator

(i.e., that an exclusion restriction holds such that E[Y]A = 1, M(1) = 0,M(0) = 0] = E[Y(0)|A =
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1, M(1) = 0, M(0) = 0] for never takers, then randomization of M conditional on A = 1 is sufficient for

identification:

E[Y]A =1,M = 0] = E[Y|A = 1, M(1) = 0, M(0) = 0]
= E[Y(0)]A = 1, M(1) = 0, M(0) = 0]
— E[Y(0)|A = 1,M = 0]

= E[Y(0)|A = 1]

It is straightforward to extend this to situations where M is randomly assigned conditional on pre-
treatment covariates X as well.
Returning to our more general presentation under one-sided non-compliance, the exclusion restric-

tion can be written as the following:

ASSUMPTION 4 (EXCLUSION RESTRICTION)

E[Y|ay, mo, x, u] = E[Y(a1)|a1, mo, x, u] = E[Y(ao)|ar, mo, x, u] for all x, u.

Note however that this condition would not necessarily be sufficient as an exclusion restriction if As-

sumption 3 did not hold. If Assumptions 3-4 hold, the front-door bias simplifies to the following:

Bl = ZP(x|a1)P(m1|a1,x) ZE[YWoa mo, x, u] - [P(ular, my, x) — P(ula;, mo, x)] (1.11)

+ ZP(x|a1) ZP(ml\al,ag u) [E[Y(a0)|a1, my, x, u] — E[Y(ag)|ar, mo, x, u]}P(u|a1, my, X) (1.12)

and the randomization assumption can be written as the following:
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ASSUMPTION 5 (CONDITIONAL RANDOMIZATION OF M)

M is randomly assigned for a; units within levels of x, such that M is independent of all variables that are

not affected by M conditional on A = a, and X = x for all x.

Assumptions 3 - 5 are now sufficient for zero large sample bias because P(u|a;, my, x) = P(u|a, mo, x)
and E[Y(ag)|ay, my, x, u] = E[Y(ao)|a1, mo, x, u]| when M is conditionally independent of the unmea-
sured covariates and the potential outcomes. However, as explained below, we do not expect Assump-
tion 5 to hold in practice due to unmeasured common causes of compliance and the outcome. More-
over, there will be many applications where Assumption 4 does not hold as well. The key question,
then, is whether the bias will be smaller from the front-door or back-door approaches.”

It is helpful to separately consider the two components of front-door bias represented by (1.8) and
(1.9). If we assume that the second component, (1.9), is zero for illustrative purposes, then the bias
comparison between these two approaches is a comparison between (1.8) and (1.10). In this scenario,
when the treated compliers and non-compliers are better matched on the unobserved covariates than
the treated and control units, then the front-door approach will produce less bias. In fact, because the
front-door imbalance in U due to compliance types is scaled by the proportion of compliers among
the treated (an estimable quantity), the front-door imbalance in U can be greater than the back-door
imbalance in U, and the front-door approach will still produce less bias. This means that in cases where
the (1.9) component is zero and the treatment has low compliance, we will often prefer the front-door
approach.

As we consider in the next section, (1.8) will sometimes be smaller than (1.10), so the key question

will often be the magnitude of (1.9). If Assumption 4 holds, then the front-door bias simplifies and

7 A subtle point that deserves clarification is that while the exclusion restriction and one-sided noncompliance
(in combination with randomization of A) would allow identification of certain more fine grained counterfac-
tual expectations (e.g., E[Y(ao)|a1, my]), these assumptions do not alter the standard back-door formula for ATT
(Equation 1.7).
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(1.9) becomes (1.12). The simplified bias term (1.12) might not be zero because an unmeasured vari-
able v ¢ U can be a common cause of both M and Y. This would imply that E[Y(a)|a1, mi, x, u] —
E[Y(ag)|a1, mo, x, u] # 0. Furthermore, non-zero (1.12) can occur with unmeasured variables v, w ¢ U
such that v is a common cause of M and U and w is a common cause of U and Y (similarly if v is a com-
mon cause of M and X and w is a common cause of X and Y.)

Despite this complication, it will be possible in some circumstances to glean information from these
equations that will be useful in a comparison of front-door and back-door results. For example, if we
are willing to assume that (1.8), (1.9), and (1.10) all have the same sign (or (1.11), (1.12), and (1.10)
with an exclusion restriction), then the large sample bias of both the front-door and back-door ap-
proaches will have the same sign, and we should have a preference between the two approaches in large
samples upon observing whether front-door or back-door estimate is larger. An example of this will be

provided in the next section.

SIMPLIFIED COMPARATIVE SENSITIVITY ANALYSIS

Equations (1.8) and (1.9) (or (1.11) and (1.12) under an exclusion restriction) form the basis for a sen-
sitivity analysis of the front-door approach. Moreover, this sensitivity analysis can be fruitfully com-
pared with a sensitivity analysis for the back-door approach based on (1.10). In order to illustrate this,
we use the simplifying assumptions used in VanderWeele and Arah (2011), although as discussed in
that article it is straightforward to relax these assumptions at the cost of complicating the analysis. This
simple comparative sensitivity analysis is sufficient to establish that the front-door approach might be
preferred to the back-door approach when these assumptions may hold approximately. We leave an

illustration of more complicated comparative analysis for future work.
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VanderWeele and Arah (2011) shows that when U is binary and when

y = E[Y|U=1,a9, M = 0,x] — E[Y|U = 0,a9,M = 0, x] (1.13)
and
0 = P(U = 1|a1,x) — P(U = 1|ay, x) (1.14)

do not depend on x, then the back-door ATT bias under one-sided noncompliance in (1.10) can be
written as y - . In this case, § can be interpreted as the imbalance on U across the treatment and control
groups, and y can be interpreted as a “controlled direct effect” (VanderWeele and Arah, 2011) of U on

Y while forcing the treatment variable to be in the control condition. Note, however, that this “effect”
need not be a causal effect with SUTVA holding for U as a treatment variable. If we additionally assume

that Assumption 4 holds, as well as the following three assumptions,

ASSUMPTION 6 (FRONT-DOOR IMBALANCE ON U DOES NOT DEPEND ON X)

e = P(U = 1]ay, m,x) — P(U = 1|ay, mg, x) = P(U = 1]a;, m) — P(U = 1]ay, my),

AssUMPTION 7 (FRONT-DOOR BIAS DUE TO CONFOUNDING OF THE M AND Y RELATIONSHIP DOES
NOT DEPEND ON x OR u®)

n = E[Y(ao)|ay, my, x, u] — E[Y(ao)|a1, mo, x, u] = E[Y(ag)|ar, m1] — E[Y(ao)|a1, mo),

ASSUMPTION 8 (THE COMPLIANCE RATE DOES NOT DEPEND ON X OR 1)

P(””l’al) = P(m1|a17x) = P(ml‘alaxv ll),

8The dependence on x is testable.
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then the front-door bias under one-sided noncompliance can be written as P(m;|a;)[y - € + 7] (see
Appendix A.1.5 for proof). The compliance rate P(m;|a;) can be estimated, and we can think of y- ¢+ #
as the bias for the estimation of the “effect of the mediator” (with y - € corresponding to the bias due to
U and 7 corresponding to the bias due to other confounding variables). Although, note again that we
do not require a formal definition of this “effect” Therefore, comparing the bias from the front-door
and back-door approaches, the key question is whether the bias for the “effect of the mediator,” scaled
by the compliance rate, is larger than the bias for the back-door approach. This will be illustrated in the

next section.

1.3 APPLICATION: NATIONAL JTPA StUuDY

In this section, we compare the performance of the front-door approach derived in the previous section
to the performance of the back-door approach in the context of the National JTPA Study, a job training
evaluation for which we have both experimental data and a nonexperimental comparison group.” We
measure program impact as the ATT on 18-month earnings in the period post-randomization or post-
eligibility. The National JTPA Study is amenable to the use of the front-door approach because of the
presence of nearly one-sided noncompliance, satisfying Assumption 3.'°

The National JTPA Study was commissioned by the Department of Labor to gauge the efficacy of
the Job Training Partnership Act (JTPA) of 1982. Implemented between November 1987 and Septem-
ber 1989, the National JTPA Study randomized participants at 16 study sites (technically called service
delivery areas, or SDAs) across the United States into a treatment and control group. Active treatment

consisted of being allowed to receive JTPA services following application for the program, while the

9See Appendix A.3 for a more thorough description of the data.

°There were a very small number of individuals that received the training program without being assigned to
it, however these do not affect the results.
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control group was barred from receiving program services for a period of 18 months following random
assignment (Bloom et al.,, 1993; Orr et al., 1994). The key feature of this study for our analysis is that
there was sizable noncompliance among the treated units. In our sample, roughly 57% of adult men
and 55% of adult women who were allowed to receive JTPA services actually utilized JTPA services (see
Table A.1).

The Study also collected a sample of eligible nonparticipants (ENPs) at 4 service delivery areas as a
nonexperimental comparison group. The sample was selected following a screening interview.'* To
match the ENP sample, we restrict the experimental sample to only the 4 sites. Furthermore, we focus
on two of five target groups defined in the initial study: (1) male adults and (2) female adults.'* Partic-
ipants were considered adults if they were at least 22 years old at random assignment. We conduct our
analysis separately for the two target groups.

We establish the experimental benchmarks for adult males and adult females by comparing the
mean earnings in the 18 months after random assignment of the experimental active treatment group
sample to the experimental control group sample. We utilize kernel-based regularized least squares
(KRLS) to present covariate-adjusted experimental estimates of program impact across a variety of
simple conditioning sets (Hainmueller and Hazlett, 2014). For the null conditioning set, the program
impact for adult males was, on average, an increase of $699.60 in the 18-month earnings. For adult
females, the impact was $702.17."3

Using rich historic data on labor market participation for both the experimental control group and
the nonexperimental control group, Heckman et al. (1998) were able to characterize selection bias and

thus apply their semiparametric sample selection estimator. As the authors explain, “detailed informa-

'See Appendix A.3 for additional information regarding the ENP sample. See Smith (1994) for details of ENP
screening process.

>The other 3 target groups were female youths, non-arrestee male youths, and male youth arrestees.

13See discussion of how we created our sample and the earnings data in Appendix A.3.
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tion on recent labor force status histories and recent earning are essential in constructing comparison
groups that have outcomes close to those of an experimental control group” (1020). However, what if
such rich data is not available or it is too costly? Are we then unable to create a comparison group that
resembles an experimental control group?

Our results from the front-door approach suggest that even with extremely limited covariates we
have recourse to the treated noncompliers in the creation of a comparison group. This was confirmed
in Heckman et al. (1997) which shows that no-shows in the National JTPA Study are similar to the ex-
perimental control group by calculating their respective conditional probabilities of being enrollees.
We expand on this result here. Figure 1.2 presents the comparative performance of the front-door and
back-door approaches across a variety of simple conditioning sets for adult males and adult females,
respectively. As for the experimental benchmarks, we do not assume linearity or additivity in the con-
ditional expectation function E[Y|a, m, x] and thus use kernel-based regularized least squares (KRLS)
to obtain three conditional expectations: E[Y|ag, M = 0, x|, E[Y|a;, M = 0, x|, and E[Y|a;, M = 1, x].™*
Due to significant rates of non-compliance, we are able to rather precisely estimate the conditional ex-
pectation function for non-compliers.

The result is striking in that for adult males, the front-door estimates exhibit uniformly less estima-
tion error than the back-door estimates across all the specifications we examine. The error using the
null conditioning set from the back-door estimate is -6745.98. This negative error in the back-door
estimate persists even when we condition on age, race, or site. The error in the back-door estimates
becomes positive whenever conditioning on the total monthly earnings in the month of random as-
signment / eligibility screening.”> The stable performance of the front-door estimates is noteworthy.

Without recourse to more detailed data on labor force participation and historic earnings, we find that

4We report results from KRLS here due to our reluctance to make strong parametric assumptions, but we
obtain similar results when using other methods, such as OLS.

15t = 0 1is the month of random assignment for the experimental samples and the month of eligibility screen-
ing for the nonexperimental control sample.
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Figure 1.2: Comparison of Back-door and Front-door Adjustment on JTPA Dataset by Target Group
using KRLS. The conditioning sets include permutations of the following variables: age; race dummies
for white, black, and other; site dummies; and total earnings in month of random assignment/eligibility
screening (RA/ES). The experimental estimates are denoted as dashed dark grey lines, with the shaded
grey regions representing the 95% confidence intervals. 95% bootstrapped percentile confidence inter-
vals for both adjustment methods and the experimental benchmark are based on 10,000 replicates.

front-door estimates are preferable to back-door adjustment. The front-door estimates for adult fe-
males are similarly stable across specifications, and we would also prefer the front-door estimates com-
pared to the back-door estimates in all but one specification if considering only the point estimates
(and even in that specification, the back-door estimate has less absolute error only by $8 relative to the
front-door estimate).

In sum, we find that for all but one covariate set for adult females, the front-door adjustment has
less error than typical back-door adjustment. Moreover, the improvement due to the front-door ad-
justment is often dramatic, and there is no covariate set where the front-door adjustment has large er-

ror. In fact the strong performance of the front-door adjustment relative to the back-door adjustment
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meant that we were unable to find a hybrid approach that improved on the front-door approach for
this application. Rephrasing our result, we find that using treated units that did not comply and receive
JTPA services as proxies for experimental control units yields better estimates than using the nonex-
perimental control group as the counterfactual for what would have happened to the treated units had
they not received treatment. To emphasize this point, we note that it was not actually necessary to col-
lect information on any control units (experimental or nonexperimental) in order to get front-door

estimates that are quite close to the experimental benchmark.

1.3.1 COMPARATIVE SENSITIVITY ANALYSIS FOR THE JTPA

In most applications, we will not have the experimental benchmark presented above. However, using
the simplified comparative sensitivity analysis discussed in Section 1.2.1, we show that we would likely
prefer the front-door estimates to the back-door estimates for adult males in this application, even if we
did not know the experimental benchmark.

It is helpful to consider how we would react to a simple sensitivity analysis on the back-door esti-
mates for adult males. Suppose we did not have the experimental benchmark or the front-door esti-
mates; we only had available the back-door estimates in Figure 1.2 (a). Suppose further that we only
consider the conditioning sets that include baseline earnings, as these are seen as more credible. If we
are willing to assume that a back-door approach would be approximately unbiased if we could mea-
sure earning potential as a binary variable U, and if we assume that effects do not depend greatly on
the values of the measured covariates, then we can use the simple sensitivity parameters from Vander-
Weele and Arah (2011). If we think of U = 1 individuals as having high earning potential and U = 0
individuals as having low earning potential, then the difference in expected post-program earnings
represented by y (Equation 1.13) is clearly positive across all conditioning sets. Additionally, due to
the well-established pre-program earnings dip - those that select into treatment have temporarily low

average earnings immediately preceding the start of training programs (Heckman and Smith, 1999) —

21



treated individuals within a given strata of baseline earnings have a greater probability of having high
earnings potential than control units with the same value of baseline earnings. Therefore, by including
baseline earnings earnings in the covariate set, it is likely that § > 0 and that the back-door bias y - § is
positive.

Now suppose we have the front-door estimates for these sets. We immediately notice that the front-
door estimates are all smaller than the back-door estimates. Given that we assume the back-door ap-
proach to have positive bias, we would prefer the front-door estimates if we believed they exhibited
positive bias as well. Furthermore, we would also prefer the front-door estimates if we believed they
exhibited negative bias whose absolute value was smaller than the magnitude of the back-door bias. To
rephrase this, we would only prefer back-door estimates if two conditions held: 1) front-door approach
had negative bias and 2) absolute value of front-door bias was greater than back-door bias. An exam-
ination of the front-door sensitivity parameters makes it seem unlikely that both of these conditions
would hold.

We can compare back-door bias to the simplified front-door bias formula seeing as Assumption 4 is
likely to hold approximately for this application (signing up without showing up should have little ef-
fect). Using notation defined in Section 1.2.1, we would only prefer back-door estimates to front-door
estimates if the following two conditions both held: 1) y - e + 1 < Oand2) |y - e + 5| > P(r)f;%l(?al)'
As mentioned above, we estimate P(m|a;) to be roughly 57% for men, so the bias for the “effect of the
mediator” on the outcome would have to not only be negative, but also have at least 175% = (1/.57)%
the magnitude of the bias for the effect of the treatment in order for the back-door approach to be pre-
ferred.

Let’s examine the sign of the front-door bias. We have already assumed that y > 0. Moreover, it is
quite likely that ¢ is positive as well considering that high earning potential individuals are bound to
be diligent and participate in the program upon signing up. That is, the probability that an individual

who signs up for and participates in the job training program has high earning potential is higher than
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for an individual who signs up but does not show up. What about #? It is very difficult to come up with
an unmeasured common cause of sign up and earnings that would lead to a negative enough # so as to
overwhelm the positive y - € term. As a result, it seems very likely that the front-door approach exhibits
positive bias and is thus preferable over the back-door approach.

As with all sensitivity analyses, this analysis is speculative. Yet, simple reasoning about the likely
signs of the bias from both the back-door and front-door approaches, combined with observing both
sets of estimates, should lead one to prefer the estimates from the front-door approach. At the very
least, front-door estimates should be presented along with back-door estimates when the conditions

discussed above are reasonable.

1.4 CONCLUSION

In this paper, we have provided formulas for the asymptotic bias of front-door adjustments for both
ATT and ATE (in the supplementary material). These formulas only utilize potential outcomes in
terms of the treatment, and they provide a means for sensitivity analysis with front-door adjustment.
We have further demonstrated that these bias formulas can be compared directly to the bias formulas
of VanderWeele and Arah (2011) for standard back-door covariate adjustments. This allows the consid-
eration of when the front-door approach will be preferred to the back-door approach.

In order to provide intuition, we have also presented these bias comparisons in the special case of
nonrandomized program evaluations with one-sided noncompliance. These comparisons demon-
strated that there are broad classes of applications for which the front-door or hybrid adjustments will
be preferred to the back-door adjustments. In particular, we illustrated the case of nonrandomized
program evaluations with one-sided noncompliance with an application to the National JTPA (Job
Training Partnership Act) Study. We show that the front-door adjustment performs remarkably better

than the back-door adjustment over a wide variety of sets of covariates. We also develop a comparative

23



sensitivity analysis that demonstrates the front-door approach likely should have been preferred to the
back-door approach even prior to seeing the experimental benchmark. The sensitivity analysis makes
clear that in certain applications it is sufficient to evaluate the direction of bias, and not the magnitude,
in order to prefer the front-door estimates to the back-door estimates.

The results in this paper have implications for research design and analysis. First, the JTPA exam-
ple demonstrates the importance of collecting post-treatment variables that represent compliance
with, or uptake of, the treatment. This is true even for the analysis of total effects. In this application,
the enrollment information was more useful than all other pre-treatment covariates we examined. If
such compliance information can be collected, we recommend that researchers use the formulas pre-
sented in this paper, combined with substantive knowledge of the application of interest, to reason
about the likely direction and magnitude of bias under both the front-door and back-door approaches.
While one approach may be preferable to the other, as in this application, it is possible that the two ap-
proaches taken together bracket or provide informative bounds on the causal effect of interest in other
applications. Even in applications where the exclusion restriction is not expected to hold, the simplified
sensitivity analysis in this paper can be augmented with well-substantiated assumptions regarding the
direction of the direct effect of treatment on the outcome. Generally, researchers should present front-
door estimates alongside back-door estimates, at the very least as a robustness check for results derived
using standard adjustment techniques. However, in the presence of strong prior beliefs that front-door
bias will be smaller than back-door bias, a researcher may choose to eschew the back-door approach, in
which case it may be unnecessary to collect any information on control units. This could be extremely
helpful in cases where it is costly to collect pretreatment covariates, or to follow up with the control
units to measure outcomes.

Finally, we note that this approach provides a method for analysis when it is unethical or otherwise
not feasible to withhold treatment from individuals in a study. One need not look past the JTPA exam-

ple to see that it can be politically impossible to mandate participation and extremely difficult to secure
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voluntary participation in an experiment. The Manpower Demonstration Research Corporation —

the group hired by the Department of Labor to implement the experiment — was able to secure only

a nonrandom sample of 16 JTPA training centers out of the 228 contacted about participation. More-
over, this effort required “more than a year of searching and ... the help of hundreds of thousands of
dollars in side payments” (Heckman and Smith, 1995, p. 104). A survey of these 228 training centers
revealed that 61.8% and 54.5% of training centers were concerned about the ethical and public relations
implications of random assignment and denial of services, respectively (Doolittle and Traeger, 1990).
Given that these concerns extend to randomization in other social programs and in other domains, the
ability to estimate causal effects using only treated units is a promising alternative. We are currently
working to further validate, and expand upon, the techniques proposed in this paper using additional

applications ranging across diverse domains.
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Front-door Difference-in-Differences

Estimators

2.1 INTRODUCTION

One of the main tenets of observational studies is that post-treatment variables should not be included
in an analysis because naively conditioning on these variables can block some of the effect of interest,
leading to post-treatment bias (King et al., 1994). While this is usually sound advice, it seems to con-

tradict recommendations from the process tracing literature that information about mechanisms can
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be used to assess the plausibility of an effect (Collier and Brady, 2004; George and Bennett, 2005; Brady
et al., 2006).

The front-door criterion (Pearl, 1995) and its extensions (Kuroki and Miyakawa, 1999; Tian and
Pearl, 2002a,b; Shpitser and Pearl, 2006) resolve this apparent contradiction, providing a means for
nonparametric identification of treatment effects using post-treatment variables. Importantly, the
front-door approach can identify causal effects even when there are unmeasured common causes
of the treatment and the outcome (i.e., the total effect is confounded). Figure 2.1a presents the di-
rected acyclic graph associated with the front-door criterion. The formal definition of this graph can
be found in Pearl (1995), but for our purposes, it will suffice to note the following: A represents the
treatment/action variable, M represents a set of mediating variables (possibly singleton), Y represents
the outcome, U and V represent unobserved variables, and arrows represent the possible existence of
an effect from one variable to another. Solid arrows are allowed for the front-door criterion to hold.
Note the existence of solid arrows from U to both A and Y. Hence, unmeasured common causes of the

treatment and outcome are allowed.

(a) Group of Interest (b) Group for Differencing
U v U, v
A M Y A—M Y

Figure 2.1: Front-door Directed Acyclic Graphs (DAGs). A represents the treatment/action variable,
M represents a set of mediating variables, Y represents the outcome, U and V represent unobserved
variables. Solid arrows are allowed for the front-door criterion to hold. Dashed arrows are not allowed
for the front-door criterion to hold.

However, the front-door adjustment has been used infrequently (VanderWeele, 2009) due to con-

cerns that the assumptions required for point identification will rarely hold (Cox and Wermuth, 1995;
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Imbens and Rubin, 1995). These assumptions are represented by the dashed arrows in Figure 2.1a.
Hence, while common causes of A and Y are allowed for the front-door criterion to hold, common
causes of M and Y (not mediated by A) are not allowed. Additionally, the front-door criterion will not
hold when A has a direct effect on Y.

A number of papers have proposed weaker and more plausible sets of assumptions (Joffe, 2001;
Kaufman et al., 2009; Glynn and Quinn, 2011) that tend to correspond to conceptions of process trac-
ing. However, these approaches rely on binary or bounded outcomes, and even in large samples these
methods only provide bounds on causal effects (i.e., partial instead of point identification). In this
paper, we develop bias formulas for the front-door approach and demonstrate that we can remove
or ameliorate this bias via a difference-in-differences approach when there is one-sided noncompli-
ance. We illustrate that under one-sided noncompliance, the front-door estimator implies substituting
treated noncompliers for controls.

In this paper, we take a difference-in-differences (DD) approach to removing the bias from the front-
door estimator. At the most basic level, a DD estimator tries to correct the bias coming from a standard
estimator by estimating this bias from a set of observations for which for which there should be no
effect. If an apparent effect is found for these observations, then this is taken to be bias. If one assumes
this bias to be equal to the bias from the standard estimator, then it can be subtracted from the standard
estimate.

The front-door difference-in-differences approach extends the front-door approach in a similar
manner. First, we identify the treated units of interest, which we will refer to as the group of interest.
The graph in Figure 2.1a corresponds to this group. Second, if we can identify a group of treated units
distinct from our group of interest for which we believe the treatment should have no effect through
the mediator, then a non-zero front-door estimate for this group can be attributed to bias. The graph in
Figure 2.1b corresponds to this group. Note the missing arrow from M to Y. We will refer to this group

as the differencing group. For example, in the context of the early voting application to follow, we con-
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sider the effects of an early in-person (EIP) voting program on turnout for elections in 2008 and 2012.
One differencing group we consider is potential voters that used an absentee ballot in the previous elec-
tion. EIP was unlikely to have much of an effect on these voters, as they had already demonstrated their
ability to vote by another means of early voting. Therefore, we consider non-zero front-door estimates
of the turnout effect for this group to be evidence of bias.

If we further assume that the bias for the differencing group is equal to the bias for our group of in-
terest, then by subtracting the front-door estimator for this group from the front-door estimator for the
group of interest, we can remove the bias from our front-door estimate for the group of interest. Note
that if all effects and bias are positive, then when the bias from the differencing group is larger than the
bias for the group of interest and/or the treatment has an effect for the differencing group, then this
differencing approach can provide a lower bound on the effect of the program. We demonstrate this
within the context of a job training study. However, we also demonstrate that the bias for each group is
related to the proportion of compliers in the group, and therefore, an equal bias assumption is unten-
able without an additional adjustment. This will be described in detail below.

One question that arises regarding this approach is why use a differencing group instead of the more
traditional differencing over time (for standard difference-in-difference estimators)? We note that over
time differencing is still possible in many applications. For example, we use an over time analysis as
a robustness check for the job training study. That said, for many applications, such as the early vot-
ing study, conditioning on past outcome values may be more appropriate than over time differencing.
Our focus on differencing groups in this paper is more akin to the third differencing in a traditional
difference-in-difference-in-differences (DDD) strategy (see pages 242-243 of Angrist and Pischke
(2009) for a description of this “higher order contrast” approach).

The paper is organized as follows. Section 2.2 presents the bias formulas for the front-door ap-
proach to estimating average treatment effects on the treated (ATT), both for the general case and the

simplification for nonrandomized program evaluations with one-sided noncompliance. Section 2.3
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presents the difference-in-differences approach for front-door estimators for the simplified case and
discusses the required assumptions. Section 2.4 presents an application of the front-door difference-in-
differences estimator to the National JTPA (Job Training Partnership Act) Study. Section 2.5 presents
an application of the front-door difference-in-differences estimator to election law: assessing the effects

of early in-person voting on turnout in Florida. Section 2.6 concludes.

2.2 BiAS FOR THE FRONT-DOOR APPROACH FOR ATT

In this section, we present large-sample bias formulas for the front-door approach for estimating the
average treatment effect on the treated (ATT). This is often the parameter of interest when assessing the
effects of a program or a law. For an outcome variable Y and a binary treatment/action A, we define the
potential outcome under active treatment as Y(a;) and the potential outcome under control as Y(ay).*
Our parameter of interest is the ATT, defined as 7oy = E[Y(a1)|a1] — E[Y(ao)|a1] = py),, — tgpa,- We
assume consistency, E[Y(ay)|a;] = E[Y]ay], so that the mean potential outcome under active treatment
for the treated units is equal to the observed outcome for the treated units such that 7, = E[Y]a;| —
E[Y(ag)|a1]. The ATT is therefore the difference between the mean outcome for the treated units and
mean counterfactual outcome for these units, had they not received the treatment.

We also assume that 44, is potentially identifiable by conditioning on a set of observed covariates
X and unobserved covariates U. To clarify, we assume that if the unobserved covariates were actually
observed, the ATT could be estimated by standard approaches (e.g., matching). For simplicity in pre-

sentation we assume that X and U are discrete, such that

How = D Y ElYlao, x,u] - P(ular, x) - P(x|ay),

'Note that we must assume that these potential outcomes are well defined for each individual, and therefore
we are making the stable unit treatment value assumption (SUTVA).
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but continuous variables can be handled analogously. However, even with only discrete variables we
have assumed that the conditional expectations in this equation are well-defined, such that for all levels
of X and U amongst the treated units, all units had a positive probability of receiving either treatment
or control (i.e., positivity holds).

The front-door adjustment for a set of measured post-treatment variables M can be written as the

following:

d
y{”m =" P(mlag,x) - E[Ylar, m,x] - P(x|ay).
X m
We can thus define the large-sample front-door estimator of ATT as:

S i
att = P1jay — Holay-

The large-sample bias in the front-door estimate of ATT, which is entirely attributable to the bias in the

front-door estimate of Ho|ay» 18 the following (see Appendix A.1.1 for a proof):

B’;’it = ZP(x|a1) Z ZP(m]ao,x, u) - E[Y]ag, m, x, u] - P(u|ay, x)

- ZP(x|a1) ZZP(m\ao,x) - E[Y|ay, m, x, u] - P(u|ay, m, x).

As the bias formula shows, it is possible for the front-door approach to provide a large-sample un-
biased estimator for the ATT even in the presence of an unmeasured confounder that would bias tra-
ditional covariate adjustment techniques such as matching and regression. Specifically, the front-door
bias will be zero when three conditions hold: (1) E[Y|a;, m, x,u| = E[Y|ag, m,x, u], (2) P(m|ag,x) =
P(mlag, x,u), and (3) P(u|a;, m,x) = P(ul|ay, x). The first will hold when Y is mean independent of

A conditional on U, M, and X, while the latter two will hold if U is independent of M conditional on
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X and ag or a;. This is an alternative derivation of the result from (Pearl, 1995), although we focus on
ATT instead of ATE and do not require the definition of potential outcomes beyond those required for
the definition of ATT.

For the difference-in-differences estimators we consider in this paper, we use the special case of non-
randomized program evaluations with one-sided noncompliance. Following the literature in econo-
metrics on program evaluation, we define the program impact as the ATT where the active treatment
(@) is assignment into a program (Heckman et al.,, 1999), and when M indicates whether the active
treatment (a;) was actually received. We use the short-hand notation m, to denote that active treatment
was received and my if it was not.

Assumption 3.A from Chapter 1 implies that only those assigned to treatment can receive treatment,
and the front-door large-sample estimator reduces to the following under this assumption:
T];dtt = Hjay — olTal

= E[Y|ay] — ZZP(m\ao,x) - E[Y|ay, m, x| - P(x|a)

= E[Y|a] = Y E[Y|ay, mo,x] -P(x|ar) (2.1)

x .
treated non-compliers

-~

= ZP(x|a1) - P(my|x, @) - § E[Y|a1, my, x| — E[Y]ay, mo, x| (2.2)
x “effect” of receiving treatment
The formulas in (2.1) and (2.2) are interesting because they do not rely upon outcomes of control
units in the construction of proxies for the potential outcomes under control for treated units (see Ap-
pendix A.1.2 for the derivation of (2.2)). This is a noteworthy point that has implications for research

design that we will revisit subsequently. The formula in (2.1) can be compared to the standard large-
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sample covariate adjustment for ATT:

td __ std
T;tt - lul‘al - Mo‘ﬂl

= E[Y|ai] — Y _ E[Y]ao, x] -P(x|a). (2.3)
¥ controls

Roughly speaking, standard covariate adjustment matches units that were assigned treatment to similar
units that were assigned control. On the other hand, front-door estimates match units that were as-
signed treatment to similar units that were assigned treatment but did not receive treatment. This sort
of comparison is not typical, so it is helpful to consider the informal logic of the procedure before pre-
senting the formal statements of bias. The fundamental question is whether the treated noncompliers
provide reasonable proxies for the missing counterfactuals: the outcomes that would have occurred if
the treated units had not been assigned treatment. Therefore, in order for the front-door approach to
be unbiased in large samples, we are effectively assuming that 1) assignment to treatment has no effect
if treatment is not received and 2) those that are assigned but don't receive treatment are comparable in
some sense to those that receive treatment. This will be made more precise below.

The front-door formula in (2.2), with the observable proportions P(x|a;) and P(m|a;, x) multiplying
the estimated effect of receiving the treatment, is helpful when considering the simplified front-door
ATT bias, which can be written in terms of the same observable proportions (see Appendices A.1.3 and

A.1.6 for proofs):

d
B’;tt = ZP(x\al)P(mllal,x) Z E[Y|ag, mo, x, u] - [P(u|ay, my, x) — P(u|ay, mg, x)]
X u

P(m1|a17x’ M)
E[Y S b b e
+{ [Y(ao)|a1, my, x, u] Plmijar, )

E[Yl|a1,mo ,x,u]
E[Y H¥(aolarmaq — L (Mola1, )
- [ (ao)‘alam()’x? 1/{] . P(ml‘al x)

} -P(u]al,mo,x)]

33



The unobservable portion of this bias formula (i.e., everything after the ) ), can be difficult to in-
terpret, but there are a number of assumptions that allow us to simplify the formula. For example, we
might assume that treatment does not have an effect on the outcome for noncompliers, as we did in the
exclusion restriction Chapter 1. When combined with the consistency assumption, Assumption 4 can
also be written as E[Y(ay)|a1, mo, x, u] = E[Y(ao)|a1, mo, x, u]. If this exclusion restriction holds, then

the bias simplifies to the following:

d
B{m = ZP(x|a1)P(m1|a1,x) Z E[Y|ag, mg, x, u] - [P(u|ay, my, x) — P(u|ay, mg, x)]
X

u

P(m1’a17x7 M) P(m1|a17x7 M)

+ {E[Y(ao)\al,ml,x, u] — E[Y(ag)|ay, mo, x, u] -

} ~P(u\a1,m0,x)]

P(myay, x) P(myay, x)
If instead we assume that compliance rates are constant across levels of u within levels of x,
ASSUMPTION 9 (CONSTANT COMPLIANCE RATES ACROSS VALUES OF i WITHIN LEVELS OF X)
P(my|ay, x, u) = P(my|ay, x) for all x and u,

then due to the binary measure of treatment received, we know that P(u|ay, my, x) = P(u|a;, mo, x) (see

Appendix A.1.7), and the bias simplifies to the following:

Bl = Y Pxlay) P(mifan, x) Y [{E[Y(ao)\al, i, x, ]

E[Y|a1,MQ,X,M] _
E[Y(ao)|a1,m0,x,u]

P(my|ay, x)

P(m()’ahx? 1/1)

— E[Y(aog)|ay, mo, x, u] -

} ~P(u|a1,mo,x)]

Assumption 9 can be strengthened and the bias simplified further in some cases of clustered treatment
assignment. Because the front-door estimator uses only treated units under Assumption 3.A, it is pos-

sible that all units within levels of x were assigned in clusters such that U is actually measured at the
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cluster level. We present an example of this in the application, where treatment (the availability of early
in-person voting) is assigned at the state level, and therefore all units within a state (e.g., Florida) have

the same value of u. Formally, the assumption can be stated as the following:

ASSUMPTION 10 (1 IS CONSTANT AMONG TREATED UNITS WITHIN LEVELS OF X)

For any two units with a; and covariate values (x, u) and (x', '), x =x' = u =’

When Assumption 10 holds, the u notation is redundant, and can be removed from the bias formula
which simplifies as the following:

att = Zx:P(xlm)P(mlabx){E[Y(ao)!ah my, x] — E[Y(ao)|as, mo, 2] P(m|ay, x) }

(2.4)

Finally, it can be instructive to consider the formula when both Assumption 4 and Assumption 10
hold. In this scenario, the remaining bias is due to an unmeasured common cause of the mediator and

the outcome.

Bl = > P(x|ay)P(m|ay, x){E[Y(ao)|ar, my, ] — E[¥(ao)|ay, mo, 5]}

X

In some applications, the bias B’Zt may be small enough for the front-door estimator to provide a vi-
able approach. For others, we may want to remove the bias. In the next section, we discuss a difference-

in-differences approach to removing the bias.

2.3 FRONT-DOOR DIFFERENCE-IN-DIFFERENCES ESTIMATORS

If we define the front-door estimator within levels of a covariate x as TZt,x’ then the front-door estima-

tor can be written as a weighted average of strata-specific front-door estimators where the weights are
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relative strata sizes for treated units:

d d
TZtt = ZP(X\al)lﬂn,x-
X

If we further define the group of interest as the stratum g and the differencing group as the stratum g,

then the front-door estimators within levels of x for these groups can be written as:

d
f;ttm = P(m|x, ar, g){E[Y|a1, m1, x, 8] — E[Y|ai, mo, x, 8]},

d
Uy vqr = P(mi|x, a1, g2) {E[Y|ay, my, x, 2] — E[Y]ar, mo, x, ga]}.

Using these components, the front-door difference-in-differences estimator can be written as

attzx’gl P(ml‘al) x’ gz) att7x7g2

P 5 Plafar, 1) [ — Plm|ayx,81) g (2.5)
= ZP(X\al,gl)P(Wlﬂ% a, &) [{E[Y|ar, my, x, 1] — E[Y]ar, mo, x, &1] }

- {E[Y|a1am1>xag2] _E[Y|alam0>xag2]}]' (2-6)

Hence, (2.5) shows that within levels of x, the front-door difference-in-differences estimator is the dif-
ference between the front-door estimator from the group of interest and a scaled front-door estimator
from the differencing group, where the scaling factor is the ratio of the compliance rates in the two
groups. Then, the overall front-door difference-in-differences estimator is a weighted average of the es-
timators within levels of x, where the weights are determined by the group of interest proportions of x
for treated units. Intuitively, the scaling factor is necessary because it places the front-door estimate for
the differencing group on the same compliance scale as the front-door estimate for the group of inter-

est. The necessity of this adjustment can be most easily seen in (2.6), where we see that the main goal
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is to remove the bias from the {E[Y]|a;, m1, x, &) — E[Y|a1, mo, x, g1]} component of group 1 with the

{E[Y|ay, m1, x, g1] — E[Y|ay, mg, x, g1]} component of group 2.
In order for the front-door difference-in-differences estimator to give us an unbiased estimate of the
ATT for the group of interest in large samples, we need the following two assumptions to hold. If we

further define bias within levels of x for a generic group g as

Bl P(my|ay, x,g) Z E[Y|ag, mo, x, u,g| - [P(u|ay, my, x,g) — P(u|ay, mg, x, g)]

att,x,g:
u
P(m|ay, x, u, g)
+ {E[Y(ao)|ar, my, x, u, g| —————— -
{BIY(ao)lan, i, 28— W=
_E[Y|ay,mo,x,u.g]
E[Y(ao)|a1,mo,x,u,g]

P(my|ay, x, g)

— P(mg|ay, x, u,g)

_E[Y(aO)‘alvaaxa uvg] ' }P(u|a17m07x’g) )

then the assumption we need for the differencing group is the following:

ASSUMPTION 11 (NO EFFECT FOR THE DIFFERENCING GROUP)

2 v = Bl

att,x,g» att,x,g»

for all x.

Note that Assumption 11 can often be weakened. If we believe there are effects for the differencing
group, but these have the same sign for the group of interest, then subtracting the scaled estimated
effect from the differencing group will remove too much from the estimated effect in the group of in-
terest. For example, if we believe that effects for the group of interest and the differencing group would
be positive, then the front-door difference-in-differences estimator would tend to be understated. If
we additionally believe that the bias in the front-door estimator is positive prior to the differencing,
then the front-door and front-door difference-in-differences estimator will bracket the truth in large
samples.

We also need to assume that the bias in the group of interest (g;) can be removed using the bias from

the differencing group (g2):
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ASSUMPTION 12 (BIAS FOR gj EQUAL TO SCALED BIAS FOR g, WITHIN LEVELS OF X)

de o P(m1|a1, x,81) de

att. ,X,81 - ml‘ah 7g2 att X802

for all x.

If Assumptions 3.A, 11, and 12 hold, then 1{zt has no large-sample bias for 7,4 (see Appendix A.2.1
for a proof). However, the interpretation of Assumption 12 will often be simplified when Assump-
tions 4, 9, or 10 hold. This will be discussed in the context of the applications, but one special case is
useful to consider for illustrative purposes. When Assumptions 3.A, 4, 9, 10, and 11 hold, then As-

sumption 12 is equivalent to the following:

{E[Y(ao)’ah m, X, gl} - E[Y(ao)‘al’ mo, X, gl]} = {E[Y(a0)|alv my, xng] - E[Y(a0)|a17 m, xng]}

Note that this equality is analogous to the parallel trends assumption for standard difference-in-differences

estimators.

2.4 ILLUSTRATIVE APPLICATION: NATIONAL JTPA StUDY

We now illustrate how front-door and front-door difference-in-differences estimates for the average
treatment effect on the treated (ATT) can bracket the experimental truth in the context of the National
JTPA Study, a job training evaluation with both experimental data and a nonexperimental comparison
group. This section builds upon Chapter 1, which demonstrates the superior performance of front-
door adjustment compared to standard covariate adjustments like regression and matching when es-
timating the ATT for nonrandomized program evaluations with one-sided noncompliance. Specifi-
cally for the National JTPA Study, matching adjustments using the nonexperimental comparison group
can come close to the experimental estimates only when one has “detailed retrospective questions on
labor force participation, job spells, earnings” (Heckman et al., 1998). However, in the absence of de-

tailed labor force histories, Chapter 1 show that it is possible to create a comparison group that more
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closely resembles an experimental control group using the front-door approach. Nonetheless, while the
front-door approach is preferable to standard covariate adjustments for the National JTPA Study, the
front-door estimates exhibit positive bias. We thus attempt to address this bias using the front-door-
difference-in-differences approach developed in this paper.

In order to implement the difference-in-differences approach, we focus on currently or once married
adult men as the group of interest (henceforth referred to as simply married men).> We measure pro-
gram impact as the ATT on 18-month earnings in the post-randomization or post-eligibility period.
For married males, the experimental benchmark is $703.27 .3 Since front-door adjustment requires
compliance information, we cannot use the typical over time difference-in-differences approach to
remove possible bias. However, the focus on married men enables us to use single adult men as the
differencing group in a front-door difference-in-difference approach. Ideally, we would select a differ-
encing group where Assumption 11 holds; that is, a group where the treatment would have no effect. In
many circumstances, though, it may not be possible to find a differencing group where treatment will
have no effect. We were unable to find such a group for the JTPA Study, and indeed it is likely that As-
sumption 11 is violated for our differencing group because the job training program should have effects
for single men. However, we anticipate the effects of the training program will be positive, yet smaller,
for single men than for married men due to evidence that marriage improves men’s productivity (e.g.,
see Korenman and Neumark (1991)). In this case, the front-door difference-in-differences approach
should provide a lower bound on the job training effect for married men.

The Department of Labor implemented the National JTPA Study between November 1987 and
September 1989 in order to gauge the efficacy of the Job Training Parternship Act (JTPA) of 1982. The

Study randomized JTPA applicants into treatment and control groups at 16 study sites (referred to as

?Age for adult men ranges from 22 to 54 at random assignment / eligibility screening. Once married men
comprises individuals who report that they are widowed, divorced, or separated.

3See discussion of how we created our sample and the earnings data in Appendix A.3.
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service delivery areas, or SDAs) across the United States. Participants randomized into the treatment
group were allowed to receive JTPA services, whereas those in the control group were prevented from
receiving program services for an 18-month period following random assignment (Bloom et al., 1993;
Orr et al.,, 1994). Crucially for our analysis, 61.4% of married men allowed to receive JTPA services
actually utilized at least one of those services. Moreover, the Study also collected a nonexperimental
comparison group of individuals who met JTPA eligibility criteria but chose not to apply to the pro-
gram in the first place.* Since this sample of eligible nonparticipants (ENPs) was limited to 4 service

delivery areas, we restrict our entire analysis to only these 4 sites.

2.4.1 RESULTS

The front-door and front-door difference-in-differences estimates for the effect of the JTPA program
on married males - our group of interest - are presented in Figure 2.2 across a range of covariate sets.
Additionally, we present the standard covariate adjusted estimates for comparison. We use OLS sepa-
rately within experimental treated and observational control groups (the ENPs) for the standard esti-
mates. For front-door estimates, we use OLS separately within the “experimental treated and received
treatment” and “experimental treated and didn't receive treatment” groups. Therefore, these estimates
assume linearity and additivity within these comparison groups when conditioning on covariates, al-
beit we note that we obtain similar results when using more flexible methods that relax these paramet-
ric assumptions. The experimental benchmark (dashed line), is the only estimate that uses the experi-
mental control units.

First, the front-door estimates exhibit uniformly less estimation error than estimates from standard
covariate adjustment across all conditioning sets in Figure 2.2. The error in the standard estimates for

the null conditioning set and conditioning sets that are combinations of age, race, and site are nega-

4See Appendix A.3 for additional information regarding the ENP sample. See Smith (1994) for details of ENP
screening process.
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tive. The error becomes becomes positive when we include baseline earnings in the conditioning set.
In sharp contrast, the stability of front-door estimates is remarkable. We thus find that front-door esti-
mates are preferable to standard covariate adjustment when more detailed information on labor force

participation and historic earnings is not available.
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Figure 2.2: Comparison of standard covariate adjusted estimates, front-door, and front-door

difference-in-differences estimates for the JTPA effect for married adult males. The dashed line is the
experimental benchmark. 95% bootstrapped confidence intervals are based on 10,000 replicates.
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In spite of the superior performance of front-door estimates compared to standard covariate adjust-
ment, the front-door estimates are slightly above the experimental benchmark across all covariate sets.
Even without seeing the experimental benchmark, these estimates are likely affected by positive bias
because those that fail to show up to the job training program are likely to be less diligent individuals
than those that show up. Given the anticipated positive bias in the front-door estimates, we use the
front-door difference-in-differences estimator to either recover an unbiased point estimate or obtain a
lower bound, depending on our assumptions as to the effect of the program in the differencing group.
If we believe that the JTPA program had no effect for single males (i.e., Assumption 11 holds), and we
also believe that Assumptions 3.A and 12 hold, then the difference-in-differences estimator will return
an unbiased estimate of the effect for the group of interest in large samples. If, on the other hand, we
believe there might be a non-negative effect for single males, then we would obtain a lower bound for
the effect for the group of interest. In this application, it is more likely that there was positive effect of
the JTPA program for single males, albeit one smaller than for married males. Hence, the front-door
difference-in-differences estimator will likely give us a lower bound for the effect of the JTPA program
for married males. In fact, in many applications we may be unable to find a differencing group with no
effect, yet still be able to use front-door and front-door difference-in-differences approaches to bound
the causal effect of interest given our beliefs about the sign and relative scale of effects in the group of
interest and the differencing group.

When examining the empty conditioning set, the front-door estimate that we obtain for single males
is $946.09. In order to construct the front-door difference-in-differences estimator, we have to scale
this estimate by the ratio of compliance for married males to compliance for single males, which is
equal to 0.614/0.524 = 1.172. Subtracting the scaled front-door estimate for single males from the
front-door estimate for married males as shown in (2.5), we obtain an estimate of $315.41. This is
slightly below the experimental benchmark and thus indeed functions as lower bound. In sharp con-

trast to the front-door and front-door difference-in-differences estimates that rather tightly bound the
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truth, the bias in the standard estimate is -$6661.90. It is noteworthy that the front-door estimate acts
as an upper bound and the front-door difference-in-differences estimate acts as a lower bound across

all conditioning sets presented in Figure 2.2.

2.5 ILLUSTRATIVE APPLICATION: EARLY VOTING

In this section, we present front-door difference-in-differences estimates for the average treatment ef-
fect on the treated (ATT) of an early in-person voting program in Florida. We want to evaluate the
impact that the presence of early voting had upon turnout for some groups in the 2008 and 2012 presi-
dential elections in Florida. In traditional regression or matching approaches (either cross sectional or
difference-in-differences), data from Florida would be compared to data from states that did not im-
plement early in-person voting. These approaches are potentially problematic because there may be
unmeasured differences between the states, and these differences may change across elections. One ob-
servable manifestation of this is that the candidates on the ballot will be different for different states in
the same election year and for different election years in the same state. The front-door and front-door
difference-in-differences approaches allows us to solve this problem by confining analysis to compar-
isons made amongst modes of voting within a single presidential election in Florida.

Additionally, by restricting our analysis to Florida, we are able to use individual-level data from the
Florida Voter Registration Statewide database, maintained since January 2006 by the Florida Depart-
ment of State’s Division of Elections. This allows us to avoid the use of self-reported turnout, provides
a very large sample size, and makes it possible to implement all of the estimators discussed in earlier
sections because we observe the mode of voting for each individual. The data contains two types of
records by county: registration records of voters contained within voter extract files and voter history
records contained in voter history files. The former contains demographic information - including, cru-

cially for this paper, race — while the latter details the voting mode used by voters in a given election.
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The two records can be merged using a unique voter ID available in both file types. However, voter
extract files are snapshots of voter registration records, meaning that a given voter extract file will not
contain all individuals appearing in corresponding voter history file because individuals move in and
out of the voter registration database. We therefore use voter registration files from four time periods to
match our elections of interest: 2006, 2008, and 2010 book closing records, and the 2012 post-election
registration record. Our total population, based on the total unique voter IDs that appear in any of the
voter registration files, is 16.4 million individuals. Appendix A.4 provides additional information re-
garding the pre-processing of the Florida data.

Information on mode of voting in the voter history files allows us to define compliance with the pro-
gram for the front-door estimator (i.e., those that utilize EIP voting in the election for which we are
calculating the effect are defined as compliers). Additionally, we use information on previous mode of
voting to partition the population into a group of interest and differencing groups. In order to maxi-
mize data reliability, we define our group of interest as individuals that used EIP in a previous election
(e.g., 2008 EIP voters are the group of interest when analyzing the turnout effect for the 2012 election).
In other words, we are assessing what would have happened to these 2008 EIP voters in 2012 if the EIP
program had not been available in 2012. To calculate the EIP effect on turnout for the 2012 election,
we separately consider 2008 and 2010 EIP voters as our groups of interest. For the 2008 EIP effect on
turnout, we rely upon 2006 EIP voters as our group of interest. An attempt to define the group of in-
terest more broadly (e.g., including non-voters) or in terms of earlier elections (e.g., the 2004 election)
would involve the use of less reliable data, and would therefore introduce methodological complica-

tions that are not pertinent to the illustration presented here.> Therefore, the estimates presented in this

SFollowing Gronke and Stewart (2013), we restrict our analysis to data starting in 2006 due to its greater
reliability than data from 2004. We also might like to extend the group of interest to those that did not vote in
a previous election, but we avoid assessing either 2008 or 2012 EIP effects for these voters because it is difficult
to calculate the eligible electorate and consequently the population of non-voters. In their analysis of the preva-
lence of early voting, Gronke and Stewart (2013) use all voters registered for at least one general election between
2006 and 2012, inclusive, as the total eligible voter pool. However, using registration records as a proxy for the
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application are confined only to those individuals that utilized EIP in a previous election and hence we
cannot comment on the overall turnout effect.

We consider two differencing groups for each analysis: those who voted absentee and those that
voted on election day in a previous election. When considering the 2012 EIP effect for 2008 EIP voters,
for example, we use 2008 absentee and election day voters as our differencing groups. It is likely that
the 2012 EIP program had little or no effect for 2008 absentee voters and perhaps only a minimal ef-
fect for 2008 election day voters, as these groups had already demonstrated an ability to vote by other
means. Therefore, any apparent effects estimated for these groups will be primarily due to bias, and this
bias can then be removed from the estimates for the group of interest. As discussed in earlier sections,
the estimates from the differencing groups must be scaled according to the level of compliance for the
group of interest. Finally, the existence of two differencing groups allows us to conduct a placebo test
by using election day voters as the group of interest and the absentee voters as the differencing group in
each case. This analysis is explored below.

Despite the limited scope of the estimates presented here, these results have some bearing on the re-
cent debates regarding the effects of early voting on turnout. There have been a number of papers using
cross state comparisons that find null results for the effects of early voting on turnout (Gronke et al.,
2007, 2008; Fitzgerald, 2005; Primo et al., 2007; Wolfinger et al., 2005), and Burden et al. (2014) finds a
surprising negative effect of early voting on turnout in 2008.° However, identification of turnout effects
from observational data using traditional statistical approaches such as regression or matching rely on
the absence of unobserved confounders that affect both election laws and turnout (Hanmer, 2009). If
these unobserved confounders vary across elections, then traditional difference-in-differences estima-

tors will also be biased. See Keele and Minozzi (2013) for a discussion within the context of election

eligible electorate may be problematic (McDonald and Popkin, 2001). By focusing on the 2008 voting behavior
of individuals who voted early in 2006, we avoid the need to define the eligible electorate and the population of
non-voters.

®Burden et al. (2014) examine a broader definition of early voting that includes no excuse absentee voting.
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laws and turnout. Additionally, a reduction in Florida’s early voting program between 2008 and 2012
provided evidence that early voting may encourage voter turnout (Herron and Smith, 2014).

The front-door estimators presented here provide an alternative approach to estimating turnout
effects with useful properties. First, front-door adjustment can identify the effect of EIP on turnout in
spite of the endogeneity of election laws that can lead to bias when using standard approaches. Second,
unlike traditional regression, matching, or difference-in-differences based estimates, the front-door
estimators considered here only require data from Florida within a given year. This means that we can
effectively include a Florida/year fixed effect in the analysis, and we do not have to worry about cross-
state or cross-time differences skewing turnout numbers across elections. We also include county fixed
effects in the analysis in order to control for within-Florida differences.

However, in addition to the limited scope of our analysis, it is important to note that the exclusion
restriction is likely violated for this application. Since early in-person voting decreases waiting times
on election dayj it is possible that it actually increases turnout among those that only consider voting
on election day. This would mean that front-door estimates would understate the effect if all other as-
sumptions held because the front-door estimator would be ignoring a positive component of the ef-
fect. Alternatively, Burden et al. (2014) suggest that campaign mobilization for election day may be
inhibited, such that early voting hurts election day turnout. This would mean that front-door estimates
would overstate the effect because the front-door estimator would be ignoring a negative component
of the effect. This can also be seen by examining the bias formula (2.4) (because the EIP treatment is
assigned at the state level, Assumptions 3.A and 10 will hold).

Taken together, the overall effect of these exclusion restrictions is unclear and would depend on the
strength of the two violations. The predictions also become less clear once we consider the front-door
difference-in-differences approach, where additional bias in front-door estimates might cancel with
bias in the estimates for the differencing group. For the remainder of this analysis, we will assume that

all such violations of the exclusion restriction cancel out in the front-door difference-in-differences
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estimator. This is implicit in Assumption 12.

2.5.1 RESULTS

In order to construct the front-door estimate of the 2008 EIP effect for our group of interest, we cal-
culate the turnout rate in 2008 for all individuals who voted early in 2006. We also calculate the non-
complier turnout rate in 2008 by excluding all individuals who voted early in 2008 from the previous
calculation. The front-door estimate of the 2008 EIP effect for 2006 early voters is thus the difference
between the former and latter turnout rates. Quite intuitively, the counterfactual turnout rate without
EIP for the group of interest is the observed turnout rate of non-compliers in that group. We do not de-
vote much attention to the front-door estimates seeing as they are implausibly large.” The positive bias
stems from the fact that 2006 EIP voters would be more likely to vote in 2008, even in the absence of
EIP, than the 2006 non-EIP group (this group includes individuals that did not vote in 2006). In terms
of the bias formula in (2.4), this is equivalent to saying that E[Y(ao)|a1, m1, x] > E[Y(ao)|a1, mo, x].

In order to address this bias, we present front-door difference-in-differences estimates for the 2008
EIP program in Figure 2.3. The estimates all utilize county fixed effects and are calculated separately
across the racial categories.® The front-door difference-in-differences estimates for the group of inter-
est (2006 EIP voters) are in green, with 2008 absentee voters (triangles) and 2008 election day voters
(squares) as the differencing groups. The former, for example, is constructed as the difference between
front-door estimates for 2006 early voters and the front-door estimates for 2006 absentee voters, with

the front-door estimates for the differencing group scaled by the ratio of early voter compliance to ab-

7Front-door estimates are available in Appendix A.5.

8We calculate the FD-DID estimates within each county and then average using the population of the group
of interest as the county weight. Due to very small sample sizes in a few counties, we are occasionally unable to
calculate front-door estimates. In these cases, we omit the counties from the weighted average when calculating
the front-door estimates with fixed effects. We note that due to their small size, these counties are unlikely to
exert any significant impact upon the estimates regardless.
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sentee voter compliance as shown in (2.5). The purple estimates in Figure 2.3 represent the placebo
test, with 2006 election day voters standing in as the group of interest and the absentee voters as the
differencing group. In general, we note that if there exists more than one plausible differencing group,
then one should conduct the analysis using each differencing group separately, as well as a placebo test

to verify the plausibility of Assumption 11.
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Figure 2.3: Front-door difference-in-differences estimates for the turnout effect in 2008 for voters who
voted early in 2006 (by race). All estimates include county fixed effects. 99% block bootstrapped confi-
dence intervals are based on 10,000 replicates.
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The EIP program estimates are positive and significant at the 99% level. All placebo tests, with the
exception of the white estimate, are indistinguishable from zero, giving us confidence in the estimated
EIP effects. Even if the slightly negative placebo estimate for whites indicates a true negative effect of
the 2008 EIP program, and not bias, the weighted average of the green and the purple effects (i.e., the
2008 EIP effect for the 2006 EIP and election day voters together), again produces a slightly positive
estimate. Therefore, we generally find evidence that early voting increased turnout for the subset of
individuals who voted early in 2006. Moreover, comparing the point estimates across races, we find
some evidence that the program had a disproportionate benefit for African-Americans.

Our methodology uses voting behavior in 2006 only to define groups and does not compare turnout
of voters across elections. Thus any differences between presidential election and midterm election vot-
ers (see e.g. Gronke and Toffey (2008)) does not pose a prima facie problem for the analysis. Moreover,
using early voters in a midterm election as the group of interest for calculating the EIP effect in a pres-
idential election does not require additional assumptions beyond what one would need if using early
voters in a presidential election. Nonetheless, a potential downside of the preceeding results is that
the estimated 2008 EIP is limited to those individuals who voted early in the 2006 midterm election,
whereas we might want to extend the group of interest to early voters in a presidential election. Unfor-
tunately, we cannot present the estimates with the group of interest and the differencing groups defined
in terms of 2004 behavior because the data from 2004 are not reliable (as mentioned above). As a ro-
bustness check, we also estimate the effect of the early voting program in the 2012 election, for which
we can define the group of interest and the differencing groups using 2008 voting behavior. However,
as discussed above, Florida’s early voting program was reduced between 2008 and 2012, so we should
not expect the results to be equivalent.

The results of this analysis are presented in Figure 2.4. For the 2008 EIP voters, the 2012 EIP front-
door difference-in-differences estimates (green) are positive and significant at the 99% level (based on

10,000 block bootstraps at the county level). There is some evidence of differences between the racial
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categories, but these differences change depending on which differencing group is used. The purple es-
timates are for the most part indistinguishable from zero, indicating that the placebo tests have mostly
been passed. The slightly negative purple estimate for whites again indicates either bias, or perhaps a
negative effect of the 2012 EIP program for white 2008 election day voters. Note that even if we believe
this estimate, the weighted average of the green and the purple effects for whites (i.e., the 2012 EIP ef-
fect for the 2008 EIP and election day voters together) produces a slightly positive estimate, albeit this
estimate is indistinguishable from zero. In sum, the evidence points to a slightly positive turnout effect
of the 2012 EIP program on the 2008 EIP users.

It is also notable that the size of the estimated EIP effect for 2012 is less than half the estimated EIP
effect for 2008 when looking at EIP voters as the group of interest across all races. There are two poten-
tial reasons for this. First, our estimates for the 2008 EIP program are obtained using groups defined by
2006 midterm election behavior and as already mentioned, midterm election early voters are likely dif-
ferent than presidential election early voters. Second, the nature of the early voting program changed
between the 2008 and 2012 elections, notably removing the option of voting early on the Sunday prior
to the election and all-together near-halving of the early voting period from 14 days to 8 days (Gronke
and Stewart, 2013; Herron and Smith, 2014). This change might possibly reduce the effect of the EIP
program in 2012 when compared to 2008 - a finding consistent with the conclusion made by Herron
and Smith (2014) that individuals who voted in 2008 on the Sunday prior to the election were dispro-
portionately less likely to vote in 2012.

In order to isolate the consequences of the change in the early voting program from changes in the
construction of the group of interest and differencing groups, we re-estimate the effects of the 2012 EIP
program using 2010 EIP voters as the group of interest (green), and using 2010 absentee (triangles) and
election day voters (squares) as the differencing groups. Placebo tests are reported using 2010 election
day voters as the group of interest and 2010 absentee voters as the differencing group (purple). These

results are presented in Figure 2.5, and they are quite similar to the results in Figure 2.3. This provides
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Figure 2.4: Front-door difference-in-differences estimates for the turnout effect in 2012 for voters who
voted early in 2008 (by race). All estimates include county fixed effects. 99% block bootstrapped confi-
dence intervals are based on 10,000 replicates.

some evidence that if we were able to obtain reliable data from the 2004 election, our estimates for
the 2008 EIP program would likely have produced something similar to Figure 2.4 when using 2004
EIP voters as the group of interest, and 2004 absentee (triangles) and election day voters (squares) as

the differencing groups. However, the estimates in Figure 2.3 are slightly larger than estimates in Fig-
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ure 2.5. This is consistent with the reduction in the early voting window for the 2012 election.
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Figure 2.5: Front-door difference-in-differences estimates for the turnout effect in 2012 for voters who
voted early in 2010 (by race). All estimates include county fixed effects. 99% block bootstrapped confi-
dence intervals are based on 10,000 replicates.
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2.6 CONCLUSION

In this paper, we have developed front-door difference-in-differences estimators for nonrandomized
program evaluations with one-sided noncompliance and an exclusion restriction. These estimators al-
low for asymptotically unbiased estimation via front-door techniques, even when front-door estimators
have significant bias. Furthermore, this allows for program evaluation when all of the relevant units
have been assigned to treatment.

We illustrated this technique with an application to the National JTPA (Job Training Partnership
Act) Study and with an application to the effects of Florida’s early in-person voting program on turnout.
For the job training application, we showed that front-door and front-door difference-in-differences
could be used to bracket the experimental benchmark. For the application to the effects of an early in-
person (EIP) voting program on turnout in Florida in 2008 and 2012, we found that for two separate
differencing groups, the program had small but significant positive effects. While the scope of the anal-
ysis is limited, this result provides some evidence to counter previous results in the literature that early
voting programs had either no effect or negative effects.

Finally, the results in this paper have implications for research design and analysis. First, the ex-
amples demonstrate the importance of collecting post-treatment variables that represent compliance
with, or uptake of, the treatment. Such information allows front-door and front-door difference-in-
differences analyses to be carried out as a robustness check on standard approaches. Second, the brack-
eting of the experimental benchmark in the JTPA application show that control units are not always
necessary for credible causal inference. This is a remarkable finding that should make a number of pre-
viously infeasible studies possible (e.g., when it is unethical or impossible to withhold treatment from

individuals).
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Causal Inference without Control Units

3.1 INTRODUCTION

The necessity of control units is taken as a fundamental tenet of research design for causal inference
regarding treatment effects. However, outside of the research community, causal inference is routinely
attempted without control units. In some cases, the lack of control units merely reflects a lack of plan-
ning (or understanding of research principles); for others, there are defensible reasons. Sometimes
ethical concerns rule out withholding treatment from anyone. Other times, logistical hurdles prevent

withholding treatment. Still other times, withholding treatment is ruled out due to concerns about dis-
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rupting business practices, or the costs assumed to be associated with foregoing treatments that are
“known” to work.

All of these impediments to the use of control units can also occur when attempting to replicate a
small study that used control units (and perhaps randomized treatment assignment). For example, it is
quite common for studies to be halted once treatment has been shown to be beneficial for some units.
For multi-site studies, it is possible for some sites to allow experimental control, while others do not
(e.g., the Job Training Partnership Study which is discussed in detail below). Once a treatment has been
demonstrated to have an effect in a small study or a single site, it can be difficult/imprudent to conduct
follow up controlled studies to replicate the finding. Yet there may be concerns about the continuing
efficacy of treatments, or about heterogeneity across sites.

Furthermore, causal inferences are routinely attempted by the non-research community, even in
the absence of control. In some cross-sectional cases, these inferences are made via process tracing.
For example, if a program is started to assist individuals in the completion of a task, then it is common
(although misguided) to take the number of individuals partaking in the program as direct evidence
of the effect of the program on completion of the task. This approach is particularly routine when the
person doing the analysis has an incentive to justify the money spent on the program. In longitudinal
cases where all units receive treatment at the same time, causal inferences are made through the use of
before/after studies or some close variant (e.g., interrupted time series studies).

In this paper, we show that for either the cross-sectional or longitudinal case, compliance informa-
tion can be leveraged via front-door techniques to improve causal inferences. In order to establish the
efficacy of the approach, we attempt to estimate or bound experimental benchmarks from a number
of experimental studies, using only the treated units from these studies. In Section 3.2, we consider
the use of the front-door approach with one-sided noncompliance. We separately consider this ap-
proach for cross sectional studies on voter turnout and health insurance, and a longitudinal study of a

job training program. In Section 3.3, we discuss the use of the front-door difference-in-difference ap-
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proach in three scenarios. The first involved the use of a prototypical differencing group and serves as
a proof of concept. The second is a scenario where previous studies have established the differencing
group. The third is a scenario where randomized control has been allowed at one study site, but not at
others. The differencing group is chosen here by studying the heterogeneity of effects in the first site.
We conclude the paper by discussing the possibilities and drawbacks of causal inference without con-

trol units in future studies.

3.2 FRONT-DOOR

In this section, we consider the use of the front-door technique to establish the primary parameter of
interest in program evaluations: the average treatment effect on the treated. In intuitive terms, this
parameter expresses the difference between the average observed outcome and the average outcome
for the same individuals if the program had not been implemented. In formal terms, we define active
treatment (being assigned or self-selected into the program) as a;, while we define control as a;. We
define the observed outcome as Y and the potential outcome under control as Y(ay) (the outcome that
would have been observed if the program had not been implemented). The average treatment effect on

the treated can be defined as the following:

Tarr = E[Y — Y(ay)] (3.1)

Throughout this paper, we additionally assume that if not assigned to the program one cannot re-
ceive the program. For example, if you don't receive such a call, it is not possible to not comply and
answer the call. In formal terms, we define compliance with treatment as m; and noncompliance as 1.
Hence we assume one-sided noncompliance as in Assumption 3.A in Chapter 1.

Assumption 3.A states that it is not possible to receive the active treatment if one is assigned to con-
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trol. Under this assumption, Chapter 1 shows that the front-door estimator can be written as the fol-
lowing (where x indicates control variables and these are assumed to be discrete for simplicity in pre-

sentation):

‘[ftt = E[Y|a1] — Z E[Y|ay, mo,x] -P(x|a;) (3.2)

treated non-compliers

= ZP x|a) - P(my|x, a1) - § E[Y|ay, my, x| — E[Y]ay, mg, x| (3.3)

“effect” of receiving treatment

The first thing to note about this estimator is that it does not involve the use of control units (i.e., ap
does not appear). The second thing to note, is that we are being a bit informal with this notation. Some
versions of this estimator don’t allow two compliers to have the same value of x (e.g., nearest neigh-
bor matching without replacement). Finally, both (3.2) and (3.3) allow for useful interpretations of the
front-door approach vis-a-vis other approaches that do not use control units, in both cross sectional

and longitudinal settings.

3.2.1 CROSS-SECTIONAL

In the cross-sectional setting, the simplest possible “no controls” estimator is E[Y|a], that is, the aver-
age outcome among the treated. For example, one might estimate the effect of a phone GOTV program
as the proportion that voted among those that received a call. Of course, this estimator is fundamen-
tally flawed because it does not consider the counterfactual of what might have happened to these indi-
viduals in the control condition. For example, would the phone call recipients have voted even if they
did not receive the call? The front-door estimator (3.2) improves on this naive estimator by using non-

compliers as proxies for the counterfactuals (and weighting according to covariates).
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Note that the front-door analysis is premised on the idea that the treatment could only have an
effect through compliance. This is known as an exclusion restriction and is stated formally as As-
sumption 4 in Chapter 1. However, once we make this assumption, there is an alternative to the sim-
ple “no controls” estimator: average the outcomes for the compliers and zeros for the noncompliers
(>, P(x|ay) - P(m|x, @) - E[Y]ay, my, x]). This is a process tracing approach. For example, instead of es-
timating the effect of a phone GOTV program as the proportion that voted among those that received a
call, one might estimate it as the proportion that both answered the phone and voted among those that
received a call. The front-door (3.3) clearly improves on this by examining the proportion that received
a call, didn’t answer, but voted anyway, and using this group to estimate what the voting rate would
have been among those that did answer the phone, if instead they had not been called.

Of course, even when Assumptions 3.A and 4 hold, the front-door estimator can still be biased. In-
formally, this can be seen in (3.3), where one-sided noncompliance and the exclusion restriction are
sufficient to transfer the problem of estimating the treatment effect into the problem of estimating the
compliance effect. Hence remaining bias will be due to bias in the estimation of this effect (see Chap-
ter 1 for a formal presentation).

However, even though the front-door approach is likely to be biased for many applications, for many
of those applications we have expectations about the sign of that bias. For example, those that answer
the GOTV phone call are at home and likely to be older. Older people vote more regularly and hence
are more likely to vote in the absence of the phone call. This means that the front door estimator (as
conceptualized in (3.3)) is likely to have positive bias. Because we have already established that the
estimator will produce smaller estimates then the naive approaches for this application, the front door
approach produces a tighter upper bound.

To demonstrate the potential efficacy of the front-door approach in this scenario, we replicated the
experimental estimates from 19 GOTV phone studies (from 8 papers). Details of the studies, as well

as our criteria for inclusion of these studies, is available in Appendix A.6. See the black horizontal line
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segments in Figure 3.1. We also present front-door estimates that only use the treated units from these
studies. These are represented by the orange triangles on the same plot. Note that the front-door es-
timates are, as expected, larger than the experimental estimates. Therefore, even if these experiments

had not been run, we could have estimated upper bounds on the effect sizes, which may be useful when

doing a cost-benefit analysis.
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Figure 3.1: Front-door Estimates of Get-Out-The-Vote Phone Call Treatment.

The GOTV phone example demonstrated that the front-door approach with noncompliers can es-
tablish useful upper bounds. However, it is also possible that the front-door approach will establish

useful lower bounds. The Oregon Health Insurance Experiment provides a good example of this.
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The Oregon Health Insurance Experiment (OHIE) randomized low-income, uninsured individu-
als into a lottery for Medicaid in Oregon in 2008. If treated, the individual could apply for the Oregon
Health Plan. We replicate Tables 5-6 and 8-10 of Finkelstein et al. (2012), encompassing the effect of
Medicaid access upon 5 different outcome categories, as measured by survey responses. This represents
the entirety of tables replicable from the public use file. Outcome data is based on a mail survey con-
ducted roughly 12 months after randomization. The sample we use are those that answered the mail
survey (analysis is robust to including survey weights, but we leave them out for simplicity). We also
control for eight covariates available from the form used to register for lottery. Details of the study and
the covariates are available in Appendix A.7.

The replicated experimental effects are presented as the black horizontal line segments in Figure 3.2.
These experiments also collected information on compliance with the program: whether or not an in-
dividual, once accepted, actually sent in a completed application within 45 days. The compliance rate
in our sample is 71%. In constructing the front-door estimates note that because less healthy individ-
uals are more likely to comply with the treatment, we expect the front-door estimates to have negative
bias. The front-door results, reported as orange triangles on Figure 3.2, demonstrate this downward
bias. However, we note that even by only using the treated units from these experiments, we were able
to establish lower bounds on the size of effects for the program. In some cases these lower bounds are

significantly larger than than zero.

3.2.2 LONGITUDINAL

The previous subsection presented analysis and applications that did not use longitudinal data, how-
ever, there are many applications where longitudinal data is used to make causal inferences without
control units. For example, in assessing a job training program where all individuals have been invited
to join at the same time, we might estimate the effect of the program with average gain scores (i.e. the

average of the difference between after program earnings and before program earnings). If more than
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Figure 3.2: Front-door Estimates for Oregon Health Insurance Experiment (OHIE). Treatment is effect

of access

to Medicaid.

two time periods are available, we might average the results from an interrupted time-series analysis

for each individual. Both average gain score and average interrupted time-series analysis can fit neatly

into the notation above if we define Y to be either the gain score for an individual or the result from an

interrupted time-series analysis for an individual. If compliance information is available (e.g., whether

an individual actually enrolled in the job training program after signing up), then we might also scale

these simple “no control” estimators with compliance as above. Specifically, we could take average the

gain scores for those that comply and zeros for those that do not comply.
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For front-door analysis in the longitudinal setting, there are three options. First, one could sim-
ply ignore the longitudinal nature of the data and base the analysis on the compliance comparison as
shown above. This is not recommended generally, but it is important to note that this is possible, while
there is no analogous possibility without the compliance information. Second, one could run the front-
door analysis with Y defined to be the gain score or the result from an interrupted time-series analysis
for an individual. Third, because the front-door approach accommodates the use of covariates, one
could incorporate the pre-treatment outcome values as covariates in the analysis.

In order to compare these options, we use data from the National JTPA Study. The Department of
Labor implemented the National JTPA Study between November 1987 and September 1989 in order
to gauge the efficacy of the Job Training Parternship Act (JTPA) of 1982. Detailed information on the
data is available in Appendix A.3. The three front-door options along with the compliance scaled gain
score analysis are reported for the JTPA study data in Figure 3.3. The experimental benchmark is also
reported as the dashed black line in the figure. Note that while the simple scaled gain-score analysis
results in an estimate that is much too large, all three front-door approaches minimally overestimate

the benchmark and their confidence intervals cover the benchmark.

3.3 FRONT-DOOR DIFFERENCE-IN-DIFFERENCES

Although we have shown that the front-door approach may produce useful bounds, there may applica-
tions where we would like to remove additional bias from the front-door estimator, or where we would
like to produce an additional bound to bracket the parameter. For example, when the front-door esti-
mator produces an upper bound, it would sometime be useful to also have a lower bound. The front-
door difference-in-differences estimator Chapter 2 will allow us to accomplish one or the other of these
goals.

The front-door difference-in-differences estimator functions similarly to standard difference-in-
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Figure 3.3: Front-door Estimates of the JTPA Program.

differences estimators in that it uses a group of observations for which there should be no effect to esti-
mate a proxy for the bias in the group of interest. In the standard approach, the pre-treatment compar-
ison between the treatment and the control units functions as the observations for which there should
be no effect. The front-door version of this estimator works, as above, by shifting the treatment effect
problem to a compliance effect problem. Hence, in order for this estimator to work well, one must find
units for which the compliance effect is zero (or has known sign if bounding is the goal). We call this
group of units a differencing group.

The formal presentation of the front-door difference-in-differences estimator is below in (3.4), where
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we further define the group of interest as the stratum g; and the differencing group as the stratum g:

e =" Px|ay, 1) P(max, a1, g1) [{E[Yar, my, x, 1] — E[Ylar, mo, x, gi]}

- {E[Y‘alﬂmbx’gﬂ _E[Y‘alﬁm()?xﬂgZ]}]‘ (3.4)

Note that E[Y]|ay, m1, x, &) — E[Y|a1, mo, x,g1] — {E[Y|a1, m1, x, ] — E[Y|a1, mo, x, ]} looks like a
standard difference-in-differences estimator, but for the compliance effect. The front-door version of
this estimator converts back to the treatment effect by using compliance rate for the group of interest
(P(x|a1,4)). See Chapter 2 for details. The key question is how does one arrive at a differencing group.
In the following subsections we discuss the prototypical differencing group and groups chosen on the
basis of previous studies. The first of these is meant only to be illustrative. It presents an idealized sce-
nario that is not useful for research purposes, but provides intuition about how the estimator should

work. The second shows how a difference-in-differences approach can be used fruitfully in practice.

3.3.1 THE ProTOTYPICAL CASE

When should we expect the front-door difference-in-differences estimator to work? First, we would
need to find a differencing group for which the effect of compliance should be zero. For two of the
GOTYV phone studies (Arceneaux et al. (2010) and Gerber et al. (2010)) we have such a group of units,
because one of the treatment arms in each of these studies received a placebo treatment. In Arce-
neaux et al. (2010), the placebo treatment was a “buckle up” phone message. In Gerber et al. (2010),
the placebo treatment was a recycling phone message. Clearly, compliance with the placebo treatment
(i.e., answering the phone for the “buckle up” phone message or the recycling phone message) should

not affect the decision to turnout.
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Furthermore, while compliance (answering the phone) was not randomized in either the treatment
group (GOTV message) or the placebo group (“buckle up” or recycling message), the treatment and
placebo groups were exchangeable due to randomization. This property, combined with the fact that
the content of the phone message was unlikely to affect compliance, means that the bias in the esti-
mate of the compliance effect should be the same for both the treatment group and the placebo group.
Hence, the assumptions of the front-door difference-in-differences estimator should be satisfied (see
Chapter 2 for details.)

In fact, this is exactly what we see when we calculate the front-door difference-in-differences esti-
mates for the Arceneaux et al. (2010) and Gerber et al. (2010) studies. The experimental results, the
front-door estimates, and the front-door differnece-in-differences estimates are presented in Figure 3.4.
Note that while the front-door estimates are too high, likely for the aforementioned reason that older
people are more likely to answer the phone, the front-door difference-in-differences estimates hit the

experimental benchmark.

3.3.2 DIFFERENCING GROUPS CHOSEN ON THE BASIS OF PREVIOUS STUDIES

When we only have treated units, we will need to choose a differencing group from among those units.
Often, this will be done on the basis of previous studies. For example, although the correspondence
between treatments is not perfect,’ Imai and Strauss (2011) use tree-based methods to identify hetero-
geneity in causal effects for a GOTV experiment from Dale and Strauss (2009). They found that age
explains much of heterogeneity in treatment effects (voters ages 20-24 are very responsive to treatment,
their model predicts zero or even negative treatment effects for ages 18-19).

Figure 3.5 presents the results of a front-door difference-in-differences analysis for the GOTV data,

and following Imai and Strauss (2011) we use 18 and 19 year olds as the differencing group because

'The experiment randomly assigned newly registered voters to receive a text message urging them to vote in
the 2006 midterm election.
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Figure 3.4: Prototypical GOTV Front-door Difference-in-Differences.

we expect the treatment to have approximately zero effect for this group. The front-door estimates are
identical to those in Figure 3.1 and reprinted here for comparison. Note that the differencing approach
appears to provide a better estimate of the experimental benchmark in all but two of the studies, al-
though the standard errors are quite large due to the size of the differencing group.

We can similarly develop front-door difference-in-differences analysis for the JTPA data by consult-
ing previous studies. There is evidence from economics literature that marriage increases male produc-
tivity (Korenman and Neumark, 1991; Hellerstein et al., 1999). As explained in Hellerstein et al. (1999),
“ The equality of relative marginal productivity and wages of married workers shows that the marriage
wage premium reflects an underlying productivity differential and is not attributable to discrimination

in favor of married workers. However, the result does not help sort out whether marriage increases the
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Figure 3.5: Front-door and Front-door Difference-in-Differences Estimates for Get-Out-the-Vote
(GOTYV) Phone Treatment. Differencing group is 18 and 19 year olds.

productivity of men or whether high productivity men are selected into marriage.

These studies might lead us to use single adult males as a differencing group, but note that unlike
the previous two analyses, we only have reason to believe that the JTPA effect is smaller for single
men. Therefore, a front-door difference-in-differences analysis will have negative bias (subtract off too
much). However, in combination with the positive bias from the front-door analysis, we should now be
able to bracket the experimental benchmark.

In fact, this is what we see in Figure 3.6, which presents the experimental results for adult males
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along with the previously presented front-door estimates and the front-door difference-in-differences
analysis using single adult males as the differencing group. Note that the front-door and front-door

difference-in-differences analyses bracket the experimental benchmark as expected.
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Figure 3.6: JTPA Front-door and Front-door Difference-in-Differences Estimates. Differencing group
is single adult males.

3.4 CONCLUSION

In this paper, we have explored the possibility of making causal inferences without the use of control

units, and shown that front-door and front-door difference-in-differences approaches can improve on
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traditional process tracing or gain-score type approaches to this task. Additionally, we have replicated
the experimental benchmarks from a number of studies and shown that front-door approaches with
treated units can provide useful information about these benchmarks (even when control units are
unavailable).

Given some theoretical knowledge about the compliance mechanisms, we have shown the front-
door approach can provide reliable bounds on the causal effect. In some cases (e.g., phone GOTV),
this can provide an upper bound on a positive effect that might be useful for cost-benefit analysis. In
other cases (e.g., OHIE), this can provide a lower bound on a positive effect that might be useful in
establishing the efficacy of a program.

Furthermore, if previous studies suggest a suitable differencing group, a front-door difference-in-
differences approach can be used to remove bias from the front-door estimates. We have demonstrated
that in applications where the effect of compliance on the outcome for the differencing group is plau-
sible zero (e.g., GOTV), then front-door difference-in-differences will come close to the experimental
benchmark. In other cases where the effect for the differencing group is smaller than for the group of
interest but non-zero, such as the analysis for the JTPA, the front-door and front-door difference-in-
differences estimates will bracket the experimental benchmark.

While we have established the promise of the technique, future work is needed to fine tune problems
in its implementation. First of all, it should be noted that front-door difference-in-differences estimates
may exhibit high variance due to small differencing groups. Future work should explicitly address the
bias-variance tradeoft inherent in choosing differencing groups. Additionally, more work needs to be
done investigating research designs, such as multi-site studies, that would allow researchers to automate

selection of differencing groups.
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Systematic Bias and Nontransparency in US

Social Security Administration Forecasts

Since the passage of the Social Security Act of 1935, a central concern of the Board of Trustees has been
the demographic and financial forecasts neces- sary to assess the long-term solvency of the Federal
Old-Age and Survivors Insurance and Federal Disability Insurance Trust Funds. These forecasts are
used in a variety of ways. For example, they affect decisions about whether the rate of payroll taxes or

the amount of benefits should be raised or lowered for the 210 million workers and 58 million bene-
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ficiaries in 2013, respectively. The methodology rooted in the forecasts is used by the Social Security
Administration to evaluate policy proposals put forward by Congress to modify the program. The
forecasts are also used as essential inputs in assessing the finances of Medicare and Medicaid and are
central to research in demography, economics, political science, public health, public policy, and so-
ciology. Although the Social Security Administration has performed these forecasts since 1942, no
systematic and comprehensive evaluation of their accuracy has ever been published.

Each year, the Office of the Chief Actuary of the Social Security Administration carries out the man-
date for producing forecasts in the Annual Report Of The Board Of Trustees Of The Federal Old-Age And
Survivors Insurance And Federal Disability Insurance Trust Funds (“Trustees Report”). Actuaries at the
Social Security Administration separately forecast demographic variables (e.g., mortality rates) and
economic variables (e.g., labor force participation rates) that ultimately combine to produce solvency
forecasts. In this paper, we offer the first evaluation of Social Security forecasts that compares the SSA
forecasts with observed truth; for example, we look at forecasts made in the 1980s, 1990s, and 2000s
with outcomes that are now available. We do this for demographic forecasts and for financial forecasts
in the next section.

Forecasts, of course, should not be expected to be precisely accurate. However, our analysis reveals
several problems. First, Social Security Administration forecasting errors — as evaluated by how ac-
curate the forecasts turned out to be — were approximately unbiased until 2000 and then became sys-
tematically biased afterward, and increasingly so over time. Second, most of the forecasting errors since
2000 are in the same direction, consistently misleading users of the forecasts to conclude that the So-
cial Security Trust Funds are in better financial shape than turned out to be the case. And finally, the
Social Security Administration’s informal uncertainty intervals are increasingly inaccurate since 2000.
Although the Social Security Administration has recently begun to follow the recommendations of its
outside advisers on including certain types of more formal uncertainty estimates, a step that should

be part of all government reporting (Manski, 2013), these estimates have also not been systematically
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evaluated.

At present, the Office of the Chief Actuary does not reveal in full how its forecasts are made and, as
a result, no other person, party, or organization, in or out of government, has been able to make fully
independent quantitative evaluations of policy proposals about Social Security. Even the Congressional
Budget Office, which produces Social Security Trust Fund solvency forecasts, relies on the demographic
forecasts produced by the Office of the Chief Actuary as inputs for its models. Thus, the Office of the
Chief Actuary holds an unusual position within American politics of being the sole supplier of Social
Security forecasts, as well as heading the only organization producing fully independent quantitative
evaluations of policy proposals to alter Social Security. For each evaluation of a proposed policy, the
Office of the Chief Actuary estimates the effect on key financial outcomes that assess the solvency of
the Trust Funds. For the vast majority of policy proposals evaluated by the Office of the Chief Actu-
ary, the estimated financial impact is smaller than most of the systematic forecasting errors since 2000.
Social Security Administration forecasts of current law and its counterfactual evaluation of policy pro-
posals share the same growing bias because both are based on the same forecasting method- ology. Ad-
ditionally, the uncertainty surrounding the estimated effects of proposed policies, which would likely
be larger than the uncertainty in the forecasts under current law, usually dominate the estimated effect
of the policy.

In the conclusion of the chapter we argue that the Social Security Administration and the Office of
the Chief Actuary should follow best practices in academia and many other parts of government and
make their forecasting procedures public and replicable, and calculate and report calibrated uncertainty
intervals for all forecasts. The subsequent chapter explains the possible origin of the biases reported

here and proposes simple structural ways of changing the system to fix the problems going forward.
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4.1 DEMOGRAPHIC FORECASTS

Demographic variables important to solvency forecasts from the Social Security Administration in-
clude fertility, migration, and mortality. Higher levels of fertility and migration increase the number

of workers who contribute payroll taxes and increase long-term solvency. Lower levels of mortality, es-
pecially among those age 65 years and older, increase the number of retirees who receive benefits and
decreases long-term solvency. Moreover, if Americans live longer than the forecasts predict, they will
draw benefits for more years than expected and the Trust Funds will become exhausted sooner than an-
ticipated. As Diamond and Orszag (2005, p.63) explain, the increase in benefit payments from longer
lives is not counterbalanced by the increase in payroll tax receipts because the system is designed to be
approximately fair on average from an actuarial standpoint — and thus higher life expectancies are not
taken into account in what is paid into the system earlier in working life. Adults with longer working

careers also receive higher benefits compared to those starting their careers at later ages.

OBSERVED DEMOGRAPHIC DATA  As a baseline, we present four observed time series in Figure 4.1.
Life expectancy for males and females, both at birth and at age 65, are relatively smooth over almost the
entire time period, as can be seen in all four graphs. Indeed, three of the four are approximately linear;
the fourth, female life expectancy at 65, is not far from linear. The highly regular nature of these data
suggests that relatively accurate forecasts should be possible.

There is a standard conceptual difficulty in measuring current life expectancy: How can the ana-
lyst describe life expectancy when people are still alive? We follow common practice here by using the
concept of “period life expectancy” This approach calculates life expectancy in a given year as the av-
erage number of years a person would expect to live if that person experienced the mortality rates in
that given year over the course of a lifetime. Thus, life expectancy is a function of age-specific mortality

rates and the average number of person-years contributed by those who die in each age. The mortality

73



Male Life Expectancy at Birth Female Life Expectancy at Birth
764 81
80 -
744
@ 79 -
7 -
o)
B
0
=t
<
“g I I I I 78 i I I I I
% 1980 1990 2000 2010 1980 1990 2000 2010
53 Male Life Expectancy at 65 Female Life Expectancy at 65
L 18-
= 20.5 -
—
o
o
£
B
5177 20.0-
O
16 - 19.5
19.0
154
I I I — 18.5 - I I I
1980 1990 2000 2010 1980 1990 2000 2010

Year of Trustees Report

Figure 4.1: Observed Period Life Expectancy. As described in the text, “period life expectancy” for a
year is a single-number summary of all the age-specific mortality rates for that same year and is inter-
preted as the average number of years a person could expect to live if he or she experienced the mortal-
ity rates of a given year over the course of their life.
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rate for people of a given age equals the number of deaths in that age divided by the number of person-
years lived in that age (the exposure).'

The Office of the Chief Actuary forecasts male and female life expectancy separately. The male and
female population counts are then combined with sex-specific economic factors like estimates of the
labor force participation rates, and sex-specific beneficiary rates like disability incidence rates to project
the population of workers and beneficiaries. In turn, the number of male and female workers and ben-
eficiaries serve as inputs for predictions of Trust Funds’ operations and actuarial status.

We begin in 1982, the earliest year with regular life expectancy forecasts from the Social Security
Administration, and continue until 2010, the last year for which observed actual data have been re-
leased. For the years before 2001, the Social Security Administration only reveals information about
its demographic forecast for years divisible by five. However, the observed time series are quite smooth

and, hence, interpolations to other years should be accurate.

ForecasTs We present the results in stages beginning in Figure 4.2 with an evaluation of forecasts
for 2005 and 2010, the two years forecast by the largest number of Trustees’ Reports (with details for
all years in Appendix B). We compute forecast error (here and throughout) as the “intermediate sce-
nario” forecast minus the observed value, so that positive values represent overestimates and negative
values represent underestimates. The vertical axis is the forecast error for each of the four demographic

variables and the horizontal axis is the year of the Trustees Report when the forecast was made.

'We use observed life expectancy based on Human Mortality Database life tables rather than the life tables
from the Social Security Administration. The small differences in estimated life expectancy between the two
sources do not account for the much larger error rates and patterns reported in this paper. Both sources seek
to estimate the conditional probability of death (and life expectancy, its single number summary), but the Hu-
man Mortality Database is the standard in the scientific literature for its emphasis on “comparability, flexibility,
accessibility, [and] reproducibility;” for subjecting US Census counts and National Center for Health Statistics
death counts to international quality standards, and for including all potential beneficiaries in the analyses, as
discussed in an overview to the database (http:// www.mortality.org/Public/Overview.php; accessed March 20,
2015). Appendix B repeats all demographic analyses in this section with Social Security Administration data; no
important differences arise compared with the results presented here.
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(b) 2010 Life Expectancy Forecast Error
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Figure 4.2: Forecast Error of Life Expectancy in 2005 (panel a) and 2010 (panel b) by Year of Trustees

Report. Circles (females) and triangles (males) colored green when truth falls within SSA uncertainty
intervals and colored red when the truth falls outside SSA uncertainty intervals.
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First, despite the strong resemblance and very high correlation between male and female life ex-
pectancy in Figure 4.1, the forecast errors are substantially worse for males than females over most of
the range of the forecasts. In some of the forecasts of the mid-1980s, the overestimate of female life ex-
pectancy is more-or-less offset by the underestimate of the male life expectancy, but in later years, both
are underestimated.

Second, the patterns of error persist. For example, Figure 4.2 shows that every single Trustees Report
for 23 years (1982-2005) underestimated male life expectancy in 2005. Similarly, every forecast for 28
years (1982-2010) underestimated male life expectancy in 2010.

Third, the forecast for males do pass an obvious test by more closely approximating the truth as the
year being forecast approaches. For females, errors have been smaller than males until recently, but in
the years from 2000-2005, when projecting female life expectancy at 65, forecast errors of female life
expectancy actually increased as the year of the Trustees Report approached the year being forecast.

Fourth, a large number of the forecasts fall outside the uncertainty intervals offered by the Social
Security Administration. In the forecasts, these uncertainty interval are categorized as “high cost”, “in-
termediate cost”, and “low cost” scenarios. The high and low cost scenarios form the Social Security
Administration uncertainty interval. In Figure 4.2, we color points green if the truth falls within these
“uncertainty intervals” and red if the truth falls outside of these intervals. Although any forecast is of
course uncertain and errors are to be expected, uncertainty intervals should still capture the truth with
some known frequency. We find that only 1 of the 29 uncertainty intervals for male life expectancy at
age 65 for 2010 actually captured the truth. In the years after 2000, every single forecast for year 2010
male and female life expectancy at birth and at age 65 was underestimated, and the truth fell outside
the uncertainty intervals.

The uncertainty intervals reported by the Social Security Administration are given no formal sta-
tistical basis in published materials. Therefore, we assessed how these intervals were qualitatively pre-

sented. In Trustees Reports from the earlier part of our period, the early and mid-198os, the Social
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Security Administration wrote about the intervals as one would discuss wide confidence intervals, per-
haps at a 9o percent confidence interval, and readers were warned that the confidence intervals might
not necessarily cover the truth. In recent years, especially after 2000, the Trustees Reports became more
confident in these intervals. Since 2003, the Trustees Reports have included an appendix referring to
a stochastic model that attempts to formalize the uncertainty of their forecasts. The model itself is not
publicly available, so outside analysts cannot evaluate how it has been calibrated or evaluated for model
dependence. But the Trustees describe the uncertainty intervals in qualitative terms that one would
typically use to discuss something stronger than a 95 percent confidence levels. For example, in the
2011, 2012, and 2013 Trustees Reports, the Trustees repeated the same definition: “In the future, the
costs of OASI, DI, and the combined OASDI programs as a percentage of taxable payroll are unlikely to
fall outside the range encompassed by alternatives I [low-cost] and III [high-cost] because alternatives I
and III define a wide range of demographic and economic conditions.”

In short, the post-2000 forecasts all indicate that both men and women would have lived shorter
lives than they did, and also offered uncertainty ranges implying that the Trust Funds were on firmer
financial ground than turned out to be warranted. We reach an identical conclusion when we examine

the forecast error over all Trustees Reports for all observed years, as shown in Appendix B.

UNCERTAINTY INTERVALS  Finally, we analyze the set of all the Social Security Administration life
expectancy forecasts with respect to uncertainty interval coverage. Figure 4.3 plots the year of the
Trustees Report (horizontally) by the year of the forecast (vertically), with one square for each forecast
colored green when the truth fell within the uncertainty interval and red when the truth fell outside the
interval.

The results in Figure 4.3 demonstrate systematic problems with the uncertainty intervals used by the
Social Security Administration. The uncertainty intervals failed to capture the truth for every forecast

made since 2000 for all four demographic variables. For the graphs on male life expectancy at birth and
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Figure 4.3: Uncertainty interval coverage by year of Trustees Report and year of forecast. Green indi-
cates uncertainty interval covered the truth, red indicates that it did not, and gray indicates that SSA
did not provide an uncertainty interval. Contemporaneous forecast error is possible because of the
time lag (typically three to four years) in finalizing mortality data.

at age 65 (the two graphs on the left), the problem began approximately in 1990.

We might expect that some uncertainty intervals fail to capture the eventually observed truth, espe-
cially when the forecast was made many years earlier than the year forecast. Yet, since about 2000, the
uncertainty intervals consistently failed to capture the truth for male and female life expectancy at birth
and age 65. And seemingly the Social Security Administration did not perform any correction if and

when these systematic errors became known.

FORECAST B1ASES ARE NOT EXPLAINED BY THE GREAT RECESSION  Could the systematic forecasting

biases documented in this section be caused to some extent by the Great Recession, which lasted from
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December 2007 to June 20092 Historically, increases in unemployment have led to lower mortality
primarily because of fewer accidental deaths (like road traffic fatalities) (Granados, 2005; Stuckler et al,,
2011) not counterbalanced by a small increase in the comparatively fewer number of suicides. Thus, a
lengthy recession could potentially explain life expectancies longer than predicted. But although the
recession may explain some of the forecasting error, it cannot explain most of it.

First, the Great Recession began in December 2007, when the Social Security Administration had
already been underestimating Americans’ life expectancy for several years prior. Second, the mortal-
ity data and errors in forecasting mortality from one year to the next are relatively smooth functions of
time — that is, the errors do not increase when the recession arrived. Finally, the Great Recession can-
not account for the 0.6-year forecast error in male life expectancy and 0.8-year forecast error in female
life expectancy made by the Social Security Administration in 2010. During the 18-month recession,
unemployment increased 4.6 percentage points from a trough of 4.9 percent in February 2008 to a peak
of 9.5 percent in June 2009. Previous US- and European-based studies estimate mortality rates decline
approximately 0.5 percent for every 1 percent in unemployment (Ruhm, 2000). So the 4.6 percentage
point increase in employment during the Great Recession would approximately correspond to a 2.3
percent decline in mortality rates. For comparison, the inaccuracies in projected male and female life

expectancies correspond to a 5.2 and 7.6 percent decline in mortality rates, respectively.

A NoTE ABOUT FERTILITY & IMMIGRATION ~ We also evaluated the performance of Social Security
Administration forecasts of fertility and migration (see Appendix B). Recent forecasts of the total fer-
tility rate exhibited persistent and growing error, and the forecasts were overly confident. For example,
the error in forecasts of the total fertility rate in 2010 grew—rather than shrank—across successive
Trustees Reports. The forecast error of the 2010 total fertility rate in the 2010 Trustees was 0.15, which

translated to approximately 315,000 more births forecasted than actually occurred (8% of total births
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in 2010).”> As with mortality, forecast biases in fertility are not explained by the Great Recession. The
rise in unemployment during the Great Recession led to a fertility decline of approximately 5%. Yet, the
inaccuracy in the total fertility rate forecasted in 2010 corresponded to an approximately 8% difference
in fertility rates. Overall, the forecast error in fertility makes the US population seemingly younger than
it really is and, consequently, the Social Security Trust Funds healthier than they may be.

In contrast to mortality and fertility, Social Security Administration forecasts of legal immigra-
tion (the largest component of overall immigration) were far less biased and were appropriately con-
fident. For example, the error in forecast of the net legal immigration in 2010 shrank across succes-
sive Trustees Reports. By the 2010 Trustees Report, the forecast error was less than 1% of the observed
number of net legal immigrants in 2010.

The results of mortality, fertility and immigration forecasts may illuminate some of the reasons why
the Social Security Administration varies in its performance of forecasting these three demographic
components. As we describe in detail in Chapter 5, a constellation of factors may interact to produce
biased mortality (and fertility) forecasts. First, the forecasting method itself allows for the introduction
of unintentional bias because they involve a very large number (previously 210, now 150) interrelated
subjective decisions about rates of mortality decline. Second, as Social Security reform became increas-
ingly charged politically, the Social Security Administration became more insular and disregarded the
continued advice of outside advisers to assume a more rapid increase in life expectancy. Third, mor-
tality rates decreased at an ever faster pace after about 2000, but the Social Security Administration
mortality forecasts did not keep pace with this change in input data.

Some of the same factors that possibly produce biased mortality forecasts may occur for fertility, too.
The Social Security Administration forecasting method for fertility also involves subjective decisions

about future levels of fertility rates. In contrast to mortality and fertility, the level of legal immigra-

*The 2010 Trustees Report included historical fertility up to 2006 because of the time lag in reporting final
birth data.
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tion is annually set by Congress. The Social Security Administration forecast of net legal immigration

largely follows this Congressionally set level and applies an empirically based percentage of emigration.

4.2 FINANCIAL FORECASTS

We next consider Social Security Administration forecasts of Trust Fund solvency, for which demo-
graphic forecasts serve as a key input. In particular, we examine forecasts and observed outcomes of
the three most commonly cited financial indicators when discussing the health of Social Security: the
cost rate, the trust fund balance, and the trust fund ratio. The cost rate equals the overall cost of the So-
cial Security program in a given year dived by the taxable payroll for that year. The trust fund balance
equals the difference between projected annual income and projected annual cost, as a percentage of
the taxable payroll. The trust fund ratio equals the assets of the Social Security Trust Funds at the be-
ginning of a calendar year divided by the expected expenditure for that year.

We collect all forecasts for each measure published in the annual Trustees Reports from 1978, when
the reports began consistent reporting of financial indicators, until 2013. The reports usually include
yearly forecasts between the year of the report and 10 years in the future and then every fifth subse-
quent year. After 2000, single-year supplemental tables are available online.

These three financial indicators directly relate to economic and public policy debates that have oc-
curred over nearly the entire lifetime of Social Security. After the Social Security Amendments of 1983,
for example, the trust fund balance increased primarily because of higher payroll tax rates, although
benefit levels increased, too. Numerous economic studies find Social Security affects personal savings
through reduction of disposable income because of payroll taxes and anticipated benefits during retire-
ment (Harris, 1941; Feldstein, 1974; Diamond and Hausman, 1984). Gramlich (1996) argues that pro-
posed Social Security reform faces competing challenges in political economy: ensuring long-run actu-

arial balance while not lowering the ratio of discounted benefits to discounted taxes paid (the “money’s
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worth” ratio). The long-run actuarial balance, a function of the trust fund balance and cost rate, can be
maintained by raising payroll tax rates or lowering benefit level, although such changes would reduce
the money’s worth ratio. Other proposed reforms, such as individual accounts and personal savings ac-
counts, extends the solvency of Social Security and maintain the money’s worth ratio, but face intense

public scrutiny (Samwick, 1999).

THE COST OF MORTALITY FORECASTING ERRORS  Before turning to the three financial indicators, we
begin by comparing the forecast errors in cost specifically due to forecast errors in mortality (dashed
line) versus overall forecast errors in cost (solid line, Figure 4.4). In theory, either of these forecast er-
rors in cost could be larger because of forecast errors in cost from many other inputs.

For each Trustee Report and forecast year, we estimate the number of additional retirees that the
Social Security Administration did not expect because of errors in predicting life expectancy. For ex-
ample, the 2005 Trustee Report under-forecasted male life expectancy at age 65 in the year 2010 by 1.3
years (forecast 16.6 years, truth 17.9 years). The 1.3 year under-forecast of life expectancy corresponds
to approximately 151,000 male beneficiaries. We estimate the forecast errors in costs due to forecast
error in mortality as the product of the total number of additional beneficiaries and the average benefit
amount per year. For this figure, we plot the forecast year on the horizontal axis and the forecast er-
ror in cost (in billions of 2010 dollars) on the vertical axis. Each panel presents forecasts from different
Trustees Reports. The years of the Great Recession are denoted by the grey shaded region. To put the
figure into perspective, the total cost of the Social Security program in 2010 was $712.5 billion.

Figure 4.4 emphasizes four points. First, mortality is a highly predictable part of the overall forecast
error in cost, as evidenced by the highly smooth and almost linear dashed lines in each panel. Sec-
ond, for many years, forecast errors in cost specifically due to forecast errors in mortality were a large
fraction of the overall forecast error in cost. Third, the forecast errors in cost due to forecast errors in

mortality are neither random nor constant. The errors increase secularly and thus strongly suggest the

83



2002

2003

2004

2006

2007

2008

2001
40
%)
=
=
<)
A
= 20- Total
)
Q
G
S
w
=
8
3 0- .
&) Due to Mortality
[72)
o 2005
=t
=
o
=
&,
]
83
— 40
+—
o
Il
R=
w
—
2
GSZO'-
."-a’._'.
0 -
1 1S !
Y & §
BN

Figure 4.4: Cost of Mortality Forecasting Errors (in billions of 2010 dollars). Each panel of the figure
corresponds to a Trustees Report. Within each panel, we plot the forecast error in total Social Security
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existence of information that can be used to improve forecasting performance. Finally, the overall fore-
cast error in costs are highly variable relative to errors due to mortality. They are much larger during
the Great Recession, shown by the vertical shaded area, but these overall forecast errors in costs were

also large at times well before the onset of the Great Recession.

CosT RATE FORECASTING ERRORS  Figure 4.5 reports the forecast error in the cost rate (the vertical
axis in each panel) made in a Trustees Report in the given year (the horizontal axis in each panel) for a
time a number of years out into the future (in the title of each panel). For example, the upper left panel
shows the forecast error in the cost rate for forecasts made one year in advance of the year forecast. A
value of zero indicates that the forecast was perfectly accurate. Green points fall within SSAs forecast
uncertainty interval and red points fall outside. To enhance readability, we superimpose on each panel
a smoothed line showing the path of the errors.?

The pattern of forecast errors in Figure 4.5 is striking: Forecasts from Trustees Reports until about
2000 were approximately unbiased, which can be seen by the roughly random scatter of points verti-
cally around the horizontal line at zero forecast error. However, forecasts from Trustees Reports after
roughly the year 2000 were increasingly biased over time, and all in the same direction. Congress and
other users of these forecasts would have been misled into thinking that the cost of the Social Security
program was less than it actually turned out to be. The biases here are as true for forecasts one year into
the future (top left) and for forecasts 10 years into the future (bottom right). As expected, the errors are
larger for forecasts farther into the future.

Finally, Figure 4.5 shows that the largest errors are also most likely to be outside the uncertainty in-
tervals. The purpose of uncertainty estimates is to protect oneself from drawing overconfident conclu-

sions from the data, and if estimates are consistently falling outside those uncertainty intervals, then

3The smoothed line is estimated with a locally weighted scatterplot smoothing (LOESS) procedure, in which
the predicted error for Trustees Report ¢ is calculated based on a local polynomial of degree 2 fit to neighboring
observations. These observations are weighted by their tricubic distance from the Trustees Report in question.
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Figure 4.5: Cost Rate Forecasting Errors. Forecast errors in the cost rate (vertically) by the year of
the forecast (horizontally) by how many years into the future the forecast is made (in the title of each
panel). Cost rate forecasting errors are overestimates if positive and underestimates if negative. Points
are green if the error is within SSA’s uncertainty interval and red otherwise.

improvement in the forecasting process should follow.

TrRUsT FUND BALANCE FORECASTING ERRORS A positive annual trust fund balance indicates the pro-
gram has a surplus for the year and a negative trust fund balance translates to a deficit. We present Fig-
ure 4.6 in the same format as Figure 4.5. The evaluation of forecasting errors in the trust fund balance
leads us to the same conclusions as forecasting errors in the cost rate. The Social Security Administra-

tion forecasts of trust fund balances were approximately unbiased until about 2000, after which they
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become substantially biased. Moreover, the direction of the biases are all in the same direction, mak-

ing the Social Security trust funds look healthier than they turned out to be. The reported uncertainty

intervals are again overconfident.
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Figure 4.6: Balance Forecasting Errors. Forecast errors in balance (vertically) by the year of the forecast
(horizontally) by how many years into the future the forecast is made (in the title of each panel). Posi-
tive errors overestimate Trust Fund assets; negative errors underestimate them. Points are green if the
error is within SSA’s uncertainty interval and red otherwise.

TrusT FUND RATIO FORECASTING ERRORS

When the trust fund ratio equals zero percent or becomes

negative, the Social Security Trust Funds are insolvent. The Trust Funds are deemed financially ade-

quate in the short term if the ratio stays above 100 percent for the first 10 forecasted years. Insolvency
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does not release the federal government from its obligation to pay benefits to qualified individuals
(Meyerson, 2014). The Social Security Act stipulates that every fully insured individual is entitled to
receive benefits. Yet, the Antideficiency Act prohibits the federal government from paying Social Secu-
rity benefits beyond the balance of the Trust Funds. Once insolvency occurs, beneficiaries would either
receive delayed or lower benefit payments.

In Figure 4.7, we present results in a form parallel to Figure 4.5. While SSA’s uncertainty intervals
appear to have better coverage when compared to the cost rate and trust fund balance metrics, the re-
sults in this figure confirm the main results from our analysis of the cost rate and trust fund balance.
First, trust fund ratio forecast errors are approximately unbiased from 1978 through about the year
2000, as indicated by the dots scattered randomly above and below the vertical line drawn at zero. After
2000, forecast errors became increasingly biased, and in the same direction. Trustees Reports after 2000
all overestimated the assets in the program and overestimated solvency of the Trust Funds. The size of
this bias has increased over time, with the more recent Trustee Reports being less and less reliable. Fi-
nally, the coverage of uncertainty estimates did not improve over time and were strongly and positively

correlated with the size of the absolute error.

IMPLICATION OF FINANCIAL FORECASTING ERRORS FOR PROPOSAL SCORING  In addition to produc-
ing the annual Trustees Report, the Office of the Chief Actuary also scores policy proposals to alter
Social Security submitted by members of Congress, the administration, and select professional organi-
zations. For each of the policy proposals it scores, the Office of the Chief Actuary makes point estimate
predictions about what would happen to one or more financial metrics, such as those we study above, if
the proposal became law. Although the Office of the Chief Actuary includes no uncertainty measures
with its predictions, we can estimate their uncertainty on the basis of our evaluation of their forecasts.
Uncertainty in these counterfactual predictions have two components. The first is the inherent un-

certainty of the effect of the intervention if the law changed as proposed. The second is the uncertainty
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Figure 4.7: Trust Fund Ratio Forecasting Errors. Forecast errors in the trust fund ratio (vertically) by
the year of the Trustees Report forecast (horizontally) by how many years into the future the forecast is
made (in the title of each panel). Positive errors overestimate Trust Fund assets; negative errors under-
estimate them. Points are green if the error is within SSA’s uncertainty interval and red otherwise.

in forecasting the same financial indicators under current law, as we do earlier. We use our evaluation
of the second component as a lower bound for the uncertainty of the Office of the Chief Actuary’s pol-
icy scoring.

The Social Security Administration evaluated 63 proposals since 2003, which resulted in 104 assess-
ments of financial indicators for which we can evaluate forecasting performance (ssa.gov/oact/solvency).
For example, in 2015, the Social Security Administration evaluated the effect of President Obama’s Ex-

ecutive Actions for immigration on Social Security solvency. The Chief Actuary concluded immigra-
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tion reform would increase the cost rate by 0.04%, which is considerably smaller than most cost rate
forecasting errors made since 2000. Overall, we found 43% of policy assessments by the Office of the
Chief Actuary predicted changes in Social Security finances that were smaller than the average forecast-
ing error made since 2000. And 95% of the assessments concluded changes in Social Security finances
that were smaller than the maximum forecasting error made since 2000.

Members of Congress and the public devote considerable energy debating policy proposals on the
basis of these evaluations. And presidents and their opponents tout the merits of policy proposals to
engender public support. Yet, if this lower bound on the magnitude of forecasting errors exceeds the
estimated effect of the reforms, then these discussions and debates will not be grounded in the best

information available and may lead to biased policy conclusions.

4.3 CONCLUSIONS AND RECOMMENDATIONS

In recent years, especially after about 2000, the Social Security Administration began issuing system-
atically biased forecasts with overconfident assessments of uncertainty. Reliance on such forecasts led
policymakers and other users of the forecasts to conclude that the Social Security Trust Funds were
on firmer financial ground than actually turned out to be the case. We focus on four crucial steps SSA
should take to ensure this problem is addressed, with extensions and explanations for these patterns in
Chapter 5.

First, forecasting mistakes are no embarrassment unless the forecaster fails to learn from them.
Thus, we recommend that the Social Security Administration publish annually a systematic and com-
prehensive evaluation of its forecasting performance for both demographic factors and financial sol-
vency. This best practice of forecasting self-evaluation is routine among academic researchers
(j.mp/LeeMillero1) and professional actuaries (Lu and Wong, 2011), for other countries’ social secu-

rity programs (Shaw, 2007), and in other parts of the U.S. Government, such as the Congressional
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Budget Office (j.mp/CBOeval), the Census Bureau (j.mp/CensusPopEval), the Bureau of Labor Statis-
tics (j.mp/BLSeval), and even other parts of the Social Security Administration itself (j.mp/SSAevals,
j.mp/AFR13). Every future Trustees Report, without exception, should include a routine evaluation of
all prior forecasts, and a discussion of what forecasting mistakes were made, what was learned from the
mistakes, and what actions might be taken to improve forecasts going forward.

Second, the Social Security Administration withholds from public view much of the data and proce-
dures it uses to make many of its forecasts. The Office of the Chief Actuary, which produces the demo-
graphic and economic forecasts, does not share much of its data and procedures even with other parts
of the Social Security Administration. Currently, the best anyone can do to understand how the Social
Security Administration forecasts work is to attempt to reverse engineer their results (as done by many
involved in the policy process and authors of simulation programs such as SSASIM by the Policy Sim-
ulation Group); see also King and Soneji (2011); Soneji and King (2012). The “replication standard”
for data sharing is the widely understood and accepted best practice throughout the scientific com-
munity (King, 1995, P.444) and echoed in the Obama Administration’s executive orders requiring “a
presumption in favor of openness,” and that data produced by government be “accessible, discoverable,
and usable by the public” (j.mp/ObamaOpenData).

Finally, it appears to us and to other outside observers that the forecasting procedures used by the
Social Security Administration are informal and qualitative. These approaches also fail to take advan-
tage of many of the dramatic improvements in statistical modeling over the last several decades (e.g.,
Girosi and King, 2008; King and Soneji, 2011). Even some explicitly quantitative parts of the methods
seem idiosyncratic or unnecessarily model dependent.

Our study reveals systematic errors in both demographic and Trust Fund solvency forecasts. Fore-
casting errors in economic variables, such as the labor force participation rate and growth in average
wages, may also contribute to systematic errors in Trust Fund solvency forecasts. For the disability pro-

gram of Social Security, forecasting errors in the disability incidence rate may be an especially impor-
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tant source of solvency forecast error.

This list of “best practices” is neither new nor controversial. There is a Social Security Advisory
Board Technical Panels on Assumptions and Methods made up of outside experts. The Social Security
Administration’s own outside advisors have repeatedly and emphatically recommended that the Office
of the Chief Actuary make its data and procedures widely available, and allow its work to be replicated
by outside groups. The collective efforts of the scientific community could easily be marshaled to im-
prove the difficult forecasting task that confronts the Social Security Administration, all essentially
without cost to the taxpayer. The creation of transparent forecasting procedures will also enable mem-
bers of Congress and partisans on all sides to consider alternative assumptions explicitly when they
debate proposals to ensure the solvency of Social Security. Forecasts of Social Security solvency also
shape debates on immigration, public health, taxation, and income redistribution from working age
adults to retirees. Accurate forecasts would help ensure these debates are based on the best information

available.
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Explaining Systematic Bias and
Nontransparency in US Social Security

Administration Forecasts

Social Security is the single largest program in the U.S. government, currently providing benefits to
over 58 million retirees and disabled and levying payroll taxes on another 210 million workers. It is

also one of the most popular programs, ending retirement-generated impoverishment for a vast seg-

93



ment of the population. The program functions via an intergenerational transfer of wealth. The gov-
ernment levies payroll taxes on today’s workers and deposits the revenue into interest-earning Social
Security Trust Funds; retirees, disabled workers, and their families receive benefits paid from the Trust
Funds. The Trust Funds function as a bank account that enables the Social Security Administration
(SSA) to smooth out temporary imbalances between workers and beneficiaries. For example, while
the baby boom generation remains in the workforce, the Trust Funds collect more money than SSA
needs to pay for current beneficiaries. When this generation retires, it withdraws more benefits from
the Trust Funds than future workers’ payroll taxes will generate.

The viability of Social Security depends fundamentally on the solvency of the Trust Funds, which,
in turn, depends upon accurate demographic and financial forecasts that enable members of Congress
to make sound decisions on Social Security policy. For example, without adjustments to payroll taxes
or benefit levels, the Trust Funds could become exhausted sooner than anticipated if medical advance-
ments extend the life expectancy of retirees or an economic recession increases unemployment and
decreases payroll tax revenue.

The goal of SSA's demographic and financial forecasts is to provide sufficiently accurate information
to policymakers to address excess cash outflows or low cash inflows via one or more of the available
policy levers. Among many others, these include gradual increases in payroll tax rates or changes in
the retirement age. The earlier an accurate forecast becomes available, the more options Congress has
to ensure the solvency of Social Security through incremental, politically palatable, and economically
achievable changes. In contrast, inaccurate demographic and financial forecasts narrow the range of
feasible policy levers, often to proposals that are fiscally disruptive, politically challenging, or otherwise
infeasible.

The errors in SSA forecasts are large and mostly in the same direction, making the Trust Fund look
healthier than it actually is. With these forecast evaluations, we also provide the first honest uncer-

tainty estimates of SSA’s policy scores, which constitute the only real evaluation of every major pro-
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posal to change the system in the last two decades; we find that more than 90% of SSA's numbers are
overwhelmed by forecast uncertainty.

Of course, even the most skilled forecasters will sometimes make inaccurate predictions due to un-
foreseeable events. Such surprises do not reflect negatively on the forecasters. However, continuing to
make systematic forecasting errors is evidence of bias or flawed methodology. In this case, it suggests
a failure to meet the “best practices” in scientific evaluation procedures commonplace in academia, in-
dustry, and other government agencies. In fact, we find that the SSA lags behind best practices bench-
marks in at least three critical respects.

First, SSA has never published systematic and comprehensive evaluations of its forecasts. Second,
the SSA Office of the Chief Actuary (OCACT), which produces the forecasts, withholds many aspects
of its data and forecasting procedures from the public, the scientific community, and even other parts
of SSA. This makes independent replication impossible. Third, critical aspects of OCACT’s forecast-
ing procedures are informal or qualitative, even though far better systematic quantitative techniques
exist and continually improve. Consequently, SSA is not set up to learn optimally from its pattern of
forecasting errors, or to meet the “replication standard” widely supported in academia (King, 1995)
and even in the U.S. government via President Obama’s executive orders (j.mp/ObamaOpenData). As
a result, important parts of OCACT procedures are difficult or impossible to replicate, understand, or
implement, which means that errors introduced are unlikely to be corrected. Indeed, some steps in
SSAs forecasting involve committees or individuals making large numbers of interrelated qualitative
judgments that are extremely difficult to do well without computer assistance and, at the same time,
involve high levels of discretion for decision makers hidden from public view.

As we show here, SSA’s forecasting procedures turn out to meet all the major conditions for unin-
tended political, social, and psychological biases to be introduced, even when those involved try dili-
gently to produce forecasts free from external influence. Our research seems to indicate, consistent

with the social-psychological literature, that these biases do not occur because of individuals making
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avoidable mistakes or not trying hard enough. Greater effort for the same task performed in the same
manner would likely not help. Rather, the biases occur because of the lack of formal procedures at SSA
designed to avoid these biases in the first place.

Indeed, OCACT’s own scientific panel of distinguished outside advisers, the Social Security Advi-
sory Board’s Technical Panel on Assumptions and Methods, has frequently recommended that OCACT
make data and replication procedures available and improve their statistical methodology and uncer-
tainty estimation. We demonstrate here that SSA regularly ignores this and many other recommenda-
tions of its scientific advisory panel, and this oversight provides important evidence on the evolution of
biases inherent in SSA forecasting.

Section 5.1 outlines some of the methodological challenges involved in Social Security forecasts and
then summarizes and extends our evidence from Chapter 4 on the biases in SSA’ forecasts. Section 5.2
offers a hypothesis about how these systematic biases came about, supported by research from social
psychology on situations like these where unnecessary and uncorrected biases are generated.

To gather information and evaluate our theories, we conducted a large number of semi-structured
personal interviews with those in, and involved with, SSA at every level of government and the policy
process. Since the politics of Social Security has become extremely polarized and highly conflictual,
with SSA administrators deeply involved in many aspects of it, we keep the identities of our intervie-
wees confidential. With this information, Section 5.3 summarizes the pressures on SSA that likely led
to these forecasting biases. In order to reduce the possibility of bias going forward, Section 5.4 provides
an overview of methods that formalize ad hoc, qualitative forecasts. Section 5.5 concludes. Appendix B
gives details of the data used in this article, with a complete replication data set available at Kashin et al.

(2015a).
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5.1 SOCIAL SECURITY ADMINISTRATION FORECASTING

In this section, we briefly summarize and extend some of the empirical results from Chapter 4 about
the performance of SSA’ forecasting, convey the methodological challenges in the complex data used

for Social Security forecasting, and outline some of the specific procedures SSA uses to forecast.

5.1.1 SOCIAL SECURITY FORECASTING PERFORMANCE

We summarize our prior work in two points. First, despite many years of approximately unbiased fore-
casting, OCACT began issuing systematically biased forecasts, with overconfident assessments of un-
certainty, after about the year 2000. Instead of following best practices and learning from these biases
to improve subsequent forecasts, the biases have grown much larger over time. These biases led mem-
bers of Congress, other policymakers, and the public to conclude each year that the Social Security
Trust Funds would be on firmer financial footing than actually turned out to be the case, year after
year.

Second, OCACT does not share all its data, code, and replication information with the public, the
scientific community, and other parts of SSA or the federal government. We also discuss here the con-
tributing factor that OCACT'’s forecasting procedures are informal and qualitative, and fail to take ad-
vantage of the dramatic improvements in statistical modeling, and ways of formalizing informal proce-

dures like these, that have been developed over the last quarter century.

5.1.2 METHODOLOGICAL CHALLENGES

The statistical challenges in accurately forecasting Social Security are substantial. They involve mod-
eling complex multivariate data structures and incorporating numerous details in modeling how this
enormous and complicated government program is administered, run, and funded. We focus here on

the crucial methodological challenge of forecasting mortality rates — a key input to SSA’s financial
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forecasts. An accurate forecast of mortality is necessary to estimating the number of workers contribut-
ing payroll taxes and the number of retirees and disabled receiving benefits. To begin to provide a feel
for the problem, consider Figure 5.1.

The key to this figure is simultaneously recognizing both the methodological challenges and the
substantial information available to improve forecasting accuracy using the right model. First, consider
the top row of Figure 5.1, which shows the probability of a male (top left panel) or female (top right
panel) dying within one year, for each year of age (o to 109, colored from red for the youngest ages to
purple for the oldest ages) and for every calendar year from 1980 to 2010 along the horizontal axis.
Small changes in any one line may contribute to large changes in the number of workers or the number
of retirees. Thus, the highly regular aggregate patterns also contain important and apparently small
variations that need to be modeled carefully. Each line in each graph is a time series plot representing
different cohorts of people at the same ages at different times. One can also see important diagonal
patterns (from bottom left to top right in each of the top panels) representing the continued experience
of higher or lower mortality of the same birth cohort as it ages over time.

These two top panels in Figure 5.1 convey two other crucial facts that need to be taken into account
in any serious model of the data generation process. First, although mortality is relatively smooth over
time, forecasting any one of these lines would be less certain many years into the future. Second, there
is considerable information in adjacent age groups that can be used to improve the forecasts if used
appropriately. This second point can be seen even more clearly in the bottom two panels of the same
figure which re-express the same data with age along the horizontal axis, and colors for each year. So
instead of time series plots, these panels portray age profiles. The characteristic shape is common in de-
mographic data across countries and time periods, indicating that the few years after birth are relatively
risky, after which mortality drops, and then starting at about age 5-10 mortality inexorably increases,
almost log-linearly, except for a bump that coincides with higher risk of accidental mortality among

older adolescents and young adults.
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(a) Time Profile of Conditional Probabilities of Death
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Figure 5.1: Time and Age Profiles of Conditional Probabilities of Death (Human Mortality Database).
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The opportunities in modeling mortality involve recognizing the powerful information available to

build into forecasting methods. In fact, the patterns in Figure 5.1 turn out not to be unique to this time

period or even the United States and so should be considered valuable information for model build-

ing, such as for constructing Bayesian priors. To convey how stable these patterns, are we constructed

Figure 5.2, which gives the log-mortality age profile for 39 separate countries (lighter blue indicates

later years). As is apparent, the general pattern from U.S. age profiles holds with remarkable general-

ity across countries. Clearly, forecasting methods that ignore or do not formally encode this powerful

information are, at best, highly inefficient.
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The patterns in Figures 5.1 and 5.2 represent highly reliable demographic knowledge that forecasting
methods should include. This information has been formally encoded in priors by smoothing across
expected mortality in neighboring age groups and adjacent time points and their interactions (Girosi
and King, 2008; King and Soneji, 2011), or via principal component modeling (Lee and Carter, 1992).
However, instead of sophisticated statistical methods encoding this well-known demographic knowl-
edge, SSA manually adjusts simple regression models of mortality on time to be consistent with the
views of a committee of actuaries making qualitative judgments. Important covariates such as smoking
and obesity are formally excluded from their statistical model, although they considered qualitatively.

Finally, we summarize patterns in log-mortality changes to illustrate a key feature of U.S. mortal-
ity data that will prove important in explaining the patterns of bias in SSA forecasts. We focus on age
groups 65 and older, most of whom will be drawing Social Security benefits for as long as they are alive.
To do this, we compute the change in log-mortality over successive 10-year time intervals for selected
age groups. We thus regress log-mortality on time, with observations from ¢t — 9 to t (repeated for each
year t,t = 1970,...,2010) and plot in Figure 5.3 the coefficient on time as a measure of recent log-
mortality changes (vertically) by year ¢ (horizontally).

For example, 85-year old male mortality (left graph, blue line) declined an average of 0.3% (i.e., a
—0.003 change in log-mortality) per year between 1991 and 2000. In stark contrast, the pace of mor-
tality decline sharply increased after 2000 (highlighted by the shaded area of the graph). Mortality for
this age group declined an average of 2.6% per year between 2001 and 2010. The shaded area in the
graph, corresponding to the period since the year 2000, shows that pace of mortality decline quickened
for every age group for both men and women since about 2000. We will return to this key result from
Figure 5.3 in Section 5.2. These ever faster reductions in mortality may be due, in part, to greater use
of statins that reduced cardiovascular disease and more widespread cancer screening. Whether or not
one would regard this dramatic change as predictable ahead of time, the changes certainly became clear

after a few years of unexpected declines.

101



Male Female
0.01
z
o
2=}
A=
; 0.00 -
—
<
)
—
o
—
i
13)
>
o
f
=
k=t
5 -0.01-
=
[=19]
Q 95
—
= 95
D)
2
<
_5 75
-0.02 - 65 gg
I I I I I I I I I I
1970 1980 1990 2000 2010 1970 1980 1990 2000 2010

Final Year of 10-Year Window
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5.1.3 FORECASTING PROCEDURES

SSA employs forecasting procedures that require numerous ad hoc and interrelated qualitative judg-
ments, in a manner very difficult for any human to do well Soneji and King (2012). For example, a
critical aspect of the SSA forecast relies on the choice of 210 interrelated “ultimate rates of decline” in
mortality rates across 5 broad age groups, 2 sexes, 7 causes of death, and 3 cost scenarios. Since 2012,
the number of causes of death decreased to 5 and so the number of ultimate rates of decline that SSA
must concurrently select became 150, which is still far too many to handle qualitatively. Rather than
forecast mortality directly, SSA first assigns an annual rate of decline for each of the 75 years of its fore-
cast. The rate of decline for the first two years of the forecast equals the historical rate of decline. The
rate of decline for the next twenty-three years of the forecast linearly changes from the historical rate
of decline to the subjectively chosen ultimate rate of decline. The ultimate rate of decline applies for
the next fifty years of the forecast (the 26th through 75th years). SSA then imposes an additional step
in its forecasts: if the historical rate of decline is negative, the rate of decline for the first two years of
the forecast equals 75% of the historical rate of decline. Once SSA assigns rates of decline for each year
in the forecast, it then iteratively multiplies the mortality rate in year ¢ by its corresponding rate of de-
cline. SSA then sums the forecasts across causes to produce a forecast for total mortality. Finally, SSA
evaluates the quality of its overall forecast of total mortality well into the future. For example, if the age
profile of the forecast in the year 2100 is not smooth or does not follow the ubiquitous shape of age pro-
files, SSA will readjust some of the ultimate rates of decline and reevaluate the quality of the updated
total mortality forecast.

Formally, let m, ; . represent the mortality rate for age groupa € A, inyeart € 7, and for cause
¢ € C. Let ty represent the year of the Trustees Report. Let /31’ a,c Tepresent the estimated slope of a
linear regression of the logarithm of historical mortality rates for age group a and cause ¢ over the past

twenty years as a function of time. Lety,,  represent the historical rate of decline in mortality
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rate, which we estimate as — exp B1 ac Lety, .. represent the ultimate rate of decline chosen by SSA,
which applies for years t,5 to t;5 of the forecast. For years #; to 75, the rate of decline is determined by

the following conditional equation,

(
lfl S 2 and ytl thistorical y€ >0
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Finally, SSA iteratively multiplies mortality rates and rates of decline to forecast mortality rates, m, s, . =
Yarti.c Matiic forl1 <i<75.

Since SSA’s task of forecasting involves the choice of a large number of highly interdependent pa-
rameters consistent with one another (210 until 2011 and 150 since 2012), it is inevitable that human
beings—trying as hard as they possibly could to be fair and complete—will miss a great deal. Humans
are not equipped with the memories large enough to keep all of the interrelated choices consistent.
Although many estimates of ultimate rates of decline will at least be plausible, although probably not
optimal, some will also not make sense. In Figure 5.4, we offer a few of some of the most problematic
estimates we came across.

The top panel in this figure reports on deaths from diabetes in males and cancer in females. In both
cases, the observed data (in dots on the left) indicate strong upwardly trending death rates, but the re-
sult of the parameter setting (the ultimate rate of decline) was an unnoticed and unjustified downward
sloping curve. As implausible as this change in trend is, worse still may be that the (vertical) difter-
ences in death rates between the two adjacent age groups portrayed massive and implausible changes

between the observed data (left dots) and forecasts (right lines).

104



Diabetes Death Rate, Males Cancer Death Rate, Females

1500 -
Ages 85-89 »y
~—~ ~—~~ ‘,
400 =) )
8 . 81250_ é.' Ages 85-89
§ o § A |
- .. - !
(] ° <P &
E300 - . Ages 8084 210004
L ) 3
< °© <
~ ° .,A ~ Ages 80—-84
< 4 =
=1 o 5 750
(5] LY
2004 ¢ ¥ °
A '.. > A
&y
I I I I I I 500 h I I I I I I
1975 2000 2025 2050 2075 2100 1975 2000 2025 2050 2075 2100
Year Year
Heart Disease Death Rate, Males Heart Disease Death Rate, Males
° 9+ Year
. kY — 2050
S300- ° — 2060
S 1 64— 2070
S . S — 2080
— N > _—
82004 % o 2 2090
e O &34 — 2100
b= Y Ages 50—-54 =
~ <
[«
= . S
= 100 -
[ 0 -
a
Ages 45-49
I I I I I I I I I I
1975 2000 2025 2050 2075 2100 0 25 50 75
Year Age

Figure 5.4: Selected Examples of Problems with SSAs Qualitative Parameter Selection in Point Esti-
mates of Cause-Specific Mortality Forecasts.
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For another example, the bottom row in Figure 5.4 reports on male heart disease rates. In the left
graph, the out-of-sample data show the forecasts for two age groups crossing, so that after a time it will
be supposedly safer to be age 50-54 than age 45-49; this, of course, makes no demographic or biolog-
ical sense. Similarly, in the bottom right panel, we can see the age profile of the same data, along with
a sharp drop at age 50-54 for all the forecast years, a pattern that would only make sense if there were
some strange medical discovery that did not work until age 50 and ceased working at age 65. Clearly, if
the experts at SSA could have focused on these numbers (as well as on all the others at the same time,)
or if they had encoded their knowledge in formal, reliable, and informative statistical models, these
highly implausible results that are contrary to well-known demographic knowledge would not have
been part of official U.S. government forecasts.

Finally, Figure 5.5 gives a sample of two of the resulting SSA forecasts for male (left panel) and fe-
male (right panel) life expectancy. In this case, these are short term (1-5 year) forecasts, but our com-
panion paper reveals similar results for longer forecasts. The figure is presented in terms of the residual
(the forecasted SSA period life expectancy prediction minus the actual period life expectancy calcu-
lated from the Human Mortality Database; see mortality.org). In both panels, we can see approx-
imately unbiased forecasts until about 2000 (i.e., residuals that vary around approximately zero) and
then a sharp, trending, and continuing downward bias. The result after 2000 is that SSA forecasts peo-
ple will die earlier than they actually do, making the Social Security Trust Funds appear healthier than
they actually are.

In addition to the “best guess” intermediate cost scenario forecasts, SSA also forecasts life expectancy
under low and high cost scenarios. While the interval formed by these alternative scenarios does not
have a formal statistical basis, it is routinely used by the SSA to consider the range of plausible scenar-
ios going forward. Recent Trustees Reports, for example, state that “alternatives I [low-cost] and III
[high-cost] define a wide range of demographic and economic conditions”. In addition to evaluating

the residual for the “best guess” point estimate, Figure 5.5 shows the range of residuals correspond-
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Figure 5.5: Residuals of Short-run Forecasts of Life Expectancy. Solid line represents residuals based
on SSA’s intermediate cost scenario forecasts. The shaded region represents the interval formed by SSAs
low and high cost scenario forecasts.

ing to the high and low cost scenarios forecast by the SSA. If this interval covers zero, it means that the
truth fell within the range of the bounds forecast by SSA. Post-2000, we see that the truth always fell
outside this interval.

The overall pattern in Figure 5.5 is repeated in other mortality forecasts, as well as in the detailed
financial forecast performance of SSA we give in Chapter 4. For example, the “cost rate” is one of the
financial metrics the SSA forecasts and equals the ratio of the cost of the two SSA programs (Old-Age
Survivors Insurance and Social Security Disability Insurance) to the taxable payroll for the year, ex-
pressed as a percentage. When comparing SSA’s forecasts five years out to the eventual true observed

value, we find that the average residual (defined as the difference between the forecast and the observed

107



truth) from 1978 to 1999 was 0.10 percentage points. Post-2000, the average residual was —1.38 per-
centage points — a more than tenfold increase in the magnitude of the error. We find a comparable
large increase in error when examining forecasts one year out to the eventual true observed value:

0.05 average residual for forecasts made in 1978-1999 and —0.52 average residual for forecasts made
in 2000-2011. Similar results of approximate unbiased forecasts before 2000 and very substantially bi-
ased forecasts after 2000 exist for other SSA financial forecasts we studied, including the trust fund bal-
ance and the trust fund ratio. We present detailed figures with complete evaluations of SSA forecasting

errors in our companion paper Chapter 4 and its associated replication data set (Kashin et al., 2015b).

5.1.4 THE UNCERTAINTY OF POLICY SCORING

In addition to producing the annual Trustees Reports, OCACT plays a singular role in American poli-
tics of scoring policy proposals put forth by members of Congress and public policy organizations. The
scores are estimates of the impact of these proposals on the budget and the future of the Social Security
Trust Funds. Because of the nontransparency of SSA forecasts, no other person or organization is able
to produce fully independent estimates, and so all parties rely on these estimates in every major policy
debate. Unfortunately, OCACT does not give uncertainty intervals for their point estimates. We fix this
serious oversight here.

Since 1993, SSA has scored 105 policy proposals, including every major proposal to change the sys-
tem by members of Congress and the White House. To provide rigorous uncertainty estimates, we note
first that the uncertainty of counterfactual predictions, such as SSA’s policy scores, always equals the
sum of (a) the uncertainty of factual predictions — that is, forecasts under the current system — and
(b) uncertainty due to what would happen if we change the system. Our results here quantify (a) di-
rectly and use these results as a lower bound on the total uncertainty of the policy scores.

OCACT gives estimates of the effect of policy proposals on the Trust Fund balance and on the cost

rate. To estimate (a) for each, we take all forecast errors between 1 and 10 years out between 2000 and
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2010, and compute the percentile of error at which each policy score appears. Policy scores that are
statistically larger than zero should be larger than the 95th percentile of the forecast errors (i.e., corre-
sponding to an & = 0.05 significance level).

We plot all the forecast errors in Figure 5.6 for the Trust Fund balance (left) and cost rate (right). For
each, we have policy scores for what will happen 10 years out (on the left of each box) and 75 years out
(on the right). The uncertainty estimates we present here are lower bounds; however, because they are
based on forecast errors 1-10 years out, they are much less tight lower bounds for the 75 year forecasts.
Each dot represents one policy score; dots above the dashed line, appearing in red, are overwhelmed by
forecasting error. The few policy scores that are significant at the 5% level appear in green at the bottom
of the figure.

To be more specific, for the 75-year forecasts, the 95th percentile of forecast uncertainty for OCACT’s
policy scores is less than the estimated effect size of just 6 of the 68 proposal scores for Trust Fund bal-
ance and just 3 of the 23 proposal scores for the cost rate. Put differently, fewer than 10% of OCACT’s
75-year-out policy scores made in the last two decades can be distinguished from random noise. None
of the generally smaller 10-year-out policy scores can be distinguished from random noise. And this
is under the most optimistic assumptions, with our figures being lower bounds as to the amount of
uncertainty. If we were able to incorporate the likely larger uncertainty due to changing the system in
ways that have never been observed (i.e., b above) or measure the uncertainty in real forecasts as far out
as their policy scores are computed, the situation would be even more grim.

To be clear, the solution here is not for SSA to stop making policy scores, but rather for them to pro-
vide rigorous uncertainty estimates every time they make a prediction or counterfactual policy assess-

ment.
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Figure 5.6: Empirically Inferred Significance Level of Estimated Policy Effect Size. Policy proposal
scores for Trust Fund balance (on the left) and the cost rate (on the right), shown as red circles if fore-
cast uncertainty overwhelms estimated policy effect size and as green triangles if forecast uncertainty
(95th percentile, . = 0.05) less than policy effect size. The left of each box are 10-year-out policy
scores, and at the right are 75-year-out policy scores. All significance levels here are lower bounds on
uncertainty, meaning that the reported a-level is likely higher than indicated.
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5.2 THE ORIGINS OF SOCIAL SECURITY FORECASTING BIASES

We offer in this section a hypothesis about the origin of the systematic biases in SSA forecasting, which
we summarized in Section 5.1. We begin by considering two possible but unlikely explanations, and
then turn to our hypothesis. We present a variety of evidence for this hypothesis, including a powerful
existing body of social psychological research and numerous interviews. Then in Section 5.3, we de-
tail the internal and external pressures on OCACT, the weight of which is strongly consistent with the

social psychological evidence for what generates biases in situations like these, and how to fix them.

5.2.1 A POSSIBLE BUT UNLIKELY EXPLANATION

One logical possibility for increasing error rates in SSA forecasts is bad luck. No one predicted the
onset of the Great Recession that began in December 2007, and so it would be unfair to hold SSA
accountable for missing it. Additionally, between 2000 and the start of the recession, one might ask
whether the small number of years of biased performance might well be due to random chance. This
argument may be reasonable when evaluating the cost rate in isolation, but attributing the systematic
patterns to SSA’s errors in predicting life expectancy, and possibly other financial variables, is not con-
sistent with that evidence. Moreover, SSA’ errors in demographic forecasting go back significantly
further than the Great Recession, and the observed values of demographic variables are highly smooth
(with little change in the level of smoothness) over time. Finally, in our companion paper, we argue
that the rise in unemployment that occurred during the Great Recession was not large enough to cause

the corresponding decrease in mortality rates.

5.2.2 A HYPOTHESIS

Our hypothesis for SSA’s systematic forecasting errors begins with the observation portrayed in Fig-

ure 5.3: mortality and the change in mortality have been trending downward since 2000. Whether this
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pattern was predictable or not, it became increasingly clear after a few years that mortality rates were
decreasing at a faster rate and, consequently, adults age 65 years and older were living longer lives and
would be drawing Social Security retirement benefits longer than anticipated. At the same time, three
separate phenomena caused SSA to not respond to these dramatic changes in the input data.

First, the possibility of bias exists because OCACT’s forecasting procedures meet essentially all the
major conditions for generating inadvertent biases established in the extensive and well-documented
social psychological literature (Gilbert, 1998; Banaji and Greenwald, 2013; Kahneman, 2011; Wilson
and Brekke, 1994). As we detail in Section 5.3.2, OCACT works hard to uphold its reputation and cen-
tral position in policy debates, sometimes even to the extent of intentionally degrading the accuracy of
its forecasts, by keeping them unchanged in the face of changing input data, to maintain its privileged
central position. OCACT is represented at all major decision points and is open to talking to every-
one in and out of government, but they see themselves—and attempt to maintain their position—as
the sole judge and jury, and consequently routinely ignore recommendations of their scientific advis-
ers. OCACT does not benefit from well-known internal procedures or external checks that could be
imposed to avoid bias. OCACT relies heavily on informal decision-making procedures executed by
committees composed of their staff with high levels of individual discretion and few formal procedures.
In doing so, OCACT does not follow widespread objective and systematic administrative and statistical
procedures that might prevent these problems. Their lack of transparency also leads to OCACT being
the monopoly supplier of independent forecasts and policy proposal evaluations, with no one else in
SSA, the government, or the public able to offer an alternative view or to help SSA by surfacing biases
that may inadvertently arise. Although the Congressional Budget Office evaluates policy proposals, its
solvency forecasting model assumes the veracity of SSA's demographic forecasts.

Second, a higher probability of bias, as well as the specific direction of bias, appears to have occurred
because of new and unprecedented external political pressures on Social Security that began after about

2000. As we detail in Section 5.3.3, the Chief Actuary and his office found (or placed) themselves in
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the untenable position of simultaneously being the defender of Social Security, a supposedly unbiased
arbiter between increasingly polarized political parties, and a defender of their own office’s reputation.
OCACT responded to this pressure by hunkering down and trying as hard as possible to resist change
in response to political pressures. Although a laudable attempt, social psychological evidence indicates
that ad hoc and qualitative procedures allow biases no matter how hard individuals try to avoid them.
The particular direction of bias turned out to cause OCACT to be insulated not only from inappropri-
ate political pressure but also from needed changes due to changing patterns in mortality and other
inputs into the forecasting process.

The third and final component of our hypothesis is that we need not assume anything but good in-
tentions of all employees of SSA. Our results are consistent with the oft-stated insistence of SSA offi-
cials that they try as hard as they can to be as unbiased and objective as possible with regard to external
political or other pressures. Indeed, our interviewees indicate that the actuaries at OCACT, usually
represented by Chief Actuary Stephen Goss, work hard to help those on both sides of every policy de-
bate over Social Security. Some emphasized how hard the actuaries work by explaining that civil ser-
vants do not need to be at White House or Congressional policy meetings late into the night but, if that
was when the discussions where happening and they could have influence, OCACT always occupied
their seat at the table. OCACT jealously guards the independence it has been granted by Congress,
despite pressures from members of Congress, the Administration, and other SSA officials. Moreover,
OCACT does what it can to be helpful to those involved in crafting legislation while trying to avoid
bias. OCACT is regarded as among the better forecasting groups in the federal government, and indeed

most other countries with public retirement systems similar to SSA have no forecasting arm at all.
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5.3 PRESSURES ON THE SOCIAL SECURITY ADMINISTRATION

We now discuss social-psychological pressures, pressures internal to SSA, and external pressures on

SSA.

5.3.1 SOCIAL-PSYCHOLOGICAL PRESSURES

Although perhaps counter-intuitive, Banaji and Greenwald (2013) and numerous others in the litera-
ture have shown that good intentions can coexist with a high probability of bias when human beings
perform complex tasks with high levels of discretion over many individual decisions, little feedback

on whether they made the right choice the last time, high levels of external pressure, and few external
checks. Humans have limited access to their own mental processes, and their biases do not give rise to
any self-evident subjective experience they can use to avoid the biases Wilson and Brekke (1994). Con-
trolling one’s own mental processes to avoid bias is often difficult or impossible, and most people vastly
overestimate their ability to control their own mental processes and potential biases, even when explic-
itly told about documented biases in their own behavior. In fact, subject matter experts overestimate
their ability to control their own personal biases even more than nonexperts.

Most importantly, attempting to reduce these biases by merely “trying harder;” or replacing one per-
son with another who is even more vigilant, will usually have little or no effect. In this regard, even
“teaching psychology is mostly a waste of time” (Kahneman, 2011, p.170).

These psychological biases are exacerbated by problems with uncertainty estimates in the same situ-
ations. Experts who use informal qualitative approaches are typically overconfident. Indeed, the more
prominent or central a role the forecaster has—and as the sole supplier of forecasts and policy evalua-
tions, OCACT could hardly be more central—the more overconfident their statements (Tetlock, 2005).
The conclusion of the psychological literature on estimating confidence levels qualitatively is clear: “do

not trust anyone—including yourself—to tell you how much you should trust their judgment” (Kahne-
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man, 2011, p.240).

Research shows that “Biases in human reasoning are of two general types: those that result from the
failure to know or apply an explicit rule of inference — the failure of rule knowledge or application —
and those that result from mental contamination (cases whereby a judgment, emotion, or behavior is
biased by unconscious or uncontrollable mental processes)” (Wilson and Brekke, 1994, p.118). A key
finding of this literature is that although mental contamination in individual judgment (i.e., “personal
bias”) is in many instances not correctable no matter how hard one tries to avoid it, errors due to the
failure of rule knowledge or application can be fixed by learning or by instituting formal procedures.

Some of the problems can be avoided altogether by replacing qualitative judgments with formal sta-
tistical rules capable of being learned and applied objectively. Others can be corrected by imposing
systematic procedures on qualitative decision making. Of course, deciding what formal statistical rules
to apply are themselves also subject to mental contamination and other biases, especially when im-
plemented by an individual or small group working together. However, these problems are vastly less
likely to occur when different teams, with different backgrounds, perspectives, and preferences, check
each other, as occurs in a well-functioning scientific community. This is a key advantage of following
the replication standard, making data and forecasting procedures publicly available, and encouraging
the scientific community and others to participate in helping to ensure that SSA’s forecasts are as accu-
rate as possible.

By this theory, avoiding future forecasting biases like those we document above will probably not be
achieved by OCACT personnel working harder or trying to be less biased. The solution instead is to

make organizational changes that:

1. Remove human judgment where possible by formalizing informal procedures, and in the process
taking advantage of dramatic progress over the last quarter century in statistical modeling and

data science (about which more in Section 5.4);
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2. Institute structural procedures when qualitative judgments are still required. For example, as
in double blind article reviews, it may be possible to elicit information from experts before they
know the details of how the information they provide will affect the ultimate forecasts, and in

ways that reduce the chances of “group think”; and

3. Share data and procedures with the rest of SSA, the scientific community, and the public so that
any biases that inadvertently occur in steps (1) and (2) are detected and corrected, and so that

groups in addition to OCACT can provide forecasts and policy evaluations.

5.3.2 INTERNAL PRESSURES

The internal pressures on OCACT we detail in this section are related to the Office attempting to pro-
tect its central role in the Washington debate, to be useful to policymakers, and to be seen as important.
We list here seven characteristics of OCACT which describe how it pursues these goals. These char-
acteristics interact and overall portray hard working public servants trying to do their jobs without

any substantive bias. Yet, they remain unprotected from biases because they have not adopted the well

known procedures developed in social psychology, behavioral science, and statistics.

ISLAND OF FAIRNESS

First, the self-conscious public stance of OCACT is as an island of fairness and objectivity amidst a
storm of partisans, and so far as we can tell this is precisely what they attempt to do. The present Chief
Actuary, Stephen Goss, regularly appears in public making earnest sounding but extreme claims about
how unbiased he and OCACT are. For example, in a public address, Goss said “T'll take a bullet be-
fore I modify anything under any kind of political pressure, and that’s just an absolute. My sense is
that there are some jobs and you do whatever it takes and if people don't like it that’s too bad.... We're

giving it all we got, and objectivity, challenge everything, and no known bias, is always the mantra”
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(j.mp/GossCSPAN13). Similarly, one person who served as a Trustee told us emphatically “I have never
seen a single instance of political pressure” in OCACT. And the feeling is mutual, as indicated by Goss’
public statement that the Trustees “work in a really truly nonpartisan way” (j.mp/GossCSPANG6-13).
Having public servants who try for this level of fairness is certainly ideal but, as indicated above, try-
ing harder to be free from bias is an ineffective way to further reduce bias unless they begin to use the

well-tested advice from the scholarly literature.

MONOPOLY SUPPLIER OF EVALUATIONS AND FORECASTS

Second, as indicated in the introduction to this chapter, OCACT’s nontransparency, lack of data shar-
ing, and informal forecasting methods means it is the monopoly supplier of fully independent forecasts
and evaluations of policy proposals. Goss says regularly that OCACT gives different projections under
different “explicitly stated assumptions” (j.mp/GossCSPAN13); however, OCACT has full discretion
to choose to evaluate or ignore any request to evaluate policy proposals under any assumptions other
than those requested by Congress or the Administration. This stance may be consistent with the idea
of OCACT being an island of fairness, and it may even be required, but it means that any bias inadver-
tently introduced, such as by choosing to evaluate only proposals with certain assumptions, is unlikely
to be corrected. Moreover, SSA cannot take advantage of the central contribution of the idea of science,
which is not merely “acting scientifically” but rather involves different groups checking on each other
to do better than any group could on its own.

Although all final decisions are made by the Trustees, the scientific capacity to make and judge
forecasts inside SSA resides almost exclusively with OCACT. Unfortunately, OCACT seems to act as
a judge and jury, rather than a participant in the scientific process leading to the forecasts. Until the
last two years, OCACT has offered little explanation as to why their forecasting practices differ so dra-
matically from the Technical Panels recommendations in many instances. In the 2012, 2013, and 2014

Trustees Reports, they addressed a small number of issues, mostly to declare the Technical Panels cor-
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rect or incorrect on each issue, but with little serious engagement with, or respect for, the Panel’s argu-

ments or conclusions (j.mp/OCACT12, j.mp/OCACT13, and j.mp/OCACT14).

CONSISTENCY Bias

Third, most of our respondents emphasize that OCACT values consistency in forecasting over time
above accuracy at any one time. That is, in the face of new predictive information or new methods of
analysis, OCACT intentionally degrades forecast accuracy, biasing today’s forecast towards yesterday’s
forecast. Congruent with this claim, OCACT forecasts tend to be much smoother over time than those
from Medicare and others. There is of course a prudent aspect to this pattern, where a good forecaster
tries not to overweight the last bit of new information.

However, many of our respondents prefer to explain this pattern via either personal or institutional
explanations. The personal explanation attributes consistency bias to individuals, particularly the Chief
Actuary, doing whatever he can to avoid having to admit his office was wrong. The institutional expla-
nation attributes consistency bias to OCACT trying to emphasize its central role in the policy debate
in Washington, since it recognizes that negotiation between the parties is easier when they agree on
one set of consistent forecasts, even if they are wrong (or not known to be right). In support of either
explanation, the bias in favor of consistency over time leads Chief Actuary Goss to be regularly de-
scribed by our respondents as “intellectually biased, but not politically biased” Goss himself described
this consistency bias: “the hard part is trying to balance the need to change on the basis of new ideas
and understanding with the desire for consistency and stability over time” (Interview with Society of
Actuaries, j.mp/GossSOA).

We can show exactly how this consistency bias occurs with an example that arose in multiple inter-
views we conducted. It conveys the high level of discretion allowed by OCACT'’s forecasting procedures
(which may lead to this and other types of bias) and how consistency is implemented. When the Tech-

nical Panel strongly recommends changes in one of OCACT’s myriad forecasting assumptions, they
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receive one of three responses: when the Chief Actuary had good evidence, he engaged the Panel and
convinced them that no change was needed; when the Panel had better evidence, Goss ignored the
Panel and did not change the assumptions (Autor and Duggan, 2006); finally, in the small subset of
cases when the Panel pushed hard even though Goss was ignoring them, Goss changed the assump-
tion in the direction the Panel wished (although often not as far as it wished) but then changed another,
unrelated, assumption not at issue in the opposite direction to counterbalance the first and keep the
ultimate solvency forecasts largely unchanged.

Several of our interviewees independently suggested that they thought Goss maintains a private list
of assumptions that in his best judgment require change. However, instead of making these changes
when they seem to him to be scientifically warranted—immediately—OCACT introduces them over a
much longer time frame, at instances specifically chosen to counterbalance other changes in the world
and pressures from the Technical Panel, all in order to keep the ultimate forecasts relatively consistent
over time.

The issue here, again, is not the people but the procedures, since most of these interactions are infor-
mal, out of view of the public, and thus subject to potential unintended biases. These procedures could
easily be changed by making them visible, and the forecasts, as a result would be easy to improve.

One defense of consistency bias that occasionally arises is that SSA’s goal is forecasting 75 years out,
and so it may not make sense to adjust forecasts in response to every new piece of information that
comes in. From a Bayesian point of view, this argument is plainly false. And from the point of view of
scientific evaluations, no evidence exists on the accuracy of 75-year Social Security forecasts, and so all
that can be done is to evaluate shorter term forecasts where data exist. And finally, even if the shorter
term evaluations are not relevant to 75-year forecasts, they are still vitally important to tens of millions

of Americans who plan to receive benefits over shorter time horizons.
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IGNORING TECHNICAL PANEL METHODOLOGICAL RECOMMENDATIONS

Fourth, SSA’s external scientific advisers (their Technical Panels) have long recommended that OCACT
evaluate OCACT'’s forecasts, share their data, make their procedures and decisions transparent, and
formalize their methods. The Congressional Budget Office, for example, routinely self-evaluates its
own Social Security forecasts, although they rely on OCACT demographic forecasts as an input. (The
technical panel consists of outside experts appointed by the Social Security Advisory Board. The panel
assesses key demographic and economic assumptions, provides advice, but it does not independently
make forecasts.) OCACT ignores or only partially follows most of these Technical Panel’s recommen-

dations. For example, on evaluating forecasts, the 2007 Technical Panel wrote:

We believe that the accuracy of past projections should be the subject of routine report-
ing, either in the Trustees Report or in separate supplemental publications on method-
ological developments. There should be an analysis of the accuracy of past 10-, 20-, and
30-year projections similar to those periodically done by the Census, Bureau of Labor
Statistics (BLS), and the Congressional Budget Office. The report should include a com-
parison of historical values with projected high-cost and low-cost scenario variants, not-
ing how often each variable exceeded past projected outer bounds. (j.mp/SSATecho7,

p-4-5)
Other technical panels have also encouraged OCACT to share data and information with “differ-
ent parts of SSA and within the larger research community” (j.mp/SSATech11, P.3). OCACT has made
some information available, and the Technical Panel has been appropriately generous in complement-
ing OCACT for some progress, but withholding even one link in the forecasting chain means that repli-

cation is impossible. The 2007 Technical Panel was unambiguous on this point:

Throughout this report we call for more transparency in the models and data the actuar-
ies use, as well as the assumptions that drive their results. This recommendation is per-
haps the most important one we make. Only with more transparency can other social
scientists...bring their intellect to bear on the many complex questions the Trustees and
actuaries face.

It is worth noting that all analytical agencies...must make assumptions about behavior
or phenomena that are unobservable or immeasurable. In the process, the assumptions
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become deeply embedded and the models closely guarded; and these agencies are under-
standably reluctant to revisit their assumptions or reveal methods. Nonetheless, it is es-
sential to do so. First, accountability requires it.... Second, and more important, ongoing
comprehensive, external review can greatly assist the quality of the analytical exercise.

Transparency of the OCACT models will require several developments: (1) providing
more comprehensive documentation, (2) making data from SSA records more available,
(3) creating explicit models where none exist, and (4) clearly explaining the processes
employed. The ultimate test of transparency is whether the actuaries’ results can be essen-
tially replicated.

These issues have been raised in many ways in all the Technical Panel reports over the past 15 years. In
2011, SSA released some appendices with additional details, but they still do not meet the replication

requirements of the recommendations.

IGNORING TECHNICAL PANEL SUBSTANTIVE RECOMMENDATIONS

Fifth, OCACT and the Trustees ignore, or at best undervalues and underutilizes, important substantive
recommendations by its Technical Panels, even those issued repeatedly. Others are given little more
than token mentions or dismissals in the annual Trustees Report. On some points, the Trustees Reports
directly contradict the conclusions of the Technical Panel and, in defense, the Trustees merely repeat
identically worded assertions year after year in the annual Trustee Report without engaging the Tech-
nical Panel on the crucial issues raised. The Trustees and Technical Panel agree on many issues too, but
the lack of engagement or mutual understanding is obvious.

Consider one important example highlighting both the lack of responsiveness of the Trustees to
the Technical Panel and the high levels of discretion OCACT’s actuaries have in making numerous
informal and qualitative decisions—factors that create exactly the conditions for inadvertent bias more
likely to occur. Part of OCACT’s informal forecasting approach involves a committee choosing the
large number of ultimate rates of decline in mortality discussed in Section 5.1. The committee then
enters into complex discussions with many others in Congress, the Administration, and elsewhere,

before making a final decision. (See Appendix B for more details.)
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Since human beings are incapable of keeping so many moving parts in their heads at once, the re-
sults are suboptimal and are sometimes even logically inconsistent (Soneji and King, 2012). The Tech-
nical Panels have repeatedly recommended changing this approach, with little response from SSA (e.g.,

in 2012, the number of causes of death was reduced from 7 to 5):

For the intermediate scenario, the Trustees make assumptions about 70 rates of decline

(5 age groups X 2 sexes x 7 cause categories). Consideration of the low-and high-cost
projections increases the total number of parameters to 210. The Trustees Report does
not describe the process for arriving at this large number of assumptions. (2011 Technical
Panel, p. 57; j.mp/SSATech11)

The process of producing 70 assumptions about ultimate rates of decline by age, sex,
and cause of death for each of three cost scenarios is not documented and appears to be
informal. Simplifying the mortality assumption will considerably improve the trans-
parency of the Trustees Report. [for emphasis, they also quote previous reports] (2011
Technical Panel, p.59)

A model based on separate projections by cause of death over a long time horizon is
both implausible and inconsistent with historical experience. There is little written expla-
nation of how these assumptions were developed. (2011 Technical Panel, p.59, quoting
the 2003 Technical Panel, p.38; j.mp/SSATecho3)

In this situation, each of the 210 decisions for ultimate rates of decline is ambiguous; each decision
depends on others and often in complicated ways. A clear definition of the objectively correct outcome
does not exist, and during this process individuals in Congress, the administration, and OCACT have
their own opinions, often pushing hard to get their favored outcome. The odds are high that an indi-
vidual or committee in OCACT with an even very slightly favored outcome will inevitably, perhaps
imperceptibly, bias the average decision in their favor. And the evidence indicates that hard working,
professional and objective public servants will not be able to overcome this bias, no matter how hard
they try, without instituting some type of known, open, and formal procedures.

The differences of scientific opinion between the scientists on the Technical Panels and the OCACT
acting on behalf of the Trustees are often of considerable importance. For example, Figure 5.7 docu-
ments the four Technical Panel recommendations on the overall ultimate rate of decline of mortality

(in red) and the choices made by OCACT and accepted by the Trustees (in turquoise).
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Figure 5.7: Technical Panel Recommendations of Ultimate Rate of Mortality Decline and SSA’s Chosen
Assumptions. Note: LE=life expectancy.
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The data from the four Technical Panels in this figure cover the period during which we documented
systematic bias in SSA’s forecasts above. The results in this example demonstrate that the Trustees
have consistently ignored the Technical Panel for the last 15 years. The differences in the figure are
large, consistent, and all in the same direction. In which direction has SSA chosen to deviate from its
own scientific advisers for so many years? In the same direction as the systematic bias shown above
in shorter term forecasts: SSA chooses to make the Trust Funds look financially healthier than their

scientific advisers think they are.

INFORMAL PROCEDURES THAT INCREASE VULNERABILITY TO Bias

Sixth, many of OCACT’s procedures have not changed in decades, despite scholarship that clearly
demonstrates their suboptimality and likelihood of generating bias. Some of their procedures can be
automated to eliminate bias; others cannot be automated and must remain qualitative, but could easily
be changed to reduce bias.

For example, consider OCACT’s informal procedures for choosing the 210 ultimate rates of de-
cline (or 150 as of a few years ago). OCACT allows participants in the process to see the effect of their
judgments about the value of input assumptions on the ultimate solvency forecasts while making the
judgment. This means that the information they are trying to elicit is very likely to be contaminated by
OCACT’s known consistency bias in solvency projections (see the third point above) and possibly also
any other pressure or preference.

Indeed, allowing this type of contamination is a qualitative example of a common quantitative fore-
casting mistake (Girosi and King, 2008, p.11-12), where a forecaster tweaks a statistical model until
the results make the ultimate forecast consistent with their prior belief. The result, of course, is that
the model itself contributes little or nothing to the process, and the forecaster is merely choosing the
forecast he or she wanted initially.

Fortunately, eliminating this contamination would be straightforward and could occur in one of two
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ways. First, OCACT could retain their qualitative decision process and institute standard “debiasing”
procedures such as blinding those providing information about the assumptions from their effects on
solvency until after providing their information. Thus, OCACT would ensure that the process of elic-
iting information would be focused on only the information. Second, OCACT could instead formalize
all available knowledge about their assumptions in a formal statistical methodology. The former would
have the advantage of disrupting OCACT’s practices as little as possible. The latter would change the
process more, but would likely also substantially improve the quality of forecasts even after the effect of

removing the bias.

PERSONNEL CHANGES

Finally, we note the most recent change in personnel in OCACT leadership: Harry Ballantyne was the
Chief Actuary from 1982 to 2000; Stephen C. Goss took over in 2001 and remains in the post. How-
ever, attributing the increasing biases that began coincident with this change in leadership is not as
obvious as may seem, as Goss had worked as a civil servant in OCACT for 30 years prior to being pro-
moted to Chief Actuary as have other actuaries in OCACT. Moreover, as we explain above, the social-
psychological evidence indicates that a change in procedure, not different the specific individuals fol-
lowing the same procedures and or trying harder, is what would make a difference in reducing bias.
And in fact, the possibilities for bias were evident even before Goss took the helm. For example,

Rosenblatt and DeWitt (2005, p.44) give an example of one type of influence from an earlier era:

“The budget assumptions of any administration are often overly optimistic,” said former
chief actuary Harry Ballantyne. The political leaders, whether Democrat or Republican,
believe that their economic and fiscal policies will produce positive results in the short
term. They would like the Trustees’ Report to reflect their optimism. “Many times there
are some differences” between the actuaries and the political staff members, said Ballan-
tyne. “The cabinet staff people would say, ‘why can’t we assume this?” We go back and
forth, and sometimes changes are made.”

When many such opportunities for influence, individual discretion, and lack of formality occur, the
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forecasting process becomes open to the possibility of inadvertent biases that no amount of individual
effort is likely to solve. Instead, the solution here is for the personnel in charge to institute some of the
proven procedures well known to avoid bias. Our hypothesis is that the internal pressures discussed
in this section open up the possibility for bias, with probabilities for bias increasing as a result of the

increase in external pressures we discuss in the next section.

5.3.3 EXTERNAL PRESSURES

The internal situation at OCACT within SSA described in Section 5.3.2 makes clear that inadvertent
biases are at least a possibility. Such biases can occur because numerous small informal decisions are
made by people without the benefit of formal statistical models, automated computer assistance, or
formal procedures for how to impartially elicit informal or qualitative information. Since many of
OCACT’s general procedures have remained largely unchanged for so long (during which dramatic im-
provements in forecasting methodology, social psychology, and behavioral science have taken place),
something else must have changed to increase the likelihood of bias beyond a theoretical possibility.
The hypothesis we offer here is that of unusually intense political pressures from the outside, which be-
gan at about the same time, caused OCACT to resist all types of change, even when it was needed due
to changing inputs.

To begin, we first lay out the partisan motives and political strategies underlying the ongoing debate
over Social Security. In particular, the complicated politics seems to have played out in this domain
in at least three ways. Through all of this OCACT was pushed and pulled from every direction, and
during which the actuaries tried hard to resist change.

First, the standoff on Social Security has many conservatives preferring to change the system by cre-
ating personal savings accounts managed by the government (often called “privatization,” especially
by opponents) or cut back its benefits, and many liberals preferring to leave the program as is or to

expand it. The conservatives’ political strategy to achieve these goals seems to be to emphasize the fore-
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cast point estimates, most of which predict Trust Fund insolvency by the 2030s. They then characterize
the situation as a crisis and call for early negotiations to “save the program,” which would likely lead

to their goal of cutting it back to some degree. In contrast, the liberals’ political strategy seems to be to
deny any crisis by emphasizing the size of the uncertainty intervals, which are wide enough so that in-
solvency might well be averted by waiting for the economy to improve. Waiting might also benefit the
liberals since they would have a chance for the political tide to turn and possibly emerge with a more
amenable or less powerful negotiating partner (as when the original Social Security Act was passed in
1935). Of course, this characterization does not account for all liberals and conservatives. In fact, both
presidential candidates in the 2012 election took what we are describing as the “liberal” position —
Obama presumably for the liberal reason above and Romney to focus voters on other issues.

Second, if the two sides in this debate took the point estimates seriously (i.e., the best guess about
what will happen), they might well switch positions. That is, any reasonable forecast point estimate has
the system going insolvent by about the 2030s. Instead of meaning the end of the program, insolvency
would translate into benefits being cut by about 25%, which might be roughly what the conservatives
are after. So, waiting might be the preferred conservative strategy, whereas insisting on early negoti-
ation — when small and relatively painless changes in payroll taxes or retirement ages could ensure
long term solvency — would be the liberal preference. Alternatively, since few involved in the politi-
cal debate think it is reasonable to make changes to the system for those within a decade of retirement,
waiting might well involve more taxes or fewer benefits, and so perhaps the conservatives should not
want to wait. Overall, the intensity and complexity of politics here may explain some of the positions
of Republicans and Democrats who, respectively, often do not fit the current conservative and liberal
debating positions, and sometimes do not agree among themselves.

And finally, we could look at the issue from the perspective of time. Politicians who are trying to
maximize their own self-interest need to do so within a time frame, which especially affects decision

making about a program designed to work over many generations (Weaver, 1988, Ch.4). Republicans
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at any one point in time may want to delay shoring up Social Security in order to focus the immedi-
ate political debate on other issues, such as tax cuts. In contrast, Democrats, such as the Obama Ad-
ministration taking office during an economic crisis, might also want to delay fixing long-term Social
Security solvency problems while it deals with its own shorter term issues.

The result of these highly visible conflicting political forces has led to chaotic politics over the Social
Security program. However, along with the general increasing partisan rancor in Washington around
the turn of the millennium, the existing political divide over Social Security began to more cleanly sep-
arate and intensify. In the late 1990s, “the politics of Social Security in the United States entered a new
phase as...privatization...came to dominate the debate” (Beland, 2005, p.165). As opposed to previ-
ous movements to reform Social Security, privatization requires a fundamental change in the struc-
ture of the program, eliminating or reducing the importance of the Trust Fund — and at least some of
the need for actuaries and the OCACT to forecast its solvency — by instituting individual retirement
accounts. As the conservatives increased their support for personal savings accounts, a debate about
them emerged within the Clinton Administration. Although Social Security reform of some type was
on their agenda, it was ultimately dropped because the Monica Lewinsky scandal used up too much
political capital and attention. President Clinton, not wanting to divide his own supporters at this po-
litically sensitive time, used his 1999 State of the Union address to oppose privatization (Beland, 2005;
Beland and Waddan, 2012).

Around the same time, some began to argue that Social Security forecasts were too conservative,
indicating that the Trust Funds were in less danger than claimed. This resonated with the Democrats,
who even convinced the General Accounting Office to hire PricewaterhouseCoopers to investigate
whether the “Social Security Board of Trustees’ may overstate the Social Security deficit” (j.mp/pwcgao).
PwC evaluated whether the actuarial methods used by OCACT to produce forecasts for the 1999 Trustees
Report conformed to standards of actuarial practice, such as data sources and how measures were con-

structed; PwC did not evaluate or compare SSA forecasts with the eventual truth.
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Then, in 2001, George W. Bush took office and, beginning with his inaugural address, became the
first president since the inception of Social Security to call openly for a major structural reform in the
program. Bush made numerous speeches supporting personal savings accounts (j.mp/GWBss). In
2001, Bush appointed the President’s Commission to Strengthen Social Security — a body instructed
to support his conclusions. The Commission developed and evaluated solvency proposals under a set
of guiding principles provided by the Bush administration. While the September 11 terrorist attacks
largely put Bush’s social policy agenda on hold, its savings accounts were resurrected in 2005 in even
stronger form (Altman, 2005; Beland, 2005; Beland and Waddan, 2012). As part of the initiative, Bush
embarked on a series of town hall meetings that represented “perhaps the most extensive public rela-
tions campaign in the history of the presidency on behalf of reforming Social Security” (Edwards III,
2007, p.284). Sounding a favorite theme, President Bush said in a radio address that “the system is bro-
ken, and promises are being made that Social Security cannot keep” (1/15/2005, j.mp/BushRadioos).
Overall, the Bush initiative “was the biggest and most concerted effort to overturn the program since
its birth seventy years earlier and the only one directed from the White House itself” (Laursen, 2012,
p.504).

These changes in the public debate put SSA and its actuaries under a new and unusually extreme
form of political pressure. They were pulled in every direction — while always still trying to remain
internally consistent and relatively constant over time (as described in Section 5.3.2). The Democratic
minority on the Committee on Governmental Reform issued a partisan but compelling report with
specific examples of changes in the language used by SSA as it supposedly bent to the will of the Bush
White House (j.mp/DemsSSos). Contemporaneous news reports confirmed the Bush Administration’s
at least partially successful attempts to influence SSA communications to emphasize the financial un-
sustainability of the program (j.mp/NYTs1-05). In response to the claim that SSA forecasts were too
conservative (and thus helping Bush’s reform efforts), Charles Blahous (who was soon to become a

Public Trustee of Social Security) distributed an extensive rebuttal for a public presentation (Blahous,
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I11, 2007, 2010). Additionally, Chief Actuary Goss openly clashed with the Republican SSA Commis-
sioner, and Goss was, in turn, strongly defended by Democratic lawmakers (see j.mp/GossVSreps).

The external political pressure on SSA summarized here became unprecedented at just about the
time when SSA’ systematic forecasting biases began to increase. It appears that OCACT reacted to
the extraordinarily intense and chaotic partisan politics by redoubling the practices we discussed in
Section 5.3.2 and trying to resist the political forces, but also inadvertently resisting genuine changes in
input data. They engaged more in policy discussions to try to protect their position, resisted more than
ever advice from their Technical Panel and others, maintained their consistency of forecasts over time
even when evidence was building to the contrary, and generally remained in a pre-2000 world.

As the data indicated change and an increasing chorus of outside voices lobbied for it, the OCACT
felt that the best way to retain their independence was to stay the course. Then, with the internal pres-
sures and lack of open, transparent information and data sharing highlighted in Section 5.3.2, any bi-
ases that entered into the forecasting process, such as by ignoring the input data, were not likely to be
detected or corrected.

The solution to these problems is not to find the perfectly unbiased and objective arbiter, since this
person exists only in theory, but to open up hidden procedures for all to see and to encourage public
and scientific scrutiny to help the system and its resulting forecasts improve. SSA forecasting method-

ology and procedures need to be modernized.

5.4 FORMALIZING AD Hoc, QUALITATIVE FORECASTS

We provide an overview of how to fix the problems with SSA forecasting in Section 5.3.1. A key com-
ponent of these suggestions is to replace ad hoc qualitative forecasting with formal statistical methods
that include the key features of mortality data.

We conceptualize log mortality for each time period and age group as the dependent variable in a
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linear regression containing time trends and risk factors such as smoking and obesity as predictors.
We can then express expert information on the smoothness of log mortality via a set of specialized
Bayesian priors (Girosi and King, 2008). Unlike traditional Bayesian approaches, these priors are stated
in terms of the expected value of the dependent variable, not in terms of coeflicients. Such an approach
reflects the knowledge demographers and public health experts actually have (since mortality is directly
observable). In practice, placing priors on coefficients puts impossible constraints on the parameter
space; priors on expected values implies priors on the coeflicients that vary over the observations and,
consequently, are much easier for experts to encode their prior information.

To begin, let a be the index age (for a total of A ages) and ¢ be the index the year (for a total of T
years). Suppose that the log conditional probability of death at a given age a and a given year ¢ (denoted
qat) follows a normal distribution, where the mean of the distribution systematically varies as a func-

tion of covariates:

Gar ~ N (pty, 95) (5.2)

and

Uoy = ZayP,, (5.3)

wherea = 1,...,A,t = 1,..., T. Z, ; is a vector of exogenous covariates that typically contains a linear
time trend, smoking prevalence lagged k years in both time and age, and obesity prevalence lagged k
years in both time and age. Other covariates can be easily included as well. Time is included as a crude
measure of technological change; improving this measure would be valuable, and measures exist, but
more predictive measures have not been found. In more general matrix notation, 4 = Zf, where Zis a
block diagonal matrix (with Z, forming the blocks) and f3 is a column vector formed by concatenating
the A age-specific coefficient vectors.

As discussed, experts possess key information about the behavior that mortality forecasts should ex-
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hibit. This expert information is grounded in decades of carefully examining demographic data and the
patterns within it. The typical Bayesian approach is to quantify such expert information in the speci-
fication of a prior on the regression, P (f3|0), where 0 is a hyperparameter or a smoothing parameter.
Similarly, P (o) is the prior distribution for the standard deviation.

We allow users to formulate their priors in terms of the expected value of log mortality (the de-
pendent variable), subsequently backing out the corresponding prior on the regression coefficients:
P(u|0) = P(p|0), which then allows standard Bayesian computational techniques to be used. Since
u; is a scalar and B is a vector, the many-to-one transformation seems impossible. However, if we re-
strict our attention to the subspace of R4 where y can be explained by the covariates Z, S; ¢ RT*4
(which is the support of the prior), the transformation is directly invertible without additional assump-
tions beyond that Z is of full rank: p = (Z'Z)"'Z/p.

Then we only need to specify priors in a manner that accurately represents expert knowledge about
the behavior of 4, the expectation of log mortality. We do this in a set of L statements. Each statement,
written as H[u] for [ € [1, ..., L], is a smoothness functional (a map from a set of functions to the set of

real numbers). The prior distribution on the expected value of log mortality may then be expressed in

terms of these L smoothness functionals:

P(]6) o exp(—5 S Hilu, 0) (5.0
1

where 0, is a non-negative weight placed on the on /th smoothness functional. In practice, much of
expert knowledge about the behavior of log mortality may be translated into at least three types of
smoothness functionals. First, smoothness over age stipulates adjacent age groups should have similar
expected values of log mortality. Second, smoothness over time stipulates nearby time periods should
have similar expected values of log mortality. Third, smoothness over age and time stipulates adjacent

age groups should have similar time trends of the expected values of log mortality.
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For example, consider smoothness over age groups. Intuitively, we want adjacent age groups to have
similar expected values of log mortality, y. How can we quantify smoothness? Many simple encodings
of smoothness turn out to be implausible; for example, using the straightforward squared differences
in adjacent age groups as the core of a smoothness functional would imply a random walk over age. A

better option is to calculate the squared second derivative of expected log mortality:

*u(a, t)\*
<g(:2)> . (5.5)

The second derivative measures the curvature of u(a, t) with respect to age. If u(a, t) is a linear func-
tion with respect to age, then the curvature will be 0. Any deviation from a linear function has a larger
squared second derivative, and thus is inherently less smooth. However, as we saw in Figure 5.2, cer-
tain non-smoothness is inherent in the observed data. For example, log mortality in age group o-4 is
usually very different from log mortality for ages 5-9. Similarly, the mortality bump in late adolescence
and early adulthood is a ubiquitous non-smooth feature of the age profile. To better account for these
empirical regularities in demographic data, it makes sense to measure smoothness in terms of devia-

tions from a “typical” age profile:

(5.6)

<82M(a75)2—/4(a)>2’

where ji(a) is a typical age profile, such as calculated from the average over real data. (Using the average
enables us to profess ignorance over the level of the data, formally using an improper prior, putting the
mean in the null space, about which more below.) Now any linear deviation from the typical age profile
is considered smooth. The greater the curvature of the deviation from the typical age profile, the less
smooth the behavior of the dependent variable.

To obtain a single value of smoothness across all the ages and times in a forecast, we take the ex-
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pected value of the squared second derivative with respect to age and time:

2
ula,t a
/ /d i (Ll 50" 59

where dw!i™¢(t) and dw?8¢(t) represent weights that can be used to assign greater importance to smooth-
ness in certain ages and times than others. Then, we add a positive parameter 0,4, that controls how in-
fluential this functional is vis-a-vis other functionals and the data. Finally, we encode the expert qual-
itative knowledge that the expected value of log mortality in adjacent age groups should be similar by
merely specifying that Hyg[u, 6] should be small.

Since the second derivative is indifferent between linear functions, our priors do not impose any
specific linear relationship between age and the expected value of the dependent variable. To be spe-
cific, the null space of the prior is composed of all linear functions. Following this intuition, we can

then write down the smoothness functionals for all three types of smoothness:

« Smoothness over age

_ 2
age ”’ _eage/dwtlme /d age ( ( 8212 [’l( )> , (5.8)

« Smoothness over time

tlme age (Cl t) 2
Htlme !"7 - thme dW d g T ) (5-9)

« Smoothness over age and time

T A 83 ( ) 2
im # a, i
Hage/time[.”ae] = eage/time/dwt e(t)/dwage(a)< 9adr > . (5.10)
0 0
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Our complete prior is then:

P (116) o exp(~ {Higeli 6] + el 6] + Hogemelit 611) = exp (3 Hlt, g, Oimes g e
(5.11)
when y lies in Sz and o otherwise. That is, we restrict the prior to only expected values of log mortality
that may be explained using the covariates Z. If we restrict the prior on y to just the subspace that spans

the covariates, then we are able to express f in terms of y:

p=(Z2)"Zu. (5.12)

Consequently, the prior on the expected value of log mortality can be translated into a prior on the
regression coefficients (and where we use the superscript H*, following Girosi and King (2008, p.68), to

emphasize that the density is derived using knowledge of y):

1 1
P(ﬁ‘@) X eXp(—iH[Zﬁ, eage’ Htimea 6age/time]) = exp(_EHM[ﬁv eag67 Htimea eage/time]) (5.13)

The resulting prior is improper since, as @ — oo, the prior collapses to a projection in the null space,
not a single point. In this null space, the forecasts are entirely dependent on the likelihood and thus the
data.

Inherent in this procedure is a tradeoff between smoothness and predictive accuracy. This tradeoff
may be controlled by setting Oage, Otime, and O,ge time- For examples of forecasts from this type of model,
see Girosi and King (2008), King and Soneji (2011), and Soneji and King (2012).

Model-based uncertainty estimates and credible confidence intervals for this forecasting procedure
may be obtained using Gibbs sampling, whereby we sample from the posterior of 8 and calculate the

forecast log mortality for each iteration. In order to account for model dependence — likely the great-
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est source of uncertainty — we can take a robust Bayesian approach by supplying a range of prior val-
ues where 0 must lie (King and Zeng, 2004). And in order to more formally extract information about
the hyperprior parameters from experts, we could use more formal methods for Bayesian elicitation.
If OCACT employed this statistical forecasting model, rather than its ad hoc qualitative forecasting
model, it could encode its expert judgement in the selection of covariates, lag specification between
covariates and mortality, and the choice of Bayesian priors. In doing so, OCACT would eliminate the
informal procedures that increase vulnerability to bias and produce a transparent and scientific model

that may be improved upon.

5.5 CONCLUDING REMARKS

In this study, we offer a possible explanation for the systematic biases we found in Social Security’s
demographic and financial forecasts (in Chapter 4). The possibility of bias arises because of the lack

of professionally designed formal procedures in place to avoid them. Unnecessary informality and

ad hoc qualitative forecasting approaches, lack of up-to-date statistical methods that could automate
decisions considerably too difficult to manually make individually or collectively, and the absence of
transparency (e.g., publicly available replication information) open up SSA to the possibility of bias.
OCACT adds to the problems by insisting on the consistency of forecasts over time, in order to remain
at the center of the policy debate, even when contradicted by strong trends in the data and SSA’s Tech-
nical Panel experts.

Trying to resist the continuing intense political pressure is just what Americans would want of their
government officials. Yet, the difficulty of the task and their suboptimal procedures caused the actu-
aries to hunker down and resist all dynamics that might lead them to modify their forecasts including
genuine changes in patterns in demography, public health, risk factors, or medical technology. These

dynamics combined with the perfect storm of political pressure, suboptimal forecasting procedures
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open to bias, and changes in the world (e.g., faster increases in life expectancy). Thus, as SSA continued
to resist modifying their forecasts, doing so led to a much higher probability of bias.

Our study also identifies steps SSA can take to reduce the biases in its forecasts. SSA would benefit
from instituting formal procedures within OCACT to learn from its forecasting errors and to reduce
its biases. Additionally, SSA should seriously engage the issues raised by its own scientific advisers. As
the Technical Panels emphasize, open evaluation of past performance is the best way to guarantee that
forecasters learn over time, which is why open, repeated evaluation is common throughout other parts
of government, commerce, industry, and academia. At least from now on, every SSA Trustees Report
should routinely provide a comprehensive evaluation of prior forecasts.

Furthermore, SSA should also use what it learns from each evaluation to refine subsequent forecasts.
They should openly share their data and methods with the public so that members of the scientific
community can easily replicate SSA’s forecasts and contribute to their improvement. And, importantly,
they should institute structural barriers to prevent inadvertent bias in the form of more formalized and
transparent statistical procedures that are also less subject to manipulation and mental contamination.
As it happens, these procedures are not only more replicable and easier to share with others; they also
enable SSA to take advantage of the spectacular advances in statistics, data analytics, demography, and
machine learning over the past several decades. Adopting these procedures will improve the quality
of SSA's forecasts, correct the obvious biases we unearthed above, and help ensure open and fully in-
formed democratic debate.

Fair, transparent, and accurate forecasts afford members of Congress the ability to consider alterna-
tive assumptions as they debate policy proposals to preserve the solvency of Social Security. SSA’s fail-
ure to follow well developed best scientific practices represents a significant squandering of public re-
sources and hampers meaningful progress on policy changes to Social Security. If OCACT relinquishes
its monopoly position as the sole provider of both demographic and financial forecasts and fully reveals

its forecasting procedures, it will advance its own objective of producing the best and least biased fore-

137



casts possible. Moreover, this reform may also improve forecasts of the Medicare Trust Funds, which
rely on SSA OCACT demographic forecasts as an input.

Humanity has not yet found a better way to learn than the collective efforts of the scientific com-
munity pursing the same goals, most of which would come as free effort to OCACT, SSA, and the U.S.
government. Regardless of the causes, however, fixing these problems is not only crucial for SSA. For
the future of Social Security, and even for American democracy, the alternative assumptions of those

debating policy proposals must be based on fair, open, and accurate forecasts.
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Capturing Business Power Across the States

with Text Reuse

Political scientists have long puzzled over questions of business power in capitalist democracies like
the United States. Businesses, some scholars have speculated, enjoy access to political resources that
most ordinary citizens — and other interest groups — lack, and therefore carry disproportionate influ-
ence over the policymaking process (Lindblom, 1977; Block, 1977; Mills, 2000; Domhoff, 2006; Hacker

and Pierson, 2010). Other political scientists have been more skeptical, arguing in the pluralist tradi-
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tion that citizens, consumers, and other organized groups can check the power of business (Dahl, 1961;
Smith, 1999; Trumbull, 2012). Inquires into the power that business commands have become even
more timely in the contemporary era of rising economic inequality, as many scholars, politicians, and
citizens speculate that concentration in economic resources is caused - and reinforced - by the political
power of wealthy individuals and firms. Yet despite the importance of these issues, empirical research
on the interaction between businesses and government has run up against considerable obstacles. Most
centrally, scholars have struggled to develop systematic methods of observing and classifying what
businesses want from the policymaking process, and then whether or not businesses actually exercised
influence over those decisions.

In this paper, we develop a new dataset for studying the influence of business on public policy de-
cisions across the American states. Compiling and digitizing nearly 1,000 leaked legislative proposals
made by a leading business lobbying group in the states — the American Legislative Exchange Council
(or ALEC) - along with digitized versions of all state legislation introduced or enacted between 1991
and 2013 (for a total of nearly 2.4 million bills and resolutions), we use text analysis methods adopted
from computer science to examine the degree to which actual state legislation matches the language
and concepts in the business-drafted proposals. Specifically, we calculate a measure of similarity be-
tween each state bill ever introduced or enacted over this period and each corporate model bill. These
results offer a clear picture of where and when large American firms have had the most sway over state
legislative activity. To our knowledge, we are the first scholars to amass this collection of all introduced
and enacted state bills, and to examine their substantive content in a systematic manner. Moreover, as
far as we are aware, we are the first scholars to use this scale of text analysis to assess where businesses -
or any other interest groups for that matter - have been influential in American politics.

Using our new collection of state legislation and the text reuse methods, we test a variety of expla-
nations for when and where state legislators introduce and enact business-authored bills. We find that

different factors explain the success of firm lobbying at different stages in the policymaking process. In
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general, however, we find the most consistent evidence in support of policy capacity-based arguments
about business power. Where legislators had fewer policy resources (for instance, where legislators

had fewer staff members to rely upon for research assistance), they were much more likely to rely on
corporate-drafted proposals from ALEC, introducing and enacting more bills that were based in whole
or in part on ALEC model bills. This provides an important extension and confirmation of earlier re-
search (Hertel-Fernandez, 2014b) that ALEC’s power comes not from its campaign contributions or
electoral activities, but rather by providing policy resources to otherwise under-resourced state law-
makers.

Apart from studying the determinants of bill reuse across the states, we also take a preliminary look
at how business-drafted legislation might change substantively relevant outcomes across the states.
Given that ALEC’s proposals favor the policy preferences of firms and their executives, we hypothesize
that ALEC bills ought to reduce the tax burden faced by wealthy individuals, and will ultimately in-
crease the levels of inequality in the states. We find evidence that states that enact more ALEC-influenced
bills do in fact have systematically lower top income tax rates and greater shares of their income flow-
ing to the top income deciles — even after accounting for the strength of states’ labor movements and
partisan control of government. This analysis provides a validation that our measures of business-
backed bill activity capture important features of state legislation.

Together, our analysis provides a number of important contributions to the study of business power
in American politics, American political economy, federalism, and interest group influence more gen-
erally. First and foremost, our paper provides one of the first large scale analyses of business influ-
ence in American politics at the individual bill level. While other studies have offered either impor-
tant case studies or historical narrative analysis of business power (Hacker and Pierson, 2010; Vogel,
1989; Culpepper, 2010; Trumbull, 2012), we are able to systematically test the theories emerging from
that work across all fifty states for two decades with rich quantitative data. And more generally, the

methodology and data we propose here provide an approach that other scholars interested in studying
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interest group power in the US states — and in other governments — could fruitfully use to capture the
influence of policy-drafting groups. While there have been several recent efforts to use text analysis as
a mechanism to study power, so far its applications have been limited. Thus, we hope that this paper
spurs other scholars to consider how our approach could help their own work on interest group influ-
ence and power. Ultimately, however, our findings offer striking conclusions about the distribution

of political power in the United States: business interests have broad influence over major legislative
activities, and that influence has increased in recent years. Moreover, that influence has reshaped the
landscape of state policy, with deep implications for the distribution of economic resources across the

states.

6.1 OUR APPROACH TO MEASURING BUSINESS POWER ACROSS THE STATES

To study business influence across the states, we focus closely on one empirically and theoretically in-
teresting business lobbying group: the American Legislative Exchange Council. Our interest in ALEC
stems from the group’s scope and strategy, as well as for more practical reasons that we outline below.
Formed in 1973 by conservative political leaders, ALEC is a non-profit organization of nearly 2,000
state legislators (or just under a third of all state lawmakers) and around 200 private sector members,
which mostly include firms, but also conservative activists and policy experts (this summary draws
from Hertel-Fernandez (2014a,b). ALEC “works to advance limited government, free markets and fed-
eralism at the state level through a nonpartisan public-private partnership of America’s state legislators,
members of the private sector and the general public’, according to the group’s website."

ALEC’s main activities revolve around the production and dissemination of “model bills” and pol-
icy ideas. These model bills are drafted by ALEC’s task forces, which each focus on a specific policy

domain. Over the years, these task forces have ranged across many diverse issues, such as agriculture

'See http://www.alec.org/about-alec/.
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regulation, housing policy, health insurance reform, taxes, election rules, and gun sales and ownership.
ALEC’s current task forces include groups dedicated to civil justice; commerce, insurance, and eco-
nomic development; communications and technology; education; energy, the environment, and agri-
culture; health and human services; international relations; criminal justice; and tax and fiscal policy.
The task forces are comprised of ALEC members, including state legislators, private sector firms, and
representatives from conservative think-tanks and other advocacy organizations. For instance, the cur-
rent heads of the Energy, Environment, and Agricultural task force include state representative Thomas
Lockhart (from Wyoming) and Paul Loeffelman, director of public policy for American Electric Power,
a major electric utility company operating in eleven states.”

Other corporate participants in ALEC’s task forces have included many of the largest, most promi-
nent firms in corporate America, including FedEx, UPS, AT&T, Visa, Kraft Foods, McDonalds, Ama-
zon, Google, State Farm Insurance, Koch Industries, and Facebook. Together, these firms provide most
of the financial support for ALEC’s budget of approximately seven billion dollars per year; other finan-
cial support has come from conservative philanthropies, such as those associated with the Bradley,
Koch, and Coors families. Why do companies invest such substantial amounts of time and money
in ALEC? According to past investigative journalism and research, the reason is that companies gain
substantial latitude in crafting the model bills that the group produces and disseminates to its legisla-
tive members (Nichols, 2011; PFA, 2011; Hertel-Fernandez, 2014a). While ALEC has claimed that the
groups’ legislative members ultimately have the final say over those proposals, past research has shown
that corporate members have expanded privileges within the policy task forces, and records show that
proposals supported by legislative members - but opposed by corporate members — are sometimes
tabled (Mclntire, 2012).

Given the power of individual firms within the organization, it should come as no surprise that the

*See www.alec.org/task-forces/energy-environment-and-agriculture/.
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model bills produced by ALEC have historically been closely aligned with the preferences of the firms
leading each task force, and also with the priorities of the conservative movement more generally. En-
ergy companies have drafted model legislation aimed at scuttling efforts to address climate change and
to promote renewable energy (Malewitz, 2013; Kasper, 2013); private prison contractors have partic-
ipated in task forces that produced legislation privatizing prison services (Elk and Sloan, 2011; Sul-
livan, 2010); tobacco companies have promoted bills to prevent regulation of tobacco use and sales
(ALEC, 1986a); gun manufacturers and resellers have promoted bills to liberalize gun ownership and
self-defense laws Graves (2012a); Weinstein (2012); internet retailers like Amazon sought exemptions
from state sales taxes Fis (2012); and health providers have promoted bills to weaken medical liability
protections (ALEC, 2011, 1986b). Other longstanding legislative priorities of the group include efforts
to weaken labor unions, perhaps most notably public sector unions, to cut social benefits and labor
market regulations (like paid sick leave, minimum wages, and unemployment insurance), and to lowe
taxes on wealthy individuals and businesses (Lafer, 2013).

On the other side of the ledger, state legislators also have much to gain from membership in the
group. They obtain access to a vast archive of policy ideas in the form of model legislation that is al-
ready written for them. But perhaps equally importantly, they also gain access to the research assis-
tance and expertise of ALEC’s policy analysts and affiliated experts. ALEC helps its legislative members
to introduce its model bills, organize legislative briefings and hearings (including offering expert wit-
nesses to testify on behalf those bills), and also generate talking points and political intelligence to help
obtain the necessary votes to pass bills. All of this assistance is made more appealing through multiple
events each year where legislators (and their families) can learn about the specific policy proposals, and
also attend junkets sponsored by ALEC’s corporate members (such as wine and cheese tastings with
liquor producers, gun shooting outings with the National Rifle Association, and so on; Graves (2012b)).
Legislators’ travel expenses and registration fees for these meetings are often sponsored by corporate

members through a dedicated “scholarship fund”
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ALEC has operated without much attention for most of its history; one is hard-pressed to find much
coverage of the group in national outlets before the mid-2000s.? Indeed, it has deliberately attempted
to foster that low salience, for instance, by explicitly exempting itself from lobbying or oversight regula-
tions in some states (Abowd, 2012). However, in very recent years, the group has attracted considerable
media scrutiny and backlash from progressive groups in light of its ties to several controversial policy
proposals. ALEC had been promoting so-called voter ID laws that attracted the ire of groups repre-
senting racial minorities in 2010 (Hoffman, 2012). But a confluence of events raised the profile of the
group even more in subsequent years. A number of newly elected Republican majorities began to in-
troduce and enact ALEC bills aimed at weakening labor power, perhaps most notably in Wisconsin
(CMD, 2011; Bottari, 2012; Taylor, 2013). Shortly thereafter, ALEC was tied to the controversy sur-
rounding the shooting death of a young Florida teenager, Trayvon Martin. Martin’s shooter initially
claimed protection under Florida’s “Stand Your Ground” law, which permits the use of lethal force in
self-defense (Barry et al., 2012). Journalists discovered that ALEC had been promoting that Florida law
as a model proposal (through its public safety task force led by the NRA and gun retailers). Progressive
activists were quick to launch protests against the group and its members, pressuring firms and legis-
lators to sever their ties with the organization — which many now have (Pilkington and Goldenberg,
2013; Shiner, 2013). Indeed, our own analysis has been facilitated in part by this increased attention
and scrutiny, as we rely heavily on leaked documents that would have been otherwise unavailable to the
public before the group began attracting so much controversy.

ALEC’s model bills form the foundation of our approach to measuring business influence. We ar-

3Consider the contrast in media coverage between ALEC and the National Conference of State Legislators
(NCSL), a non-partisan group of state legislators. According to Lexis Nexis archives, on average, only about four
newspaper articles were written each year about ALEC between the 1970s and 1990s, while about ten times as
many were written about the NCSL, and this was despite the fact that ALEC was growing rapidly during this pe-
riod. Indeed, in no year between 1976 and 2011 did ALEC receive more than half of the newspaper coverage that
the NCSL garnered. In 2012, however, ALEC received more coverage than the NCSL, and 22 times the average
coverage it had received across all prior years.
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gue that several features about ALEC’s model bills offer us an important opportunity to gain leverage
on questions of business influence. First, as previous research and investigatory journalism has shown
quite persuasively, individual firms have played a central role in setting the legislative priorities of the
organization and developing the specific policy proposals advanced through the model bills. We thus
argue that ALEC’s model bills provide a good proxy for business’s policy preferences (see also Hertel-
Fernandez (2014b) for a lengthier discussion on this point). Moreover, because these model bills were
drafted behind closed doors and were not intended to be released to the public, we expect that these
proposals will more closely approximate business’s true, rather than strategic, preferences (on this issue,
see Broockman, 2012; Hacker and Pierson, 2002).# Our general strategy is to systematically compare
every bill that state legislators have introduced and enacted to each of these ALEC model bills to estab-

lish whether or not lawmakers relied on the business-drafted bills from ALEC when crafting policy.

6.2 Data

Our data in this study is comprised of two novel corpora: a dataset of model bill legislation from ALEC
and similar left-wing groups, and a corpus of all introduced and enacted state legislation between 1995

and 2013.

6.2.1 MODEL BILLS

To gather ALEC’s model bills, we relied on a variety of sources. We first compiled and digitized the
model bills that had been leaked by the Center for Media and Democracy;, a left-leaning watchdog
group that tracks ALEC.” Over the course of several years, we also accessed a number of state legisla-

tive libraries, as well as archives at the Library of Congress, the University of California—San Francisco,

4Note, however, that after the controversy from the Martin shooting, ALEC has made a limited number of its
most recent model bills available online.

5These are available online: www.alecexposed.org.
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and the University of California—Berkeley, to compile and scan older ALEC model bills that were not
included in the Center for Media and Democracy’s archives.® Subsequently, we labeled each bill with
one of 16 policy areas. In all, we digitized and compiled close to 1,000 unique model bills. To the best
of our knowledge, this is the most complete set of ALEC’s proposals that exists outside of the organiza-
tion’s own records.

Furthermore, we collected model legislation from two groups that were set up as progressive coun-
terweights to ALEC. We scraped and digitized model a total of 312 bills from the Center for Policy
Alternatives (CPA) and the American Legislative and Issue Campaign Exchange (ALICE). The model
legislation is on many of the same topics as ALEC and thus represents a good control group that we can

make use of in classification.

6.2.2 STATE LEGISLATION

Secondly, we constructed a novel dataset of all American state legislation introduced and enacted from
1995 to 2013. Although we have data for some states prior to 1995, the data is incomplete. The total
corpus contains about 2.4 million bills and resolutions. For each bill, we have metadata that includes
the legislative session, version, and primary sponsor. We are working to expand the metadata to in-

clude specific dates, co-sponsors, and committees.

6.2.3 FEATURES

We first preprocessed all text by casefolding, stemming, removing stopwords, and removing all punctu-
ation (other than hyphens). Next, we tokenized the text into n-grams. We ultimately used n = 2 and
n = 3, although we experimented with both higher values of n as well as unordered skip n-grams. For

each state bill, we calculated a set of vector-based similarity metrics across all ALEC proposals, includ-

¢ At USCE, we relied on the Legacy Tobacco Archives. At Berkeley, we relied on the People for the American
Way Collection of Conservative Political Ephemera, 1980-2004.
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ing overlap, the Jaccard coefficient, and cosine similarity. For simplicity, we only kept the ALEC bill
with the highest bigram overlap as a candidate source of the state bill text when a state bill was matched
to more than one ALEC proposal. Moreover, we dropped bills that shared fewer than 10 bigrams as
possible candidates. Lastly, in addition to the similarity metrics, we also stored overlapping bigrams
and trigrams for each state bill.

Next, we estimated the topics associated with each bill by fitting a latent Dirichlet allocation (LDA)
model with K = 50 topics on unigrams, and extracted the distribution over topics for each bill (Blei
etal, 2003). We experimented with both K = 20 and K = 100 topics, but found that K = 50 provides
qualitatively more interpretable results. We also calculated the cosine similarity of the topic distribu-
tions between each state bill and its ALEC matches, and used this similarity as an additional feature for

classification.

6.3 METHODS

The goal of this paper is to identify ALEC-derived legislation in our state bill corpus. We thus take a su-
pervised learning approach that builds upon past work classifying documents based on patterns of text
reuse (Clough et al., 2002). To construct our training set, we would ideally take a representative sample
of bills from our state legislation dataset and manually label each bill as ALEC-derived or not. Unfor-
tunately, not only is this is a prohibitively time-consuming task, but human coding by non-experts is
unlikely to be particularly trustworthy given the difficulty of reading and identifying the meaning of
legislation. Instead, we opted to rely upon the identification of ALEC-derived bills in several states in
recent years by liberal non-profit groups. For examples of state legislation that is not ALEC-derived, we
use the liberal model bills from CPA and ALICE as we can be certain that any similarity between them
is due to procedural language or topical similarity, but not due to a shared policy idea. Ultimately, we

collected 131 texts that have been identified as ALEC-derived and 273 texts that are not ALEC-derived.
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It is important to note that the resulting training set is rather small, and that the "control” group is not

a random sample from the entire corpus. Out of the labeled bills, we randomly selected a holdout set of
31 ALEC-derived bills and 55 non-ALEC-derived bills (roughly one-fifth of the labeled set). We use the
remaining bills to tune our classifiers using 5-fold cross validation and use the holdout set to evaluate
the performance of the optimal classifiers.

In addition to a limited training set, examination of the ALEC-derived bills identified by watchdog
groups revealed quite variable patterns of text reuse. While some bills are near-duplicates of ALEC pro-
posals, others do not share even a single trigram. For example, Virginia’s H.B. 1331 introduced in 2010
draws nearly verbatim from ALEC’s Council on Efficient Government Act (see Figure C.1). One does
not need to be a policy expert to identify this bill as ALEC-derived given how significantly the Virginia
bill has draw from the ALEC model. However, consider Virginia’s H.B. 2314 or S.B. 10, also introduced
in 2010 (see Figures C.2 and C.3). In these cases, there is minimal overlap of text, but substantial reuse
of the underlying concepts from the original ALEC bills. In short, the variation in reuse patterns across
state bills is very high. Given this variability, we decided to subset the classification process into two

parts:

1. Identification of all state bills that share the same intent as ALEC bills.

2. Identification of all state bills that have blatant or near-verbatim reuse of ALEC language.

For task (1), we used the training set previously described above. Given that task (1) subsumes task
(2) and there is no existing definition of blatant ALEC reuse, we turn to work by left-leaning non-
profits that have been tracking ALEC’s activities across the states. Conveniently, groups in Arizona,
Michigan, and Virginia have carefully matched a number of introduced and enacted state bills to ALEC
model legislation, and have also separated out ALEC-derived bills with nearly identical language (which

they termed bills with "ALEC DNA”) from those that merely share the same intent. Thus, for task (2),
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we could restrict our training set to these three states, using the additional information from these non-
profit groups to classify bills as having ALEC DNA instead of ALEC intent.

For task (1), our general approach is to train a support vector machine (SVM) in two-stages. In the
first stage, we used bigram and trigram Jaccard coefficients, cosine similarity metrics, and the cosine
similarity between topic distributions from the LDA as features to train a radial kernel SVM. We set
C = 100 and y = 0.20 based on 5-fold cross validation. The intuition behind these features is that
bill-ALEC pairs with higher lexical and topical similarity are more likely to exhibit the same policy
intent. However, note that certain n-grams are more indicative of an ALEC bill than others. For exam-
ple, the bigrams “castle doctrine” or “duty retreat” are much more suggestive of ALEC influence than
bigrams such as “enact section” or “president congress”. In order to capture words that are dispropor-
tionately associated with ALEC-derived documents, we first took all bills classified as ALEC-derived
with a probability of 0.99 or higher in the first stage and added them to our labeled set. Then, we ran
multinomial inverse regressions (MNIRs) (Taddy, 2013) separately by each ALEC policy domain on
both the labeled and unlabeled bills, using an indicator for ALEC-derived bills in our labeled set as a
covariate. We then calculated the sufficient reduction (SR) projections for each state bill and used those
projections as additional features in the second-stage classification. The SR projections function as a
low dimensional alternative to using the overlapping bigrams and trigrams as features directly. In our
experience, such dimension reduction identified sensible bigrams and trigrams as being associated with
ALEC, and also improved performance of our classifier. We then used this second stage SVM to clas-
sify bills as having the same intent as model ALEC legislation or not.

For task (2), we took all bills labeled as ALEC-derived in task (1). We then trained another SVM
using this new training set with lexical and topical similarity metrics as features in order to separate
ALEC intent bills into those with near-verbatim traces of ALEC language. Given the extremely small
training set, we took an active learning approach to increase the number of labeled bills, sampling 10

of the bills classified with the most uncertainty, manually labeling them, and retraining the classifier on
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the expanded labeled set. We repeated this process 5 times.

6.3.1 CLASSIFICATION PERFORMANCE

We evaluate performance of our SVM classifiers using the holdout set. For the task of identifying bills
with ALEC intent, we correctly identify 25 of the 31 ALEC-derived bills (recall rate of 80.7%). We only
incorrectly identify 2 out of the 55 non-ALEC-derived bills as sharing ALEC intent (precision rate of
96.4%). Given the non-representative nature of the labeled non-ALEC-derived bills, we cannot be sure
that we will achieve a similarly low false positive rate on the entire corpus. To evaluate this, we ran-
domly sampled 50 bills identified as sharing ALEC intent and coded them as sharing ALEC intent or
not. Out of these bills, manual examination revealed that 28 were bills that shared ALEC intent (pre-
cision of only 56%). The low precision rate is likely due to difficulty this method has in identifying the
same intent as ALEC. Manual examination of the bills classified as sharing ALEC intent repeatedly re-
vealed bills that addressed charter schools or prisons - generally issues ALEC focuses on - but that did
not fully share the exact policy intent as ALEC.

For the ALEC DNA classifier, we had an extremely small holdout set. We correctly classified all 5
ALEC DNA bills as having ALEC DNA. However, a 100% recall rate would be highly unrealistic had we
recourse to a much larger test set. We then again sampled 50 random bills identified as sharing ALEC
DNA and manually evaluated them. 42 out of the 50 bills had varying traces of ALEC language and
were correctly coded (precision rate of 84%). Ultimately, given the much lower false positive rate for
the ALEC DNA task versus the ALEC intent task, the results we present below are based on using bills

classified as having ALEC DNA.
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6.3.2 RELATED WORK

The methods in this paper relate to several important pieces of scholarship on the detection of text
reuse in computer science. Most approaches to the identification of text reuse have involved one or
more of the following methods: vector space similarity metrics, string comparison, and sentence align-
ment Clough and Gaizauskas (2009). Clough et al. (2002), for example, examine text reuse from newswires
in newspaper articles, testing the performance of three different metrics for text reuse detection: n-
gram overlap, Greedy String Tiling, and sentence alignment. Training a Naive Bayes classifier using 10-
fold cross validation on their corpus, they find that using all available features provides the most precise
and reliable categorization of text into wholly derived, partially derived, and non-derived categories.

More recent approaches to plagiarism detection have attempted to identify text reuse in the context
of “obfuscated” or rewritten text. Nawab et al. (2010), for example, use modified n-grams that accom-
modate deletions of single words or synonym substitutions. An overview of the approaches towards
detecting paraphrased text in the Second International Competition on Plagiarism Detection and their
respective efficacy is presented in Barron-Cederfio et al. (2013). In another attempt to address slightly
obfuscated text, Smith et al. (2013) use non-contiguous sequences of words, or skip n-grams, to deal
with OCR errors and slight textual variation when detecting text reuse in 19th century newspapers.
Our work builds upon these methods to examine text reuse in the legislative context - a challenging do-
main due to often-shared procedural language that is not indicative of more substantive text reuse. We
thus depart from these other methods in using the content of shared language as additional features in
our classifier.

In political science, text reuse has only recently been applied to the study of legislative activity. In
order to trace the origins of final legislation to various proposed amendments, Huberty (2013) uses
vector space distance metrics such as cosine similarity followed by nearest neighbor matching with

replacement to identify coderivative pairs of amendment and bill sections. These matching texts can
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then be visualized or analyzed further via topic models to determine whether content on certain topics,
or backed by certain legislators, is more likely to make its way into final legislation. Whereas Huberty
(2013) seeks to trace how amendments make their way into a final bill, Wilkerson et al. (2015) are in-
terested by the reuse of text across different bills in the 111th Congress. To find similar passages, they
first restrict their analysis to only pairs of bill sections that share at least 5 overlapping word n-grams.
Subsequently, they utilize the Smith-Waterman local alignment algorithm to identify the text two sec-
tions share in common - sections that have near-identical sequences of text receive higher scores. Fi-
nally, to deal with “false positives” due to shared procedural language, the authors train an SVM on a
human labeled subset of bill alignments in order to predict substantive matches.

The goal of this paper differs from the preceding research in political science in several important
ways. First, as opposed to Huberty (2013), we are interested in detecting similarity between bills and
model legislation where there is no guaranteed match between a bill and ALEC model legislation,
meaning that the use of nearest neighbor matching is not applicable. Wilkerson et al. (2015) seems
closer to our proposed goal. However, the authors are interested in identifying long, nearly verbatim
passages that are coderivative between bills. While this is a useful starting point for an analysis, detec-
tion of ALEC-derived legislation requires methods that are more robust to paraphrasing, reordering,
and general obfuscation of reused text. Our paper attempts to identify coderived text beyond near-

verbatim copying.

6.4 MAPPING BUSINESS INFLUENCE ACROSS THE STATES

In this section, we present an initial summary of our measures of ALEC bill reuse across the states
throughout the 1990s to 2013. One question is how ALEC bill activity has changed over time. To an-
swer this question, we plotted the total number of introduced and enacted bills matching ALEC text

by year, as a share of all introduced and enacted state bills; the results appear in Figure 6.1. There are
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several insights we can glean from this figure. First, state legislators are introducing and enacting more
ALEC-derived legislation over time. In 1994, legislators turned to ALEC models for about 0.5 percent
of all introduced bills; this reached a peak of 1.3 percent in 2010. Enacted ALEC-derived bills are gen-
erally more stable throughout the 1990s, but exhibit a sharp increase in the mid-2000s, reaching a peak
of 1.1 percent in 2010. A second suggestive pattern from this figure is a decline in both introduction
and enactments of ALEC-derived bills since 2011, consistent with the public backlash that ALEC has

experienced in recent years.
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Figure 6.1: Enacted and introduced ALEC bill shares over time.

Another important question is how ALEC bill reuse varies across the states. Our data suggests that
there are a number of states that have consistently relied on ALEC for legislation. Figures 6.2 and 6.3
plot these states, separating bill introductions from enactments, respectively. As the maps indicate,
West Virginia, Arizona, Missouri, and Pennsylvania introduced the greatest number of bills that were
derived from ALEC proposals, while Connecticut, Ohio, Minnesota, North Dakota, and Oklahoma
introduced the fewest number of bills based on ALEC policy models. Turning to bill enactments, we
see that Utah, Arizona, Idaho, and Oklahoma enacted the most number of bills drawing from ALEC

models, while states like Maine, Massachusetts, Nebraska, and Connecticut enacted the fewest number
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of ALEC-derived bills. See also Figure 6.4 for a heatmap of bill introductions and enactments across

the states and across years.

Total ALEC Bill Introductions, 1995-2013

“’

Bills

Introduced 549 400 600 800

Figure 6.2: Total number of ALEC introduced bills from 1995-2013.

Of course, part of these differences across states might be due to the fact that some states simply
consider and enact more bills each year as opposed to other states. To account for these underlying
differences in legislative productivity, it is useful to consider ALEC-derived bill introductions and en-
actments as a share of all bills enacted and adopted by states each year. Examining this measure, we
see that Kansas, Arizona, Missouri, Wyoming and West Virginia had the highest proportion of intro-
duced bills that were derived from ALEC models, while Connecticut, Massachusetts, Louisiana, and
Minnesota had the lowest introduction rates. Oklahoma, Kansas, Alaska, Wisconsin, and Arizona had
the highest enactment rates, while Maine, Massachusetts, Connecticut, and Rhode Island had the low-

est enactment rates. In general there was not much of a difference when we compared bill counts or
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Total ALEC Bill Enactments, 1995-2013
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Figure 6.3: Total number of enacted ALEC bills from 1995-2013. We do not currently have enactment
data on the grayed out states.

shares.”

A third interesting dimension of variation is by policy domain. These counts appear in Table 6.1.
The vast majority of ALEC-derived bills (nearly half) were concentrated in just two policy domains:
education and health care, followed by a distant third and fourth place for agriculture, energy, and the
environment, and budget and tax policy. We see a similar story for enacted bills as well; the ranking of
the top three policy domains is unchanged. Legislators were most likely to draw from ALEC’s business-
drafted education and health care bills. The heavy reliance on these ALEC models likely reflects the fact
that education and health care policies dominate state budgets. For instance, in fiscal year 2012, states

spent 25 percent of their budgets on K-12 education, 16 percent on Medicaid (state health insurance for

7Introduced and enacted shares and counts were highly correlated. The correlation coefficient for introduced
counts and shares was 0.64 and the coeflicient for enacted counts and shares was 0.69.
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Figure 6.4: Heat maps of introduced and enacted bills. Note that we do not currently have enactment
data for 10 states.
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Table 6.1: Introduced and enacted bills by policy domain.

Policy Domain Introductions ~ Enactments

Voting and Elections 46 5

Labor Unions 373 15
Housing 152 25
General Regulation 393 26
Guns 322 30
Social Welfare and Benefits 245 39
Transportation 252 42
Foreign Policy 88 52
Civil Justice 679 58
Criminal Justice 557 64
Budget and Taxes 710 66
Government Reform 686 71

Finance 229 72
Agriculture, Energy, and the Environment 734 167
Education 2065 414
Health Care 2839 427

the poor), and 13 percent on higher education (CBPP, 2014).

Which specific model bills from ALEC were most popular amongst state legislators? The top three
proposals that legislators drew from for introduced bills were ALEC’s comprehensive medical liability
reform model, an education reform package, and a resolution on the importance of state sovereignty
from the federal government. For enactments, the most popular model bills were the education reform
package, medical liability reform proposals, and bills related to long-term care insurance. The compre-
hensive medical liability reform package, for instance, is intended “to address the rising cost of medical
malpractice insurance that is imposing serious problems for [insert state name here]’s health care sys-
tem”. It includes a variety of provisions intended to reduce the ability of patients to sue their health care

providers for health care-related injuries, such as limiting the monetary awards offered to plaintiffs.
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6.5 TESTING THEORIES OF BUSINESS INFLUENCE IN THE PoLiCcY PROCESS

What explains the patterns of business influence across the states and years that we have identified in
the previous section? To answer that question, we test six sets of explanatory factors related to eco-
nomic conditions; power resources and partisan ideology; policy capacity; campaign contributions;

news media coverage; and venue shopping.

6.5.1 ECONOMIC CONDITIONS

Past research on the political influence of business interests has suggested that economic conditions
matter greatly for the ability of business to intervene in the policymaking process. Early work on the
structural “privileged” position of business suggested that since politicians are electorally motivated

to maintain a healthy economy (e.g. Block, 1977; Lindblom, 1977; Mitchell, 1997), and since busi-
nesses are key to employment and economic growth, businesses should have the most sway over the
policymaking process during periods of slow growth or downturns (see the review in Smith, 1999, pp.
843-6). Subsequent research, perhaps most prominently by David Vogel, has confirmed this intuition.
Using a set of case studies from the postwar period, Vogel argued that “business has tended to lose po-
litical influence when the economy was performing relatively well and has become more influential
when the performance of the economy deteriorated” (Vogel, 1989, pp. 8-9). According to this line of
argument, ALEC should be most effective when states are in periods of high unemployment, which we

operationalize with state unemployment rates from the Bureau of Labor Statistics.

6.5.2 POWER RESOURCES AND LEGISLATIVE IDEOLOGY

The traditional power resources account views politics as a struggle between different economic classes.
Consistent with this perspective, there are a number of robust correlations between union density,

liberal control of government, inequality, redistribution, and social policy generosity across Ameri-
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can states (Kelly and Witko, 2012) and the advanced economies (Bradley et al., 2003, p. 64). Writing

in a similar vein, Jacob Hacker and Paul Pierson relate the rise in business power in the United States
during the post-war era to the decline in countervailing union power (Hacker and Pierson, 2010). We
measure several different aspects of power resource theory, including the power of organized labor (us-
ing data from UnionStats), the interest group most likely to check the power of business, partisan con-
trol of state governments (using data from Klarner, 2013), and the political ideology of state lawmakers

(using data from Shor and McCarty, 2011).

6.5.3 POLICY CAPACITY

State governments vary dramatically in the level of resources offered to their elected officials to make
policy — what is often described as “legislative professionalism” (e.g. Squire, 2007). In recent years, for
instance, 16 states had legislators that only spent about half of their time working in the legislature, and
were paid barely $20,000 per year. Moreover, 18 states only gave their legislators three or fewer full-
time staffers, and, quite strikingly, nine states gave their members two or fewer full-time aides.® Previ-
ous work has argued that ALEC has exploited this weak policy capacity across the states strategically,
focusing on providing model bills, research assistance, and political consulting precisely to those inex-
perienced legislators and lawmakers in states with weak legislative professionalism (Hertel-Fernandez,
2014b). In the absence of groups offering similar benefits as ALEC, weak state policy capacity, then,
ought to increase legislators’ demands for ALEC’s services. To test this theory, we create an annual
measure of legislative professionalism based on a standardized index of the time spent by legislators

in session each year, legislator salaries (if offered by states), and spending on the legislature (we use

8See the National Conference of State Legislatures: http://www.ncsl.org/research/
about-state-legislatures/full-and-part-time-legislatures.aspxand http://www.ncsl.
org/research/about-state-legislatures/staff-change-chart-1979-1988-1996-2003-2009.
aspx.
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data from the Council of State Governments’ Book of the States dataset).” We scale this index so that it

ranges from zero to one.

6.5.4 CAMPAIGN CONTRIBUTIONS

Corporate-affiliated contributions dominate donations from unions by nearly three to one in PAC
spending, and nearly 17 to one when looking at so-called “soft money” spending.'® Yet despite the
preponderance of corporate money in national and state campaigns, scholars have struggled to iden-
tify a clear effect of corporate giving on policy outcomes. Ansolabehere et al. (2003), for instance, have
argued that contributions have only a weak relationship with legislator behavior, and argue that such
electoral involvement should be a seen as a consumption good for firms. On the other hand, other
scholars, citizens, and activists vehemently disagree with this conclusion, arguing that greater cam-
paign contributions lead to changes in legislators’ votes aligned with the preferences of the campaign
donor (e.g. Lessig, 2011; Ferguson, 1995; Powell, 2012).

There are at least two explanations for these muddled findings on the importance of campaign con-
tributions. One idea, proposed by Hall and Deardorft (2006), is that contributions are not intended to
persuade legislators to change their preferences; rather, contributions should be seen as a signal of an
interest groups’ alignment with the legislator, and a promise of assistance with crafting and passing a
bill. Another argument is that these analyses ignore the substantive content of legislation that is shaped
well before final votes are taken, as well as neglecting other mechanisms for influence (see e.g. Powell,
2012). Consistent with this second critique, Lynda Powell finds that there is substantial variation across
the states in the degree to which legislators report that contributions matter for the content and passage

of bills.

9This measure is correlated with Squire’s index of legislative professionalism at 0.90 for the years in which
Squire’s year overlaps with our measure.

°See https://www.opensecrets.org/overview/blio.php.
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To the extent that contributions do in fact reflect a mechanism for influence, we should observe that
states where business dominates political giving are more likely to introduce and pass ALEC-derived
bills. We measure corporate giving by computing the ratio of total contributions from business associ-
ations to candidates for state legislatures to total contributions from labor unions to such candidates,

using data from the Institute on Money in State Politics

6.5.5 NEWS MEDIA COVERAGE

In past work on ALEC, one of us has argued that a crucial strategy of the group is its relatively low
profile and lack of public attention (Hertel-Fernandez, 2014a). Such low salience has prevented back-
lash from the public and progressive adversaries. These strategies fit well with prior work on business
power, which has emphasized the advantages that businesses can command when they operate in
domains of low salience with little media coverage (Culpepper, 2010; Layzer, 2012). To test salience-
related theories of business power, we include a measure of the prevalence of the news media in each
state and year: the share of workers employed as reporters or editors at news outlets using data from
the Current Population Survey. Although crude, this measure has the advantage of being readily avail-
able and comparable for all of the years and states in our sample, which is not true of other measures,

such as circulation statistics.

6.5.6 VENUE SHOPPING

Lastly, we examine the interplay between federal and state politics by considering theories of forum
or venue “shopping” Given a high degree of decentralization and fragmentation in American politics,
the policymaking authority for any given issue often can fall to different institutions. As a result, Frank

Baumgartner and Bryan Jones have argued that interest groups seeking policy change will find the in-

stitutional setting that would be most likely to give the group a favorable hearing (Baumgartner and
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Jones, 1993). The implication of this theory for our analysis is that businesses associated with ALEC
will be more active at the state level during periods when the federal government is less amenable to
conservative business interests (i.e., the federal government is controlled by Democrats). To account
for this explanation, we include a dummy variable indicating if Democrats are in control of national

government in a given year.

6.5.7 METHODOLOGICAL APPROACH

Crucially, we consider the importance of all of these factors at different stages in the policymaking pro-
cess. While scholars of public policy have long distinguished between these stages, the study of busi-
ness power has generally not explicitly tested to see whether the factors that shape firm influence are
different when a legislative proposal is originally made, when it is deliberated by the legislative body,
and when it is up for a final vote (but see Hall and Wayman, 1990). Specifically, we examine ALEC’s
influence on two outcomes: the number of introduced bills that correspond to ALEC proposals and the
number of enacted bills that correspond to ALEC proposals. We adopt a relatively straightforward em-
pirical setup, estimating negative binomial models."" We include state fixed effects in all specifications
to account for state-specific, time-invariant factors that could confound our analysis, and include year

fixed effects in some specifications to account for common time shocks.

6.6 MAIN RESULTS

Model 1 in Table 6.2 presents results exploring the determinants of introduced bills across the states.
Only power resource theories receive any support in this model. Union density is negatively related to
the number of business-backed bills that a state enacted. Moving from the 5th to the 95th percentile of

union density (an increase in union membership from five to 23 percent of employed wage and salary

' Poisson models produce similar results.
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Table 6.2: Baseline models of ALEC bill introductions and enactments.

Introduced  Enacted  Introduced  Enacted
Bills Bills Bills Bills
Model 1 Model 2 Model 3 Model 4

Union Density -0.12%%* -0.08 -0.02 -0.03
(0.05) (0.06) (0.05) (0.05)
Democratic Governor 0.19 0.01 0.12 -0.04
(0.13) (0.13) (0.10) (0.15)
Democratic Legislature 0.23 0.14 0.12 0.15
(0.17) (0.19) (0.20) (0.19)
Unemployment Rate 0.07 -0.02 0.13* 0.03
(0.06) (0.006) (0.07) (0.07)
Republican Conservatism 0.99 0.90 0.27 0.24
(0.90) (0.83) (1.00) (0.79)
Democratic Conservatism 0.01 -0.28 1.08* 0.23
(0.46) (0.45) (0.56) (0.52)
Legislative Professionalism -0.83 -2.55%* -2.21% -3 7R
(1.22) (1.02) (1.19) (1.08)
Media Density -2.88 -0.68 1.83 1.89
(2.11) (2.96) (1.76) (2.94)
Democratic National Government -0.01 0.17
(0.22) (0.28)
State Effects YES YES YES YES
Year Effects NO NO YES YES
N 384 328 384 328

Negative binomial models; robust errors clustered by state.
Significance levels: * p<0.10, ** p<0.05, *** p<0.01.

workers) is predicted to reduce the number of business-drafted bills a state introduced from 24 bills to
three bills."* To put these numbers in context, consider that the average state introduced ten business-
authored bills (the standard deviation was 24 bills). No other explanatory factors are related to bill in-
troductions at conventional levels of significance in this specification.

Model 2 turns to bill enactments. In this model, only legislative professionalism has any effect on

business bill passage at conventional levels of statistical significance. Greater policy capacity, in the

*Difference significant at p=o.10. Holding all other variables constant at their observed values in this and all
other predictions.

164



form of access to more staffers, more compensation, and longer sessions to deliberate over legislation
leads legislators to enact to fewer business-drafted bills, consistent with previous analysis of ALEC and
its lobbying efforts across the states. At the 95th percentile of legislative professionalism, a state is pre-
dicted to enact only one business bill, but is predicted to enact four at the 5th percentile of legislative
professionalism.’> Those are clearly sizeable effects given that the average number of enacted ALEC-

derived bills was two (the standard deviation was also two).

4
1

Estimated Number of ALEC Bill Enactments
2
|

Min. Max.
Legislative Professionalism

Figure 6.5: The estimated effect of legislative professionalism on ALEC bill enactments. Dashed lines
indicate 95% confidence intervals. All other variables held at their observed values.

Thus far we have not accounted for confounding temporal effects that could affect all states equally
aside from partisan control of national government. What happens when we include year fixed effects

in our specifications to account for common shocks to all states? We show these results in Models 3

3 Difference significant at p=0.04.
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and 4 of Table 6.2."* In the year fixed effect models, we see a slightly different story for bill introduc-
tions. Union membership is no longer statistically significant at conventional levels of significance,
likely because of the strong common trends in density across all states.

Three other factors, however, emerge as predictors of bill introductions: the unemployment rate,
the ideology of the Democratic caucus, and legislative professionalism. Consistent with the hypothesis
that economic downturns ought to empower business, we see that states with worse labor markets were
more likely to introduce business-drafted bills. A move from the 5th to the 95th percentile of unem-
ployment (or from three to seven percent unemployment) is predicted to increase the introduction of
corporate-authored bills from eight to 14."> In a partial validation of power resource hypotheses, we
see that more conservative Democratic caucuses were more likely to introduce ALEC model legisla-
tion, and the effect is quite large, though generally not significant at conventional levels of significance.
Lastly, we see that in these year fixed effect models legislative professionalism emerges as a powerful
predictor of bill introduction: a move from the sth to the 95th percentile of policy capacity is predicted
to increase bill introductions by about eleven bills.*¢

Unlike with the bill introduction models, the bill enactment models change little once we add year
effects. Legislative professionalism continues to offer the most compelling explanation for how many
ALEC-authored bills states enact each year. The effect here of a move in professionalism from the 5th to
the 95th percentile is a decrease of about three bills, about the same effect size as in the models without
fixed effects.'”

We find no systematic evidence that states where businesses oftfer more electoral contributions in-

4We exclude the indicator for partisan control of national government in these specifications.
“Difference significant at p=0.08.
'SDifference significant at p=o.10.

7Difference significant at p=0.05.
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troduce or enact more ALEC bills.”® Indeed, if anything states where businesses offered greater con-
tributions relative to labor unions were less likely to enact ALEC bills (see results in Table 6.3). While
this finding may appear strange on its face, it makes sense in light of earlier work examining the role
of campaign contributions in state politics. Specifically, Powell (2012) has found that campaign con-
tributions were more influential in states with stronger legislative professionalization; thus business
may be giving more to electoral campaigns in states with greater policy capacity — precisely the state
legislatures where ALEC is least active.

We are still assessing how ALEC’s political logic varies across different policy issue domains, but
there are some initially suggestive and interesting findings. For instance, while the density of news me-
dia coverage has no average effect on the enactment of business-backed legislation, we do find a strong
and statistically significant effect of media density on the enactment of business-backed bills related to
the reform of government processes and agencies.'® These ALEC proposals tend to be the most techni-
cal - though they still have important consequences for state government. For instance, many of these
bills involve privatization of state agencies or services, or cutting benefits and wages for public sector
workers. A stronger news media presence in a state, then, may help to cover these otherwise obscure

issues, raising their salience to citizens and mobilizing backlash to such proposals.

6.7 DoEes ALEC INFLUENCE TRANSLATE INTO SUBSTANTIVE QUTCOMES?

So far we have explored the determinants of ALEC legislative victories. But does the legislation that
we track in our corpus of state bills translate into substantive state outcomes? While it is beyond the

scope of this paper to fully examine the implications of ALEC legislation on state social, political, and

¥Note that we do not include labor union density in these estimations since our contribution variable - the
ratio of business to labor donations - already includes a measure of (relative) union strength.

“Moving from the 5th to the 95th percentile of news media density is predicted to decrease ALEC bill enact-
ments by one bill, p=o0.02.
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Table 6.3: Models of ALEC bill introductions and enactments with campaign contributions.

Introduced  Enacted
Bills Bills
Model 1 Model 2

Business/Labor Contributions 0.24 -0.71%*
(0.19) (0.31)
Democratic Governor 0.13 -0.08
(0.16) (0.14)
Democratic Legislature 0.19 0.08
(0.23) (0.24)
Unemployment Rate 0.04 -0.01
(0.07) (0.06)
Republican Conservatism 1.33 0.83
(1.45) (0.84)
Democratic Conservatism 0.01 -0.81
(0.54) (0.50)
Legislative Professionalism 1.49 -2.94*
(1.97) (1.51)
Media Density -2.72 0.58
(2.31) (2.94)
Democratic National Government 0.05 0.09
(0.23) (0.28)
State Effects YES YES
Year Effects NO NO
N 384 328

Negative binomial models; robust errors clustered by state.
Significance levels: * p<0.10, ** p<0.05, *** p<0.01.

economic outcomes, it is worth assessing whether the business-drafted legislation we identify in our
dataset is associated with changes in state outcomes of substantive interest as a validity check of our
approach.

One of the central priorities of the organization, as we have explained above, is lowering state taxes,

especially taxes on wealthy individuals and businesses.>® Therefore we ought to expect that states that

>°The Center on Budget and Policy Priorities has also hypothesized that ALEC legislation focused on bud-
get and tax policy will lower taxes on wealthy individuals and businesses, thus lowering revenue and raising
inequality, but did not empirically test this proposition (Williams and Johnson, 2013).
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pass more ALEC legislation would have lower income tax rates on top earners. In addition, we also ex-
pect that the total effect of ALEC’s model bills will be to redistribute resources towards wealthier indi-
viduals and firms, generating increased income inequality. This could happen through many different
mechanisms, for instance, by weakening the power of labor unions to bargain collectively, by reducing
labor market regulations and social benefits (especially the minimum wage), and by offering lucrative
firm contracts and subsidies with state governments. Accordingly, we also measure the effect of ALEC
legislation on income inequality in American states.

To test both hypotheses, we run several regressions with either the top tax rate paid by individuals
on income or the share of income captured by the top 10 percent as outcomes (data on state top tax
rates is from the National Bureau of Economic Research; data on state top income shares from Frank
2014). We include the number of ALEC bills passed by a state as the main explanatory variable, and
also control for Democratic control of state government and union membership, since these are plausi-
ble confounders that could explain both ALEC’s influence and tax rates on the wealthy, as well as levels
of inequality. We include state and year fixed effects, as well as a lagged dependent variable to account
for past values of the outcome variables, and cluster robust errors by state.**

Our results, which appear in Table 6.4, indicate strong support for our two hypotheses about the
influence of ALEC on state outcomes. State governments that passed more ALEC legislation gener-
ally had lower tax rates on their wealthiest residents in the ensuing years (Model 1). Each ALEC bill
enacted by a state lowered the top income tax rate paid by wealthy residents by about five percentage
points over the long run, a considerable effect size given that the mean top rate was five percentage
points, and the standard deviation was three percentage points.

Turning to Model 2, we see that states that passed more ALEC bills also had higher levels of inequal-

ity: each ALEC bill is predicted to increase the share of income captured by the top decile in a state

*'We find similar results with and without state fixed effects, indicating that Nickell bias is not a concern.
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Table 6.4: Effect of ALEC bill enactments on state top income tax rates and income inequality.

Top Income Top 10%
Share of
Tax Rate )
Income
Model 1 Model 2
Lagged Outcome 0.70%** 0.75%**
(0.09) (0.05)
Enacted ALEC Bills -0.01%* 0.003%*
(0.01) (0.00)
Union Density -0.00 -0.00
(0.01) (0.00)
Democratic Governor -0.06 -0.00
(0.04) (0.00)
Democratic Legislature -0.07 0.00
(0.05) (0.00)
State Effects YES YES
Year Effects YES YES
N 677 677

Negative binomial models; robust errors clustered by state.
Significance levels: * p<0.10, ** p<0.05, *** p<0.01.

by about a tenth of a percentage point, or about three percent of a standard deviation. To put those
inequality estimates in context, consider that the median state enacted 29 bills over the period we ex-
amine - thus, enacting that many bills would increase the share of income flowing to the top decile by
about three percentage points, or about one standard deviation of the inequality measure. Importantly,
we find that the number of introduced bills in a state is not correlated with either the top income tax
rates variable, nor the share of income flowing to the top income decile, suggesting that it is not simply
increased ALEC activity in a state that is correlated with these measures, but actual bill enactments.
Together, these findings confirm that ALEC bills not only produce outcomes that are of interest to

businesses and their executives, but that are also substantively relevant for important state policy out-
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comes as well. Indeed, they suggest that ALEC legislation may have contributed in part to rising in-

equality across the states over the 1990s and 2000s.

6.8 LIMITATIONS AND CONCLUSIONS

The methodological approach of this paper was fairly successful in identifying bills that share traces

of ALEC language (ALEC DNA), but much less successful in identifying bills with the same intent as
ALEC. The current method relies on document-level overlap metrics and topic similarity for classifica-
tion of bills that share ALEC DNA. Future work may examine sentence-level alignment approaches and
build on recent work in the paraphrase identification literature to detect identical policy proposals in
the legislative domain (see e.g. Das and Smith, 2009).

Though preliminary, these results suggest several important conclusions about business power
across state governments. Most centrally, they suggest that policy capacity in the form of greater leg-
islative professionalism provides the most consistent explanation for when and where business groups
like ALEC are most successful enacting their proposals into law. This provides an important confir-
mation of earlier work studying ALEC’s reach across the states (Hertel-Fernandez, 2014b). Legislators
who are strapped for time, ideas, and research assistance are more likely to turn to ALEC, given that the
group can offer precisely those resources that legislators lack in an accessible and appealing manner.
Our quantitative analysis also points to the importance of labor power in offering a counterweight to
the power of ALEC across the states, though these findings are less conclusive than those for legisla-
tive professionalism. Closely related, our analysis underscores the fact that ALEC’s mode of influence
across the states — exploiting weak policy capacity - is unrelated to more conventional forms of influ-
ence, especially campaign contributions. Electoral giving has captured the attention of many scholars,
citizens, and political advocates, yet as our paper emphasizes, this is not how a substantial number of

business-backed bills are being introduced and enacted across the states in recent decades. Thus, more
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work is needed to study these non-financial and non-electoral means of influence.

Our analysis and the data we have produced opens up a number of additional lines of inquiry. For
instance, who are the individual legislators who are authoring these business-drafted bills? How do
their own personal characteristics, such as their personal experience and occupation, influence their
propensity to turn to business groups and to reuse corporate legislative proposals? To what degree are
state legislators responding to the (perceived) opinions of their constituencies when they introduce
business-drafted bills? Does ALEC bill activity explain part of the striking socioeconomic gaps in pol-
icy representation that have been identified by scholars such as Bartels (2008) and Gilens (2012)? For
instance, ALEC has been responsible for promoting state measures to preempt cities from passing paid
sick leave programs (at least ten states have passed such measures), despite the fact that large majorities
of Americans support such policies (Smith and Kim, 2010; Bottari and Fischer, 2013).

Shifting from legislators to public policy, how does passage of business-backed bills change impor-
tant state social and economic outcomes, like economic growth, inequality, poverty, and spending on
specific programs? We have presented initial findings that ALEC model bills increase inequality, es-
pecially at the very top of the income distribution, but much more work is needed to understand this
relationship. For instance, which kinds of ALEC bills are responsible for this relationship - is it only
bills affecting taxes, or does legislation on other issues also shape the income distribution? These are all
central questions whose answers would shed considerable light on the puzzle of rising income inequal-
ity in the United States, and how those disparities in economic resources are caused — and reinforced -
by disparities in political access and influence between citizens and corporate interests.

Aside from our own interests in business power in the United States, we aim for our paper to serve
as a guide for other scholars interested in interest group influence. For instance, we hope to eventually
make our database of all state legislation introduced and enacted since the early 1990s available to the
public. Scholars could use this dataset — the first publicly available version of its kind - to conduct their

own analyses of interest group proposals across state government. And more generally, our methods
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of text analysis could be deployed to a variety of other contexts. Influence is at the heart of political
analysis, and yet scholars have struggled to measure and quantify such relationships in a systematic
manner. We think that the approach to text reuse analysis that we lay out in this paper can provide a

valuable addition to scholars’ toolboxes as they seek to uncover who governs across our societies.
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Front-door Adjustment

This appendix provides proofs and additional information for the analyses in Chapters 1-3.
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A.1  ATT PrOOFS

A.1.1 LARGE-SAMPLE BiASs OF FRONT-DOOR AND BACK-DOOR APPROACHES

The asymptotic bias in the front-door approach for E[Y(ao)|a] is the following:

d
B’Z = Mg\al — Hoja
= ZZP(m\ao,x) - E[Y]ay, m, x] - P(x|a;)
X m

- Z XM:E[YMO, x, u] - P(ulx, @) - P(x|ay)

- ;;p(m\ao,x) ;Emal, m, x, u] - P(u|ay, m, x) - P(x|ay) (A1)
=335 ElYlao, m,x,u] - P(mlao, x, u) - P(ulay, x) - P(x]a)

= Ex:p(x\al) Emj Z;P(mwo,x) - E[Y|ay, m, x, u] - P(u|a, m, x)

- ZP(x|a1) Z ZP(m|ao,x, u) - E[Y]ao, m, x, u] - P(u|ay, x)

Note that the bias will be zero when Y is mean independent of A conditional on U, M, and X (i.e.,
E[Y|a;, m,x,u] = E[Y|ag,m,x,u])and U is independent of M conditional on X and 4 or a; (i.e.,
P(m|ag,x) = P(m|ag,x,u) and P(m|a;,x) = P(m]ay, x,u)). Hence, again it is possible for the front-

door approach to provide an unbiased estimator when there is an unmeasured confounder.
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The asymptotic bias of the back-door approach can be written as the following:

bd __  bd
Ba1 - /"o\ul —Hy

- ZEm“O’ P(x|a) ZZE Ylao, x, u] - P(ulx, ar) - P(x|a1)

_ ZZE Y|ao, x, u] - P(u|ao, x) - P(x|a) (A.2)
_ ZZE Y|ag, x, u] - P(u|ay, x) - P(x|a;)

- Zp (x|ar) ZE Y|ao, x, u] - [P(u|ao, x) — P(u|ay, x)|
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A.1.2 FRONT-DOOR ADJUSTMENT WITH ONE-SIDED NONCOMPLIANCE

In the special case of one-sided noncompliance, the front-door estimator for ATT can be written as the

following:

7, = E[Y|a)] — XX:E[YMI, mo, x] - P(x|ar)
= ZX:Emal, P(x|a)) ZE Y|ai, mo, ] - P(x|ay)
= Zx:P(xlal) {E[Yla1, 5] — E[Y|a1, mo, ]}
— ;P(x\al) {E[Y|ar, my, %] - P(mu|x, &) + E[Y|a, mo, ] - P(mo|x, a1) — E[Y|ay, mo, x]}
= Xx:P(xlal) {E[Yla, m, x] - P(mi|x, 1) + E[Y|ay, mo, ] - [P(molx, ar) — 1]}
= Z P(x|ay) {E[Y|ay, m1, 5] - P(mi|x, @) — E[Y]ay, mo, x] - [L — P(mo|x, a1)]}

= ZP(x|a1) {E[Y|ay, m1, x] - P(my|x, a1) — E[Y|ay, mo, x| - P(my|x, a1)}

= ZP(x\al)P(mﬂx, ay) {E[Y|ay, my, x| — E[Y|ay, mg, x|}

A.1.3 FRONT-DOOR AND BACK-DOOR B1AS UNDER ONE-SIDED NONCOMPLIANCE

In the special case of nonrandomized program evaluations with one-sided noncompliance, the front-

door and the back-door ATT bias can be written as the following, utilizing the fact that P(M = 0|ag, u) =

land P(M = 0|ay, u) = 0 for all u:
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d d
BQTT =t~ l‘£|a1 — (4 — toja,)
d
= [’10|a1 - lu{)|a1
= B

- ZP(x\al) ZE[Ylao, my, x, u]P(ulay, x)

— Z P(x|ay) Z E[Y|ay, mg, x, u]P(u|ay, mg, x)
X u

Adding and subtracting Y P(x) Y E[Y|ao, mo, u] - P(u|ai, mo):

= P(xla) > E[Y|ao, mo,x,u] - [P(ular, x) — P(u]ar, mo, x)]
- ZP(x\al) Z{E[Y|a1, mo, x, u] — E[Y]ag, mo, x, u]} - P(u|ay, mo, x)

(A.3)

Back-door bias under one-sided noncompliance is:

Bot = wy — pgf, — (4 — toj)

= ZP(x|a1) ZE[Y!u, ag, mo, x| - [P(ulay, x) — P(ulag, x)].
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A.1.4 ALTERNATIVE EXPRESSION FOR FRONT-DOOR BI1AS UNDER ONE-SIDED NONCOMPLIANCE

The bias can be re-written further if we note that the imbalance in U can be written in terms of the

mediator,

P(u|ay, x) — P(u|ay, mo, x) = P(ul|ay, my, x) - P(my|ay, x) + P(u|ay, mo, x) - P(mgla, x) — P(u|ay, mg, x)
= P(u|ay, my, x) - P(my|ay, x) + P(u|ar, mo, x) - [P(mglar, x) — 1]
= P(u|ay, my, x) - P(my|ay, x) — P(ulay, mg, x) - P(my|ay, x)

= P(m1’a17x) ’ [P(u’ah mlvx) - P(u‘ala m07x)]7

and the difference in expectations over Y can be written in terms of the potential outcomes under con-

trol,

E[Y|ag, mo, x, u] — E[Y|ay, mg, x, u]
= E[Y|ao, x, u] — E[Y|a1, mg, x, u]
= E[Y(ao)|ao, x, u] — E[Y|ay, mg, x, u]
= E[Y(ao)|a1, x, u] — E[Y]ay, mg, x, u]

= E[Y(ao)|ar, m1, x, u] - P(mi|ar, x,u) + E[Y(ao)|ar, mo, x, u] - P(mo|a1, x, u) — E[Y|a1, mo, x, u]
E[Y’alymmxa M]
E[Y(ao)|a1, mo, x, u]

= E[Y(ao)|a1, m1, x, u] - P(mi|a1, x, u) — E[Y(ao)|a1, mo, x, u] - — P(molay, x, u)

These equivalencies allow us to write the front-door bias under one-sided noncompliance as the follow-
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ing:
d
B{m = ZP(x]al)P(ml\al,x) ZE[Y!aO, mo, x, u] - [P(u|ay, my, x) — P(u|ay, mg, x)]
X u

+ ZP(x]al) Z {E[Y(a0)|a1, my, x, u] - P(my|ay, x, u)

E[Y‘ah mo, X, M]

— E[Y(a0)|a1, my, X, Ll] ’ [E[Y(ao)‘ah mo, X, U] a

P(m()‘alvxﬂ Ll):| }P(u’ah mva)‘

A.1.5 FRONT-DOOR BIAS SIMPLIFICATION

In order to improve interpretability of the bias formula in Section A.1.4 and establish comparability
with the results for back-door bias in VanderWeele and Arah (2011), we offer a simplification of the
front-door bias formula under one-sided noncompliance and an exclusion restriction. Under Assump-

tions 3 and 4 we write front-door bias as:

d
Blirr = Y P(xlar)P(milar, x) Y E[Y]ao, mo,x, u] - [P(ulay, my,x) — P(ular, mo, %)]
X u

&

+ ZP(x\al) ZP(m1|a1,x, u) {E[Y(a0)|a1, my, x, u] — E[Y(ao)|a1, mo, x, u]} P(u|ay, mg, x)

U

Furthermore, under Assumptions 6, 7, and 8, we can simplify the above expression as:

de r = P(mi|ay) - ZP x|ay) ZE Ylag, mo, x, u]
P(my|ay) - 7 - ZP(x\al) ZP(u|a1, my, X)
X u
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Assuming U is binary as in VanderWeele and Arah (2011):

d
B’;TT = P(mi|a)[e ZP x|a) (E[Y]ag, mo,x, U = 1] — E[Y|ag, mg, x, U = 1]) +7]

Assuming that y does not depend on x as in VanderWeele and Arah (2011):

BITT—Pmlfal)[)’ e+ 1]

A.1.6 FRONT-DOOR B1as WITHIN LEVELS OF x

Alternatively, let’s return to the expression for front-door bias under one-sided noncompliance from

Section A.1.3:

Bl = 3" P(xla1) > ElYlao, mo, x, u][P(ular, x) — P(ulay, mo, x)] (A.4)
x u ‘g
+ Zp(x’al) Z{E[Y‘a(b mo, X, le] - E[Y‘ala mo, X, u]}P(u‘ab mva)' (AS)
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& can be rewritten as:

& = P(u|ay, x) — P(u|ay, mo, x)
= P(u|ay, my, x)P(my|ay, x) + P(u|ay, mo, x)P(mg|ay, x) — P(u|ar, mo, x)
= P(u|ay, my, x)P(my|ay, x) + P(u|ay, mo, x)[P(mg|ay, x) — 1]
= P(u|ay, my, x)P(my|ay, x) — P(u|ay, mg, x)P(my|ay, x)

= P(my|ay, x)[P(u|ar, my, x) — P(u|ay, mg, x)].

We can also expand w as:

w = E[Y|ag, mg, x, u] — E[Y|ay, mg, x, u]
= E|[Ylao, x, u] — E[Y]ay, mo, x, u]
= E[Y(ay)|ao, x, u] — E[Y|a1, mq, x, u]
= E[Y(ay)|a1, x, u] — E[Y|ay, my, x, u]

= E[Y(ao)|a, m1, x, u]P(rm|ay, x, u) + E[Y(ao)|a1, mo, x, u] P(mo a1, x, u) — E[Y|a1, mo, x, u]

E[Y|ala mo, X, Ll]

= E[Y(QO)‘ah my, X, u]P(m1’a17x7 u) - E[Y(a0)|ala mo, X, u] ’ { - P(m0|a1>x7 u)}

E[Y(ao)|a1, mo, x, u]
P(ml‘ahxv u)
= P(ml\al,x){E[Y(ao”al, my, x, H]W

E[Y|a1,m0,x,u] _
E[Y(ao)|a1,mo,x,u] P(molal’ X u) }

P(my|ay, x)

— E[Y(ag)|ay, mo, x, u] -

We note that the bias can be written as scaled by the compliance proportion within levels of x (P(m|ay, x)).
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We can thus rewrite front-door bias under one-sided noncompliance as:

Bl = ZP(x|a1)P(m1|a1,x) Z E[Y|ag, my, x, u] - [P(u]ay, my, x) — P(ulay, mp, x)]
X u
P(ml|a17x7 Ll)
P(my|ay, x)

E[Y|ar,mo,x,u]
E[Y(ao)|a1,mo,x,u]

P(my|ay, x)

T {E[Y(ao)lal, my, x, u]

- P(m0|a17 X, u)

— E[Y(ao)|ar, mo, x, u] -

}P(u|a1,mo,x)1.

This expression looks similar to the expression for front-door bias under one-sided noncompliance in

Section A.1.4, but we have rewritten the formula here so that one can express the bias within levels of x.

A.1.7 FRONT-DOOR Bias UNDER CONSTANT COMPLIANCE RATES ACROSS VALUES OF u

We prove that Assumption 9 and binary M implies that £ = 0:

P(u|ay, my, x) - P(my]ay, x)
P(u|ay, x)
P(u|ay, my, x)
P(ulay, x)

p(m1’a17x7 1/1) =
1=

P(ul|ay, x) = P(ulay, my, x)

Since M is binary, by similar logic as above we know that P(u|a;, x) = P(u|ay, mo, x).
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Therefore:

& = P(my|ay, x)[P(u|ay, my, x) — P(u|ay, mg, x)]
= P(my|ay, x)[P(u|ay, x) — P(u|ay, x)]

=0

Under Assumption 9, we can simplify front-door bias to:

d P(my|ay, x, u)
Bl = ;P(X\al)P(ml\ahx) ; E[Y(ao)|ar, m, x, ”]W

E[Y|a,mo,x,u]
E[Y(ao)|a1,m0,x,u]

P(my|ay, x)

P(m0|a17x) 1/!)

—E[Y(a0)|a1,m0,x, u] . -P(u|a1,x).
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A.2 FRONT-DOOR DIFFERENCE-IN-DIFFERENCES PROOFS

A.2.1 NoO LARGE-SAMPLE B1AS IN THE FRONT-DOOR DIFFERENCE-IN-DIFFERENCES ESTIMATOR

First define 74 = E[Y(a1)|a1,x] — E[Y(ao)|a1, x]. It is well known that 7, = >, Tau xP(x|ar).
Therefore in order to show that rZit‘d"d has no bias, we need only show a lack of bias for 7, within
levels of x. If Assumptions 11 and 12 hold, then the front-door difference-in-differences estimator has

no large-sample bias:

di-did _ g Plmila,x,g) q
att,x — ‘tattx,g1 P(m1|a17x’ g2) att,x,g»
_ d P(m1|al7x)gl) ‘d
= Tattx + Bl;tt,x,gl - P(m1’a17 X, gZ) att,x,g»
B d P(mi|ay, x, 1) 1
= Tatt,x + Bxfztt,x,gl - P(m1’a17 X, g2) att,x,g»

= Tatt,x + de

att,x,gl

_p"

att,x,gl

= Tatt,x
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A.3 NatioNAL JTPA Stubpy

Our analysis makes use of the following samples in the National JTPA Study: experimental active treat-
ment group, experimental control group, and the nonexperimental / eligible nonparticipant (ENP)
group. We restrict our attention to the 4 service delivery areas at which the ENP sample was collected:
Fort Wayne, IN; Corpus Christi, TX; Jackson, MS, and Providence, RI. We also only examine 2 target
groups: adult males and adult females. Note that the active treatment group for our purposes means
receving any JTPA service, even though the services actually received from the JTPA varied across indi-
viduals.

The raw data and edited analysis files are available as part of the National JTPA Study Public Use
Data from the Upjohn Institute. The covariates for the experimental sample are available through the
background information form (BIF) and the covariates for ENPs are available through the long baseline
survey (LBS). The experimental samples completed the BIF, which contains demographic information,
social program participation, and training and education histories, at the time of random assignment.
The ENPs completed the LBS anywhere from o to 24 months following eligiblity screening. Unlike the
BIF which mostly covers the previous year in terms of labor market experiences, the LBS covers the
past 5 years prior to the survey date and thus provides a much richer portrait of labor market partici-
pation. Moreover, experimental control units at the 4 ENP sites also received the long baseline survey,
completed 1-2 months after random assignment. Heckman et al. (1998), Heckman and Smith (1999),
and related works rely on the detailed labor force participation data and earnings histories in LBS to
identify selection bias by comparing the experimental control units to the nonexperimental control
units. Unfortunately, treated units were never administered the LBS and we have no detailed labor

force participation data for multiple years prior to random assignment. Moreover, no one survey in-

'The National JTPA Study classified services received into the following 6 categories: classroom training in
occupational skills, on-the-job training, job search assistance, basic education, work experience, and miscella-
neous.
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strument was administered to all three of the samples we are using in this analysis, yielding issues of
noncomparability. The limited set of covariates we use in the conditioning sets in our analysis have all
been established to be comparable by verifying their values across the BIF and LBS for the experimen-
tal control group, which completed both surveys at the 4 ENP sites.

The dataset we end up using in our analysis was obtained in communication with Jeftrey Smith and
Petra Todd. It is the dataset used in the estimates presented in Section 11 of Heckman et al. (1998) and
contains all three samples we use in our analysis. It also contains compliance information for the ex-
perimental treated group sample. The covariates we utilize in our analysis have been cross-checked
against the raw data from the Upjohn Institute. There are also additional covariates in the Heckman
et al. (1998) data that have been imputed using a linear regression as described in Appendix B3 of their
paper.

The outcome variable we use in the analysis is total 18-month earnings in the period following ran-
dom assignment (for experimental units) or eligiblity screening (for ENPs). The monthly total earnings
variable available from the public use data files is the totearn variable. The data covers months 1-

30 after random assignment (denoted as t 4+ 1to t + 30, where ¢ is the time of random assignment).
The data also includes data for ¢, the month of random assignment. Note that this variable is not raw
earnings data, but was constructed by Abt Associates from the First and Second Follow-up Surveys,

as well as based on data from state unemployment agencies, for the initial JTPA report.> Please con-
sult Appendix A of Orr et al. (1994) for description of the First Follow-up Survey, Second Follow-up
Survey, and earnings data from state unemployment insurance agencies and Appendix B of the same
report for construction and imputation of the 30-month earnings variables. The Narrative Description
of the National JTPA Study Public Use Files also contains description of the imputation process (see

http://www.upjohninst.org/erdc/njtpa.html).

>One of the major imputations was a decision to divide raw earnings by a shares variable which adjust
earnings reported for incomplete months (due to the timing of the interviews) to full monthly earnings.
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In our analysis, we rely upon the monthly total earnings variable in the dataset we obtained from
Jeffrey Smith and Petra Todd. We have verified the earnings data used in the calculation of the program
impact from this dataset against the earnings variables in the public use data and they match exactly
except for a few individuals where Heckman et al. (1998) have imputed missing monthly data. This
applies to around 1% of observations and thus is unlikely to substantively change any results. A unit-
by-unit comparison of earnings across the raw data and the data we are using can be obtained from us
upon request.

The full dataset we obtained contains 1478 treated units, 649 experimental control units, and 667
ENPs for adult males. For adult females, there are 1734 treated units, 830 experimental control units,
and 1340 ENPs. These numbers already exclude individuals without any earnings records. We follow
the sample restrictions in Heckman et al. (1998) to reduce the full dataset to the final sample (see Ap-
pendix B1). We impose an age restriction of 22 to 54 years old on the experimental samples to match
the ages of the ENP sample. We then omit individuals who are missing data on race and date of eligibil-
ity. Finally, we impose a rectangular restriction based on quarterly earnings. For experimental control
and the ENP samples, we require (i) at least one month of valid earnings prior to random assignment
(for experimental controls) or prior to eligibility screening (for ENPs), denoted as t = 0, (ii) valid earn-
ings data at t = 0, and (iii) at least one month of valid earnings data in months ¢ + 13 to ¢ + 18. For the

treatment group, we impose only restriction iii. The final sample sizes are presented in Table A.1.

Table A.1: Sample Sizes Before and After Imposing Sample Restrictions. The treated units are broken
up into compliers (C) and noncompliers (NC). Control denotes experimental control and ENP denotes
the eligible nonparticipants.

Adult Males Adult Females
Treated  Control ENP | Treated Control ENP
C NC C NC
Pre-restriction | 843 635 649 667 | 953 781 830 1340
Post-restriction | 834 622 523 384 | 934 765 706 852
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Even after imposing the rectangular restriction on earnings, some individuals had missing earnings
data for some months. In the construction of the 18-month total earnings variable, we mean impute
the missing months using the average of the individual’s available monthly earnings. Details on the

extent of missingness are available from authors upon request.

A.3.1 ANALYSIS BY MARITAL STATUS

In the analysis in Chapters 2 and 3, we subset the observations by marital status. The final sample sizes
(by marital status) are presented in Table A.2. We cross-checked the covariates we utilize in our analy-
sis against the raw data, available as part of the National JTPA Study Public Use Data from the Upjohn
Institute. We established that all covariates in our conditioning sets are identical. However, the marital
status variable that denotes whether individuals are currently, or were once, married was imputed as
described in Appendix B3 of Heckman et al. (1998) and thus does not exactly match the raw data. We
treat all individuals with values of the marital status variable that fall between o and 1 (non-inclusive)
as married. We note that any given coding scheme is highly unlikely to alter results since only 3% of

observations fall in this range.

Table A.2: Sample sizes for adult males by marital status. The treated units are broken up into compli-
ers (C) and noncompliers (NC). Control denotes experimental control and ENP denotes the eligible
nonparticipants.

Treated Control ENP
C NC
Non-single | 484 304 274 292
Single 350 318 266 92
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A.4 FLORIDA VOTING DATA

To construct our population of eligible voters, we examine individuals that have appeared in one of
four voter registration snapshots: book closing records from 10/10/2006, 10/20/2008, and 10/18/2010,
as well as a 2012 election recap record from 1/4/2013. This yields a total population of 16,371,725 in-
dividuals that we are able to subset by race (Asian / Pacific Islander, Black (not Hispanic), Hispanic,
White (Not Hispanic), and Other). Note that the Other category contains individuals who self-identify
as American Indian / Alaskan Native, Multiracial, or Other, as well as individuals for whom race is un-
known. In cases where race changes across voter registration snapshots for the same voter, we use the
latest available self-reported race. Such changes affect only 1.1% of observations. The breakdown of the
the population by race is presented in the rightmost column of Table A.3.

We use voter history files from 08/03/2013 to subset the population by voting mode in each election.
The voter history files required pre-processing before we could use them for estimation. As mentioned
in Gronke and Stewart (2013) and Stewart (2012), there is an issue of duplication of voter identifica-
tion numbers within the same election. In some cases, this duplication is rather innocuous because the
voting mode is identical across records. In these cases, we simply remove duplicate records and include
the voter in our analysis. In other cases, voters are recorded as both having voted in a given election
and not having voted (code “N”). In these cases, we assume that the voter did indeed cast a ballot and
use that code. Finally, there are a few instances in which a voter is recorded to have voted in multi-
ple ways. For example, a voter history file may indicate that a voter voted both absentee and early at a
given election. While Gronke and Stewart (2013) indicates that voters may legitimately appear multi-
ple times in the voter history file, this makes the task of stratifying by voting mode difficult. As a result,
we choose to exclude individuals who are recorded to have voted using more than one mode. When
analyzing the 2008 election subsetting by 2006 voting modes, we exclude 385 individuals. The corre-

sponding numbers for analysis of the 2012 election subsetting using 2008 and 2010 voting groups are
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1951 and 2998, respectively. These figures are dwarfed by the sample sizes and thereby highly unlikely
to exert any serious effect upon our estimates.

We also made several choices regarding the definition of voting modes. Specifically, we classified
anyone who voted absentee (code “A”) and whose absentee ballot was not counted (code “B”) as having
voted absentee. We classified anyone who voted early (code “E”) and anyone cast a provisional ballot
early (code “F”) as having voted early. Finally, we classify anyone who voted at the polls (code “Y”) and
cast a provisional ballot at the polls (code “Z”) as having voted on election day. We do not use the code
“P”, which indicates that an individual cast a provisional ballot that was not counted since we cannot
ascertain whether it was cast on election day, early, or as an absentee voter.

Another difficulty with the data is defining the eligible electorate and thus individuals who did not
vote. While the voter history files have a code “N” for did not vote, most individuals who do not vote
are not present in the voter history files at all. For example, for the 2008 election there were no “N”
codes at all in the voter history files. Therefore, we count an individual as not having voted in a given
election if they appeared in the voter registration files at one point but are either not present in the

voter history file for that election or are coded as “N”.

Table A.3: Voting modes as percent of population in 2006, 2008, and 2010 elections. Population is de-
fined as anyone who has appeared in voter registration records from 2006-2012. Note that percentages
of individuals who did not vote, whose provisional ballots were not counted, or who are dropped due
to conflicting voting modes are not shown.

2006 2008 2010
Election Election Election
Race Early  Absentee Day Early  Absentee Day Early  Absentee Day Total
Asian 2.87 2.61 12.21 15.15 10.45 20.43 4.75 5.69 13.76 233664
Black 2.81 1.85 16.86 27.67 7.14 16.97 6.41 4.24 18.57 2159473
Hispanic 2.46 2.83 12.46 15.05 8.60 22.72 4.11 6.01 13.37 2049683
White 5.89 5.60 23.16 14.48 13.57 25.32 7.39 9.05 20.63 11179293
Other 2.60 2.43 11.97 13.67 8.12 19.31 3.87 4.19 12.26 749612

A.5 EARLY VOTING RESULTS
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Table A.4: Rate of compliance (percent) with early voting program by prior voting mode and race in
2006-2008, 2008-2012, and 2010-2012 transitions (e.g., for the 2006-2008 transition, prior voting mode
is based on voting behavior in 2006, while compliance rate is proportion voting early in 2008). Note
that percentages of individuals who did not vote, whose provisional ballots were not counted, or who
are dropped due to conflicting voting modes are not shown.

2006-2008 2008-2012 2010-2012
Election Election Election
Race Early  Absentee Day Early  Absentee Day Early  Absentee Day
Asian 55.43 12.14 27.59 37.48 8.50 12.68 57.16 9.12 24.65
Black 71.53 18.66 53.70 49.12 12.35 19.48 67.91 15.05 43.65
Hispanic 56.70 8.98 29.50 33.18 6.81 11.02 53.03 7.31 21.63
White 53.87 9.19 22.98 40.54 7.69 12.33 56.69 7.11 20.41
Other 55.42 10.43 28.10 37.15 7.33 11.06 57.43 8.28 24.50

Table A.5: Front-door estimates for EIP effect by race for 2006-2008, 2008-2012, and 2010-2012 tran-
sitions (e.g., for the 2006-2008 transition, prior voting mode is based on voting behavior in 2006 and
EIP estimate is for 2008). All estimates use county fixed effects. 99% block boostrapped confidence
intervals are reported in brackets.

Race 2006-2008 2008-2012 2010-2012
Asian 0.1548 0.1587 0.1476
[0.1421,0.1857] | [0.1608, 0.1778] [0.14, 0.1823]
Black 0.2239 0.2101 0.1793
[0.1923, 0.2455] | [0.1899, 0.2325] | [0.1582,0.2191]
Hispanic 0.1442 0.1305 0.128
[0.132,0.2037] | [0.1131,0.1664] | [0.1096, 0.1821]
White 0.1292 0.1539 0.1325
[0.1064, 0.1564 | [0.136,0.173]] | [0.1131,0.1563]
Other 0.1699 0.1756 0.1623
[0.1421, 0.2021] | [0.1608, 0.1897] [0.14, 0.1869]
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Table A.6: Front-door difference-in-differences estimates for EIP effect by race for 2006-2008, 2008-
2012, and 2010-2012 transitions (e.g., for the 2006-2008 transition, prior voting mode is based on vot-
ing behavior in 2006 and EIP estimate is for 2008). Estimates are reported across different group of
interest and differencing groups. All estimates use county fixed effects. 99% block boostrapped confi-
dence intervals are reported in brackets.

Race Group of interest - 2006-2008 2008-2012 2010-2012
Differencing group
EIP-Absentee 0.0535 0.0169 0.0528
[0.028, 0.0785] [0.01, 0.0233] [0.0352, 0.0757]
Asian EIP-Election Day 0.0569 0.0225 0.0501
[0.0398, 0.0801] [0.0177, 0.0303] [0.0344, 0.0739]
Election Day-Absentee -0.0027 -0.0023 0.001
[-0.0093, 0.0023] [-0.005, 1e-04] [-0.0036, 0.0048]
EIP-Absentee 0.0922 0.028 0.0692
[0.0658, 0.1134] [0.0181, 0.0375] [0.0538, 0.0934]
Black EIP-Election Day 0.0694 0.0185 0.0502
[0.0544, 0.0811] [0.0104, 0.0261] [0.0346, 0.078]
Election Day-Absentee 0.0152 0.0032 0.0101
[-0.0022, 0.0286] | [-0.0014, 0.0077] [0.0021, 0.0177]
EIP-Absentee 0.0532 0.0162 0.0377
[0.0445, 0.0782] [0.0126, 0.0245] [0.027, 0.0703]
Hispanic || EIP-Election Day 0.0454 0.0082 0.0346
[0.0385, 0.0758] [0.003, 0.0193] [0.0257, 0.0624]
Election Day-Absentee 0.0037 0.0025 0.0012
[-0.003, 0.0059] [-9e-04, 0.0046] [-0.0014, 0.0054]
EIP-Absentee 0.033 0.0098 0.0349
[0.0201, 0.049] [0.0024, 0.0171] [0.0228, 0.0495]
White EIP-Election Day 0.0452 0.0218 0.0426
[0.0334, 0.0615] [0.0168, 0.0278] [0.0316, 0.0565]
Election Day-Absentee -0.0054 -0.0038 -0.0029
[-0.0071, -0.0038] | [-0.0056, -0.002] | [-0.0046, -0.0013]
EIP-Absentee 0.0477 0.0169 0.0482
[0.0305, 0.0707] [0.0096, 0.0228] [0.0315, 0.0652]
Other EIP-Election Day 0.0558 0.0191 0.0493
[0.042, 0.0726] [0.0149, 0.024] [0.037, 0.0646]
Election Day-Absentee -0.0042 -9e-04 -4€-04
[-0.0078, 0] [-0.0034, 0.0015] | [-0.0048, 0.0037]
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A.6 GET OuTt THE VOTE EXPERIMENTS

To define the scope of the experiments we replicate, we start with the list of GOTV experiments in
Green et al. (2013) and subset to those studies that use phone GOTV treatments.> Furthermore, we
only include studies for which we can readily locate replication data. Specifically, this means that the

replication data was available in one of three places:
1. Author’s site
2. Journal site
3. Yales Institution for Social and Policy Studies (ISPS) data repository

We are thus left with a total of 8 replicable journal articles, spanning 19 GOTV experiments.

3The only exception is Arceneaux et al. (2006), which was absent from Green et al. (2013) because they
counted the 2002 Iowa and Michigan experiments under the Gerber and Green (2005a) article.
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Table A.8: Sample Size and Compliance of GOTV Phone Experiments

Source Experiment Nper  Compliance rate
Iowa 78000 0.3511
Arceneaux et al. (2006) Michigan 66475 0.3415
Arceneaux et al. (2010) linois 6569 0.5185
Gerber and Green (2005b) New Haven 6626 0.3470
Gerber et al. (2010) Michigan 8448 0.4718
Albany 804 0.6157
Boulder Student 653 0.7213
Eugene Student 705 0.7433
Nickerson (2006) Stonybrook 680 0.8867
Boulder Vendor 1143 0.3447
Eugene Vendor 953 0.4900
Boston 1209 0.5542
Local Professional 4849 0.3081
Nickerson (2007) National Professional 54948 0.3920
Volunteer 54017 0.4427
Nickerson et al. (2006) Michigan 10547 0.6426
2 Weeks Before 2000 0.7395
Panagopoulos (2011) 3 Days Before 2000 0.5185
4 Weeks Before 2000 0.7420
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A.7 OREGON HEALTH INSURANCE EXPERIMENT

We replicate results from Tables 5-6 and 8-10 of Finkelstein et al. (2012). Data is subset to those in-
dividuals who responded to 12-month post-randomization survey. There are a total of 11808 treated
units in the study, 8365 of which are compliers and 3429 are non-compliers. There are 11933 con-

trol units that we use to establish the experimental benchmark. We condition on birth year, gender,
whether or not English is the primary language, whether or not the individual signed themselves up,
whether the individual applied on the first day, whether or not the individual has a phone, whether or
not an individual has a P.O. box, and a dummy for being in a metropolitan statistical area (MSA) when

fitting conditional expectation functions to treated units and treated non-compliers using OLS.

197



A.8 FRONT-DOOR ADJUSTMENT FOR ATE

For an outcome Y and a treatment/action A, we define the potential outcome under a generic treatment
as Y(a;) and the potential outcome under control as Y(ap). The ATE is defined as E[Y(a;)] — E[Y(ao)].

In what follows we discuss the asymptotic bias in estimating E[Y(ao)] and the ATE.

A.8.1  AsympTOTIC BIAS IN ESTIMATING E[Y(ay)]

As in VanderWeele and Arah (2011), we assume that E[Y(a9)] can be equated to the expectations over
observed outcomes by conditioning on observed covariates X and unobserved covariates U. For sim-

plicity in presentation we assume that X and U are discrete, such that

Hy = E[Y(ao)] =) > E[Ylao,x u] - P(ulx) - P(x), (A.6)

but continuous variables can be easily accommodated.* We also assume that probabilistic assignment
holds such that there is a positive probability of both a; and ay for all values of U and X among all units
(Rubin, 2010).

If we have measured a set of post-treatment variables M, the front-door adjustment can be written as

the following:

uy =3 P(mlao,x) Y E[Yla, m,x] - P(alx) - P(x), (A7)

where these sums are taken over values of x, m, and a with positive probability. The asymptotic bias for

4We also note that for formulas of this type throughout the paper, when any of the densities take the value
zero (e.g., P(u|x, a;) = 0 or P(x|a;) = 0) we mean the entire term to be zero.
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E[Y(ag)] can be written as the following (see Appendix A.8.4 for a proof):
= !"{)d —Ho
= ZP(X) Z Zp(m‘amx) ZE[Y|(,1, m,x, M} : P(u\a, m,x) ’ P(a|x) (AS)
- ZP(x) Z ZP(m|a07x, u) - E[Y|ag, m, x, u] - P(u|x)

In this supplement as in Chapter 1, we will use the term bias to refer to asymptotic bias. The bias is

zero when the following two conditions hold:

ASSUMPTION 13 (Y IS MEAN INDEPENDENT OF A CONDITIONAL ON M, X, AND U)

E[Y|a, m,x, u| = E[Y|ag, m, x, u] for all a, m, x, u.

ASSUMPTION 14 (U 1S INDEPENDENT OF M CONDITIONAL ON A AND X)

P(m|ag, x) = P(m|ag, x, u) for all m,x,u and " P(u|a, m,x) - P(a|x) = P(ul|x) for all m, x, u.

The result for y, is analogous. Therefore, as demonstrated in Pearl (1995), it is possible for the front-
door approach to provide an unbiased estimator of ATE, even when there is an unmeasured common
cause of A and Y. However, note that unlike the presentation in Pearl (1995, 2000, 2009), the presenta-
tion here does not require the definition of potential outcomes beyond those originally used to define
the ATE. In other words, this presentation is agnostic as to whether SUTVA holds with M as a treat-

ment variable.

A.8.2 AsymMPTOTIC BiAs FOR ATE

The front-door formula ATE can be written as:
ZP Z (mlay, x) — P(m|ag, x) ZE Y|a, m, x| - P(a|x), (A.9)
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with the bias written as the following (see proof in Appendix A.8.4):
d d d
B{ATE = 1“11‘ - f‘(f) — (i
= ZP Z (m|ay, x) — P(m]ag, x) ZZE Yla, m,x, u] - P(u|a, m,x) - P(a|x)
(A.10)
=3 P(x) S ST {[P(mlar, x, u) — P(mla, x, u)]E[Y]ar, m, x, u]} P(ulz)

=Y " P(x) > {[E[Y]ar, m, x, u] — E[Y|ag, m, x, u]|P(m]ag, x, u) } P(u|x)

Note that the last line is zero when Assumption 13 holds. When Assumption 14 holds as well, B{fTE
can be shown to be zero similarly to B{)d.
In order to compare the bias in the front-door approach to the standard back-door approach, we

write the back-door formula for ATE based on observed covariates as the following:

ZP E[Y|ay, x| — E[Y]aq, x]|, (A.11)

and the bias of the back-door formula as the following (see Appendix A.8.4 for a proof), which is very

similar to the formula presented in VanderWeele and Arah (2011):

BYp = u? — ug® — (uy — )
=> P(x)>_{[P(ular,x) — P(u|x)] - [E[Y|ar, x, u] — E[Y]ao, x, u]]} (A12)

- ZP()C) Z {[P(u‘abx) - P(”’a()vx)] ’ [E[Y\ao,x, u]}

There are two important general facts to note about the comparison between BﬁiTE and BZdTE. First, it
is quite possible that the front-door ATE bias will be smaller than the back-door ATE bias even when

the aforementioned front-door independence conditions do not hold exactly. Second, because both es-
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timators are defined within levels of the observed covariates X, it is possible to form hybrid estimators
that utilize the front-door estimator for some values of X and the back-door estimator for other values
of X. In order to develop some intuition about when the front-door approach would be preferred to the
back-door approach (perhaps within a level of X), we next consider the special case of linear Structural

Equation Models with constant effects (SEMs) and a scalar M.

A.8.3 SPECIAL CASE: LINEAR STRUCTURAL EQUATION MODELS

If we assume additive linear models with constant effects for Y and M, then:
E[Y|a,m,x] — E[Y|a,m’, x] = x(m — m’), (A.13)
which is constant in a and x, and:
E[M|ay, x] — E[M|ag,x] = May — ag), (A.14)
which is constant in x. This allows us to write the front-door ATE as the following (proof in Appendix A.8.5):
M{d — y{)d = xAMay — ag) (A.15)

Therefore, when we assume additive linear models, the front-door formula for ATE simplifies to a
product of multiple regression coefficients. If we also assume that Y is an additive linear model in g,

x, and u, then E[Y|ay, x, u| — E[Y]ag, x, u] = 7(a; — ao) and the ATE simplifies as well:

b=ty =)_ ) @ —ao)Plulx) P(x)

(A.16)

= T(a1 — ao)
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A > M > Y
Y

Figure A.1: Structural Equation Model

In order to present the ATE bias in the front-door approach, it will be helpful to present a simplified
linear structural equation model with constant effects for these variables. This is defined by the path di-
agram in Figure A.1. For simplicity in presentation, independent error terms have been removed from
the graph, we have assumed that there are no measured conditioning variables, and we have assumed
that A, M, U, and Y are scalars. Note that when a; — a9 = 1, the ATE 7 can be written as the following

for this model:
T=af+y (A.17)

When a; — a¢ = 1, the front-door formula is the following (see Appendix A.8.5):

d V(UlA) V(U) | 5, V(U) V(U|A)
W= = o+ abey s+ Bedy o o+ S0 T (A.18)

and the difference between the front-door formula and the ATE is the following:

Bf‘iTE:(x@eV(U‘A) +ﬁ8&+ 8@ V(Ul4)

via) POy T @) visja) 7 (A-19)

Therefore, the front-door formula will equal the ATE when the first three terms equal y. In other words,
when the bias for the indirect effect equals the direct effect. A special case of this is the situation when

e = 0 and y = 0, and this can itself be seen as an example of the front-door criterion within the context

202



of SEMs.

For comparison, the back-door formula and bias can be written as the following (see Appendix A.8.5):

V(iU
yi’d — ygd =af +y+ (Bed + GS)VEA (A.20)

~ | =

Blfs = (ped + 60) 1 (A1)

—_ =

When comparing the back-door and front-door bias within SEMs, we first notice that both share the

/368 terms This represents the A <— U — M — Y path. The key comparison is between the

U|A U) V(UIA
o + oot v

bias terms unique to the front-door formula («fe — y) and the bias term
unique to the back-door formula (05 )) Roughly speaking, the front-door bias can be smaller than
the back-door bias when e and y are small or when the front-door bias terms cancel. Notice as well
that the front-door and back-door bias will be equal when 6 = 0 and y = 0, which is equivalent to
saying that there is no direct effect from A to Y or from U to Y. Therefore, another general case where
the front-door will be preferred to the back-door is when U is largely mediated by M, and the bias from
s V() V( U)

the common term is ameliorated by the direct effect (Bed ;45 — )-
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A.8.4 AsympTOTIC Bias PROOFS

FRONT-DOOR Bias

The large-sample bias for the front-door formula of E[Y(ap)] can be derived as the following:

= /"{)d —Hy
= Z ZP(m\ao,x) ZE[Y|a, m, x] - P(a|x) - Z ZE Ylao, x, u] - P(u|x) - P(x)

= Z ;P(m\ao,x) Z ;E[Ym, m, x,u) - P(ula, m, x) - P(a]x) - P(x)
— Z Z ijgmao, m, x, u] - P(m|ag, x, u) - P(u|x) - P(x)

= Zx:p(x) > ZP(m|ao,x) ZE[Y\a, m, x, u] - P(u|a, m, x) - P(alx)
—Zx:P ZZP m|ag, x, u) - E[Y]ag, m, x, u] - P(u|x)

(A.22)
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The large-sample bias for the front-door formula for ATE can be derived as the following:

B{fTE = led - l‘,{{)d — (i
= ZP Z (m|ay, x) — P(m]ag, x) ZE Yla, m, x| - P(a|x)

- Zx:p(x) ;{E[Y\al,x, u] — E[Y|ag, x, u]} - P(u]x)

= ZP Z (m|ay, x) — P(m|ag, x) ZZE Y|a, m, x,u] - P(u|a, m, x) - P(a|x)

- ijp(x) Z;;{E[le,m,x, u] - P(m|ay, x, u) — E[Y|ag, m, x, u] - P(m|ag, x, u)} - P(ulx)

+ Exjp(x) Z zmjp(m\ao,x, u) - E[Y|ay, m, x, u] — Zx:p(x) Z ijp(myao,x, u) - E[Y|ay, m, x, u]
= ZP Z (m|ay, x) — P(m|ag, x) ZZE Y|a, m, x,u] - P(u|a, m, x) - P(a|x)

- Zx:p(x) Zujzm:[z)(m\al,x, u) — P(m|ag, x,u)] - E[Y|ar, m, x,u] - P(ulx)

- ZP(x) Z Z {E[Y|ay, m, x, u] — E[Y|ag, m,x,u]} - P(m|ag, x, u) - P(u|x)

(A.23)

Back-DoOOR Bias

The back-door formula for ATE based on the observed covariates is the following:

—ub —ZP - {E[Y|ay, x] — E[Y]ao, x]},
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and the large sample bias of the back-door formula is the following:

Bifs = i — 5" — (1 — )
= ZP - {E[Y|ay, x] — E[Y|ag, x|}

— Y P(x) Y {E[Y|ar, x, u] — E[Y|ag, x,u]} - P(ulx)
= ZP(x) Z {E[Y|ay, x, u] - P(u|ay, x) — E[Y]|ag, x, u] - P(u]ao, x)}

- ZP Z [Yl|ay, x, u] — E[Y]aog, x, u]] - P(u|x)

Adding and subtracting »_P(x) >, P(u|ai, x) - E[Y|a,, x, u]:

— Zp(x) Z {E[Y|ay, x, u] — E[Ylao, x, u]} - P(u|ay, x)

_ ZP Z [Y|ao, x, u] - [P(u|ar, x) — P(u]ag, x)]

_ ZX:P x Z {E[Y|ay, x, u] — E[Y|ag, x,u]} - P(u|x)

= Zx:P(x) > {E[Ylay,x, u] — E[Y]ao, x, ul} - [P(ular, x) — P(ulx)]

- ZP ZE Ylag, x, u] - [P(u]ay, x) — P(u|ag, x)]
X

(A.24)
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A.8.5 LINEAR SEM PROOEFS

FrRONT-DOOR FORMULA

When writing the front-door formula for ATE within linear SEMs, note that ) [P(m|a;, x)—P(m|ag, x)| =
0, so if we choose a reference value of m’, then we can include the quantity — " E[Y]a, m’, x| - P(a|x) -
P(x) which is constant in m. If we further assume additive linear models for Y and M, then E[Y|a, m, x|—
E[Y|a,m',x] = k(m —m’), which is constant in a and x, and E[M|ay, x| — E[M|ag, x| = A(a; — a) which

is constant in x.

= ;P(x);[P(m\al, P(m]aq, x) ZE Y|a, m, x] - P(alx)

= ZP Z (m|ar, x) — P(m|ap, x) Z{E Y|a,m,x] — E[Y|a,m',x]} - P(alx)
—ZP Z (mlar, x) — P(mlao,x)]za:vc(mm’)-P(ax)

—ZP Z (mlay, x) — P(m|a, x)]x(m — m')

= ZX:P(x) Zm:[P(m\al,x) — P(m]ag, x)|km (A.25)
= ZP Z [mP(m|ay, x) — mP(m|ao, x)]

= zxjp(x)K{E[Myal,x} — E[M]ag, ]}

= zx:P(x)K/l(al — ag)

= xA(a; — agp)

Therefore, when we assume additive linear models, the front-door formula for ATE simplifies to a

product of multiple regression coefficients. If we also assume that Y is an additive linear model in a,
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x, and u, then E[Y]ay, x, u| — E[Y|ag, x, u] = 7(a; — ap) and the ATE simplifies as well.

We can express k and A in terms of covariances:

_ Cov(Y,M|A)

=+ Oe

V(M]A)
V(UJA)
V(M|A)

(A.26)

. Cov(M, A)

V) (A27)

Within the linear SEM the following covariance relationships hold (we omit uncorrelated errors in

these expressions as is typically done with SEM graphs since they do not affect the derivations):

Cov(Y,M|A) = Cov(BM + yA + 60U, M|A)

= BCov(M, M|A) + 0Cov(U, M|A)

Cov(M, A)

(A.28)
= BV(M|A) + 0Cov(U, aA + eU|A)
= BV(M|A) + 0eV(U|A)
Cov(aA + eU, A)
aV(A) + eCov(U, A)
(A.29)

aV(A) + eCov(U, 6U)

aV(A) + edV(U)
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Therefore, when a; — ag = 1, the front-door formula is

(O RPN { C) (U’A)
~ V(UA) | , V(U) , V(U) V(UIA) ‘
= ap+abeyatay POV T V) Vi)

and the difference between the front-door formula and the ATE is the following:

BfTE—AK—T:aﬁ—I—aGeV(U‘A)—Fﬁ& 40 V(U) V(U|A )

voaia) TPy T OOV vna)

_ (Xﬁ—i— y (A31)

V(UJA) V(U) | 5, V(U) V(UA)
= abe VMA) +ﬂe8m +e wm VMIA) -y

Back-DOOR FORMULA

The back-door formula and bias can be described in terms of the following covariance relationships

Cov(Y,A) = Cov(fM + yA + 60U, A)

= BCov(M, A) + yCov(A,A) + 0Cov(U, A)
(A.32)
= B(aV(A) + edV(U)) + yV(A) + 0Cov(U, eU)

= B(aV(A) +edV(U)) + yV(A) + 65V(U)
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Cov(Y,A)
bd bd )
L o V(A)

=af+y+ (Bed + 96)“;&{ (A.33)

~— [ —

V(U

N2 N 2
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Evaluating Social Security Forecasts

This appendix provides additional information for the analyses in Chapters 4-5.

B.1  DAtA SOURCES

DEMOGRAPHICS We obtain observed period life expectancy data for 1982-2010 from the Human
Mortality Database (HMD, mortality.org). We collected all life expectancy forecasts published in the
annual Trustees Reports 1982-2010. In reports prior to 2001, SSA published life expectancy at birth

and at age 65 forecasts for males and females projected in 5-year intervals for a total of 75 years into
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the future. Post-2001, supplementary single-year tables are included online. Our sources are Tables

11 of Trustees Reports 1982-1991, Table IL.D.2 of Trustees Reports 1992-2000, and Table V.A3 of the
supplemental single-year tables of Trustees Reports 2001-2010. We calculate residuals as the difference
between SSA’s “best guess” projection (intermediate-cost scenario / alternative II) and the observed
life expectancy from HMD. To calculate the uncertainty interval, we use the minimum and maximum
values of projected life expectancy across the three scenarios.

We obtain observed total fertility rate (TFR) data for 1982-2010 from the Human Fertility Database
(HFD, humanfertility.org). We collected all TER forecasts published in the annual Trustees Reports
1982-2010. In reports prior to 2001, SSA published TFR forecasts in 5-year intervals for a total of 75
years into the future in the same tables as life expectancy (see preceding paragraph). For 2001 and
onwards, supplementary single-year Table V.A1 of each Trustees Report contains TFR forecasts. We
calculate residuals and uncertainty intervals in an analogous manner to life expectancy.

Finally, we collected all forecasts of net legal immigration for 2005 and 2010 published in the 2000-
2010 Trustees Reports, available on page 62 of the 2000 Trustees Report and in Table V.A1 of the 2001-
2010 Trustees Reports. The observed levels of net legal immigration are available in Table V.A1 of the

2014 Trustees Report.

OBSERVED LIFE TABLES We obtain observed conditional probability of death and period life ex-
pectancy data used in Figures 5.1, 5.3, and 5.2 from the Human Mortality Database (HMD, 2015).
Figure 4.1 plots conditional probabilities of death in the United States from 1980-2010 for males and
females separately. Figure 5.2 plots conditional probabilities of death across 39 countries for both gen-
ders combined. The availability of the data ranges from as early as 1751 for Sweden until 2013 at the
latest. Complete details of data availability by country are available at j.mp/HMDavailability. Figure 5.3
plots the changes in conditional probabilities over successive 10-year intervals from 1960-2010. We

present the results by age (65, 75, 85, and 95) and sex. This change is calculated as the slope of a regres-
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sion of the log of the conditional probability of death on time for each ten year period. For example,
the value for 1970 is the slope in the aforementioned regression for the 10-year window from 1961-

1970. In the plot, we weight each age in proportion to the number of deaths for that age in 2010.

SSA’s FORECASTS OF CAUSE-SPECIFIC MORTALITY We obtained observed (1979-2005) and forecast
(2006-2100) cause-specific mortality rates under SSA’s intermediate cost scenario from personal com-

munication with Felicitie Bell on May 15, 2009.

ULTIMATE RATES OF DECLINE OF MORTALITY  Ultimate rates of decline (UROD) are single number
summaries of the myriad long-term mortality assumptions made by the Trustees by sex, age group,
and cause of death. They represent the average annual percent reduction in age-adjusted central death
rates for the last 50 years of the 75-year projection window. We gather the intermediate-cost scenario
(“best guess”) URODs assumed by 1991-2013 Trustees Reports and the URODs recommended by the
four Technical Panels commissioned by the Social Security Advisory Board (quadrennially starting
with 1999). For the 1999 TR, we average the male and female UROD as reported in the 2003 Technical
Panel Report (Social Security Advisory Board Technical Panel, 2003). Page 71 of the 2001 TR gives the
UROD assumed by 2000 and 2001 TR. Table I1.C1 of TR 2002-2009 give the assumed UROD. UROD
for 2010 TR is found on page 8o of the report. For 2011, we average the male and female UROD -
0.75% and 0.73%, respectively - as reported in Table 2.3 of Office of the Chief Actuary (2013). For 2012,
2013, and 2014 Trustees Reports, the UROD are found in Table 2.2 of the respective Long-Range Demo-
graphic Assumptions (Office of the Chief Actuary, 2012, 2013, 2014).

UROD recommendations made by the 1999 and 2003 Technical Panel are available in Table 3 of
the 2003 Technical Panel Report (Social Security Advisory Board Technical Panel, 2003). The rec-
ommended UROD by the 2007 Technical Panel is available in Table 1 of their report (Social Security

Advisory Board Technical Panel, 2007). Although the 2011 Technical Panel doesn’t make its recom-
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mendations in terms of UROD, The Long-Range Demographic Assumptions for the 2013 Trustees Report

converts the 2011 Technical Panel’s life expectancy recommendation into an UROD.

FINaNcIALS  For 1978-2012, we take the observed cost rate and balance from Table IV.B1 and the
observed trust fund ratio from Table IV.B3 of the 2013 Trustees Report (j.mp/2013tables). We cal-
culate residuals as the difference between SSA’s “best guess” projection (intermediate-cost scenario /
alternative II) and the historic statistics from SSA. Note that for 1981-1990, Trustees Reports have two
intermediate-cost scenarios: alternative II-A and II-B. For these years, we follow subsequent Trustees
Reports and use II-B as the “best guess” projection. To calculate the uncertainty interval, we use the
minimum and maximum values of projected life expectancy across the three scenarios (four for 1981-
1990).

Sources for SSA projections published in the annual Trustees Reports (TR) from 1978 to 2012:

Cost rate: Table 26 of TR 1978, Table 27 of TR 1980-1980, Table 28 of TR 1982, Table 29 of TR 1982-
1983, Table 30 of TR 1984-1985, Table 28 of TR 1986, Table 26 of TR 1987-1991, Table II.F.13 of

TR 1992-2000, Table IV.B1 of the supplemental single-year tables of TR 2001-2012.

Balance: For Trustees Reports from 1986, balance projections are available from the same tables as the
cost rate projections. In 1978-1982 TR, the Trustees project the same scheduled tax rate across
the cost scenarios (available in Table 25 for TR 1978, Table 26 for TR 1979-1980, Table 28 for TR
1981, and Table 29 for TR 1982). We subtract the cost rates across the scenarios from the sched-
uled income rate to obtain the range of balance projections. For 1983-1984 TR, the income tax
rate varies slightly across the cost scenarios and is only published for the two intermediate pro-
jections (Table 27 for TR 1983 Table 28 for TR 1984). We are thus unable to evaluate coverage of

SSA’s uncertainty intervals for projections made in these two reports.

Trust fund ratio: Table 28 of TR 1978, Table 29 of TR 1979-1980, Table 31 of TR 1981, Table 32 of TR
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1982-1983, Table 33 of TR 1984-1985, Table 31 of TR 1986, Table 29 of TR 1987, Table 31 of TR
1988-1990, Table 32 of TR 1991, Table II.F.19 of TR 1992-1994, Table I1.F20 of TR 1995-2000,

Table IV.B3 of the supplemental single-year tables of TR 2001-2012.

UNANTICIPATED CcOSTS ~ We calculate the unanticipated costs due to demography by estimating the
number of unanticipated OASI beneficiaries for a given Trustees Report and projection year. In order
to estimate the number of unanticipated beneficiaries, we determine the proportionate change in age-
specific mortality rates that would correspond to the forecast error in life expectancy for each Trustees
Report and projection year. For each age 65 years and older, we multiply the age-specific population
count by the difference between the counterfactual age-specific mortality rate necessary to achieve

the projected life expectancy and the observed age-specific mortality rate. This product represents the
number of unanticipated beneficiaries for a given age and sex. We then sum across all ages for males
and females to estimate the total number of unanticipated beneficiaries. For example, the 2005 Trustees
Report projected year 2010 life expectancy at age 65 for males to be 16.6 years while observed life ex-
pectancy in 2010 equaled 17.9 years. This forecast error of 1.3 years corresponds to a 18.75% increase
in observed age-specific mortality rates, or 150,844 unanticipated male beneficiaries.

To obtain unanticipated cost due to under-estimating life expectancy, we then multiply the number
of unexpected OASI beneficiaries by the average annual benefits per OASI beneficiaries in constant
2010 dollars. We calculate average annual benefits per OASI beneficiary in current dollars by dividing
total OASI expenditures (j.mp/OASIexpend) by total OASI beneficiaries (j.mp/OASIbenif). We convert
average annual benefits from current dollars to constant 2010 dollars using the CPI-U series available
from the Bureau of Labor Statistics (bls.gov/data).

We calculate total unanticipated costs as the difference between observed total OASDI expenditures
in current dollars (j.mp/OASDIexpend) and projected OASDI expenditures. We convert unanticipated

costs from current dollars to constant 2010 dollars using the CPI-U series available from the Bureau
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of Labor Statistics. Forecasts of total OASDI expenditures in billions of current dollars for 2000-2010
Trustees Reports are found in Table III.B3 of 2000 TR, Table VI.Eg of 2001-2002 TR, Table VI.Fg of

2003-2004 TR, and Table VI.F8 of 2005-2010 TR.

B.2 DEemoGrAPHIC RESULTS USING SSA MORTALITY DATA

In Figures B.1-B.3 in this Appendix, we replicate the analyses in Figures 1-3, respectively, from Chap-
ter 4 by replacing mortality data from the Human Mortality Database with that computed by SSA. Only

small differences between the sources of data are revealed by this analysis.
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Figure B.1: Observed Period Life Expectancy (Source: SSA). As described in the text, “period life ex-
pectancy” for a year is a single-number summary of all the age-specific mortality rates for that same
year and is interpreted as the average number of years a person could expect to live if he or she experi-
enced the mortality rates of a given year over the course of their life.
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Figure B.2: Forecast Error of Life Expectancy in 2005 (panel a) and 2010 (panel b) by Trustees Report,

with data from SSA. Dots are colored green when truth falls within SSA uncertainty intervals. Dots are
colored red when the truth falls outside SSA uncertainty intervals.
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Figure B.3: Uncertainty Interval Coverage, with data from SSA. Green indicates uncertainty interval
covered the truth, red indicates that it did not, and gray indicates that SSA did not provide an interval.
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B.3 Lire EXPECTANCY FORECAST ERRORS FOR 1985-2010

We summarize in Figures B.4 and B.5 the forecast error for all available years of life expectancy (fore-
casts for years 1985-2010). The four graphs in this figure correspond to the four demographic vari-
ables from Figure 4.1. Again, each graph plots forecast error (vertically) by the year of the Trustees Re-
port (horizontally). Each graph also includes a smoothed line (locally weighted scatterplot smoothing
[LOESS]) weighted by proximity of the forecast (allowing for the fact that forecasting years farther into
the future should be more difficult), along with a 95% confidence interval. The general pattern from the

2005 and 2010 demographic forecasts in Figure 4.2 can be seen here as well.
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Figure B.4: Life Expectancy Forecasts: Errors by Trustees Report Year by Forecast Year, with data from
HMD. Larger dots indicate forecasts nearer to the date the forecast was made. Smoothed line weighted
by proximity to year forecast.
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Figure B.s5: Life Expectancy Forecasts: Errors by Trustees Report Year by Forecast Year, with data from
SSA. Larger dots indicate forecasts nearer to the date the forecast was made. Smoothed line weighted
by proximity to year forecast.
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B.4 TotAL FERTILITY RATE FORECAST ERRORS

Our results for the analysis of total fertility rate forecasts appear in Figure B.6 for data from the Human
Fertility Database and Figure B.7 for SSA data. The two figures are quite similar. Results in both are

relatively unremarkable, except for consistent overconfidence nearer to the date forecast. See for exam-
ple the bottom right graph in both figures which has disproportionate numbers of red squares near the

diagonal on the graph (where the year of Trustees Report is close to the year forecast).
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Figure B.6: Clockwise from top left: a) Observed total fertility rate from Human Fertility Database;

b) Forecast error of total fertility rate for 2005 and 2010 by Trustees Report. Dots are colored green
when truth falls within SSA uncertainty intervals. Dots are colored red when the truth falls outside SSA
uncertainty intervals; ¢) Errors by trustees report year by forecast year. Larger dots indicate forecasts
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Figure B.7: This figure replicates the analyses in Figure B.6 by replacing fertility data from the Human
Mortality Database with that from SSA.
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B.; MIGRATION FORECAST ERRORS

Our results for the analysis of net legal immigration forecasts appear in Figure B.8. For a brief discus-

sion of this figure, see “A Note About Fertility & Immigration” in Section 1 of Chapter 4.
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Figure B.8: Forecast Error of Legal Migration in 2005 (panel a) and 2010 (panel b) by Year of Trustees

Report. Dots colored green when truth falls within SSA uncertainty intervals. Dots colored red when
the truth falls outside SSA uncertainty intervals.
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Text Reuse

This appendix provides additional information for the analyses in Chapter 6.

C.1 Birvr EXCERPTS
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VA H.B. 1331 (2010)

a proposal to outsource having a projected
cost of more than 10 million in any fiscal
year shall require 1 an initial business case
analysis conducted by the state agency and
submitted to the council the governor the
president of the senate and the speaker

of the house of delegates at least 60 days
before a solicitation is issued the council
shall evaluate the business case analysis
and submit an advisory report to the state
agency the governor the president of the
senate and the speaker of the house of dele-
gates when the advisory report is completed
but at least 30 days before the agency is-
sues the solicitation 2 a final business case
analysis conducted by the state agency and
submitted after the conclusion of any nego-
tiations at least 30 days before execution of
a contract to the council the governor the
president of the senate and the speaker of
the house of delegates

VA H.B. 2314 (2010)

guidelines for scholarship foundations a a
scholarship foundation as defined in sec-
tion 58 1-439 25 and included on the list
published annually by the department in
accordance with the provisions of section
58 1-439 27 shall disburse annually at least
90 percent of its tax-credit-derived funds
for qualified educational expenses through
scholarships to eligible students

ALEC’s Council on Efficient Government

a proposal to outsource having a projected
cost of more than ten million dollars in any
fiscal year shall require 1 an initial busi-
ness case analysis conducted by the state
agency and submitted to the council the
governor the president of the senate and the
speaker of the house of representatives at
least sixty days before a solicitation is issued
the council shall evaluate the business case
analysis and submit an advisory report to
the state agency the governor the president
of the senate and the speaker of the house
of representatives when the advisory report
is completed but at least thirty days before
the agency issues the solicitation 2 a final
business case analysis conducted by the
state agency and submitted after the conclu-
sion of any negotiations at least thirty days
before execution of a contract to the council
the governor the president of the senate and
the speaker of the house of representatives

Figure C.1: Comparison between VA H.B. 1331 (2010) and ALEC’s Council on Efficient Government
Act is presented below. Differences are highlighted in red.

ALEC’s School Tax Credit

Administrative Accountability Standards.
All scholarship granting organizations shall:
(5) ensure that at least 9o percent of their
revenue from donations is spent on edu-
cational scholarships, and that all revenue
from interest or investments is spent on
educational scholarships;

Figure C.2: Comparison between VA H.B. 2314 (2010) and ALEC’s School Tax Credit Act is presented
below. Only overlap of greater than 2 words is highlighted in blue.
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VA H.B. 10 (2010) Freedom of Choice in Health Care

No resident of this Commonwealth, re- The people have the right to enter into pri-
gardless of whether he has or is eligible vate contracts with health care providers
for health insurance coverage under any for health care services and to purchase
policy or program provided by or through  private health care coverage. The legislature
his employer, or a plan sponsored by the may not require any person to participate
Commonwealth or the federal government, in any health care system or plan, nor may
shall be required to obtain or maintain a it impose a penalty or fine, of any type,
policy of individual insurance coverage. No for choosing to obtain or decline health
provision of this title shall render a resi- care coverage or for participation in any

dent of this Commonwealth liable for any ~ particular health care system or plan.
penalty, assessment, fee, or fine as a result

of his failure to procure or obtain health

insurance coverage.

Figure C.3: Comparison between VA S.B. 10 (2010) and ALEC’s Freedom of Choice in Health Care
Act is presented below. This is an example of highly rewritten ALEC-derived legislation that shares the
same intent. Only overlapping bigram is highlighted in blue.
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