
Housing vouchers change the lives of more families both as the pro-
portion of families using the vouchers increases and as the length of
time that vouchers are used increases.

Participation in a program can have a variety of impacts on interme-
diate outcomes. For example, an antihypertensive drug should lower
blood pressure. A welfare-to-work program should increase employ-
ment and reduce welfare use. A housing voucher program might bene-
fit families not only by helping them move to lower-poverty neigh-
borhoods per se but by bringing their children into closer contact with
middle-class peers, who might be less likely to commit crimes, engage
in premarital sex, and use illegal drugs.

Finally, program impacts on intermediate outcomes can lead to a
range of impacts on ultimate outcomes. For example, the ultimate goal
of antihypertensive medication is to help people live longer, healthier
lives. Most welfare programs aim to improve the economic well-being
of families and children. The ultimate objective of a housing voucher
program might be to help families move into the middle class and to
reap the financial and nonfinancial benefits associated with that status.
In many cases, the distinction between intermediate and ultimate out-
comes is not cut-and-dried. For example, increasing employment and
reducing welfare use might be the ultimate objective of a policymaker
rather than an intermediate objective. In other words, it might be
viewed as an end in itself rather than a means to some other end.

Random assignment studies are typically designed to reveal whether
a treatment affects intermediate and ultimate outcomes, not to eluci-
date the role of implementation and program participation or the link
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Figure 1.1 How Programs Create Impacts

Source: Author’s compilation.
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Program Characteristics (Level 2 Independent Variables) We included six
program-implementation measures, three program-activity (program-
services contrast) measures, and one program-environment measure 
as independent variables in the level 2 model of local program impacts.
A program-environment measure was also included in the level 2
model of control-group conditional mean earnings. Table 2.2 presents
summary statistics for these variables, each of which is described
briefly below (for details about the rationale behind and the construc-
tion of these variables, see Riccio, Bloom, and Hill 2000 and Bloom, Hill,
and Riccio 2001).
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Table 2.1 Client Characteristics in the Multilevel Analysis

Client Characteristic Full Sample Cross-Office Range
(at Random Assignment) (Percentage) (Percentage)

Was a high school graduate or 
had a GED 56 17 to 74

Had one child 42 30 to 56
Had two children 33 28 to 50
Had three or more children 25 11 to 39
Had a child under six years old 46 7 to 73

Was younger than twenty-five
years old 19 1 to 42

Was twenty-five to thirty-four 49 23 to 57
Was thirty-five to forty-four 26 14 to 45
Was forty-five or older 6 2 to 34

Was white, non-Hispanic 41 1 to 87
Was black, non-Hispanic 41 0 to 98
Was Hispanic 14 0 to 92
Was Native American 2 0 to 21
Was Asian 2 0 to 23
Was some other race or ethnicity <1 0 to 5

Was a welfare applicant 17 0 to 99
Had received welfare continuously
for the past twelve months 44 0 to 96

Had no earnings in the past year 56 29 to 81
Had earned $1 to $2,499 21 10 to 30
Had earned $2,500 to $7,499 14 6 to 26
Had earned $7,500 or more 9 2 to 27

Sample size 69,399

Source: Authors’ calculations based on GAIN, PI, and NEWWS administrative records
data and baseline survey data.



Program Implementation The six program-implementation measures were
based on data from staff surveys administered in local program offices in
the GAIN, PI, and NEWWS experiments.11 These measures reflect the per-
ceptions of frontline workers about how their programs were operated.
The questions were based on hypotheses about what works best drawn
from the welfare-to-work research literature and from views widely ex-
pressed by practitioners in the field. The number of respondents per office
ranged from one to eighty-three caseworkers and from zero to fourteen
supervisors, averaging twenty-one caseworkers and three supervisors. In
most offices, the survey completion rates exceeded 90 percent.

Three of the implementation measures constructed from these sur-
veys are multiquestion scales that were standardized to have a mean
value of 0 and a standard deviation of 1 across offices. “Emphasis on
quick job entry” reflects the employment message conveyed by the of-
fice, that is, the degree to which clients were encouraged to take a job
quickly or to be more selective by waiting for a better job or by pursu-
ing education and training to improve their employment prospects.
“Emphasis on personalized attention” is the degree of emphasis placed
by each office on understanding clients’ personal histories and circum-
stances in an effort to accommodate their needs and preferences.
“Closeness of monitoring” refers to how closely staff members in each
office tracked clients’ participation in assigned activities and clients’
changing needs. To show the thinking behind these measures, table 2.3
presents the survey questions used to construct them.
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Table 2.2 Program Characteristics in the Multilevel Analysis

Program Characteristic Mean Cross-Office Range

Implementation
Emphasis on quick job entry 0.0 −1.7 to 2.5
Emphasis on personalized attention 0.0 −2.0 to 2.3
Closeness of monitoring 0.0 −2.8 to 1.9
Staff caseload size 136 70 to 367
Staff disagreement 0.0 −2.1 to 4.5
Staff-supervisor disagreement 0.0 −1.5 to 3.2

Activity differential
Basic education 11 −11 to 50
Job-search assistance 17 −13 to 47
Vocational training 5 −21 to 35

Economic environment
Unemployment rate 7.4 3.5 to 14.3

Source: Authors’ calculations based on GAIN, PI, and NEWWS staff survey data and
follow-up survey data.
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Table 2.3 Staff Survey Questions for the Program Implementation Scales

Scale and Questions Response Scale

Emphasis on moving clients into
jobs quickly
Based on the practices in your unit, 1 . . . . . . . . . . 7
what would you say is the more skills jobs
important goal of your unit: to
help clients get jobs as quickly 
as possible or to raise the educa-
tion or skill levels of clients so
that they can get jobs in the future?

In your opinion, which should be 1 . . . . . . . . . . 7
the more important goal of your skills jobs
unit: to help clients get jobs as 
quickly as possible or to raise the
education or skill levels of clients
so that they can get jobs in the
future?

After a short time in the program, 1 . . . . . . . . . . 7
an average welfare mother is welfare jobs
offered a low-skill, low-paying job
that would make her slightly better
off financially. Assume she has two
choices: either to take the job and 
leave welfare or to stay on welfare
and wait for a better opportunity. 
If you were asked, what would 
your personal advice to this 
client be?

What advice would your supervisor 1 . . . . . . . . . . 7
want you to give to a client of this welfare jobs
type?

Emphasis on personalized client 
attention
In our program, there is more 1 . . . . . . . . . . 7
emphasis on the number of strongly strongly
clients served than on the quality agree disagree
of services.

Do you feel that in your unit not 1 . . . . . . . . . . 7
enough time or enough time is not enough
being spent with clients during the enough
intake process?
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Table 2.3 Continued

Scale and Questions Response Scale

During intake, how much 1 . . . . . . . . . . 7
effort does the staff make to very little a great 
learn about the client’s family deal
problems in depth?

During intake, how much effort 1 . . . . . . . . . . 7
does the staff make to learn about very little a great
the client’s goals and motivation deal
to work in depth?

In your opinion, how well is the 1 . . . . . . . . . . 7
program tailoring the educational, very very
training, and work experience poorly well
services that clients receive to their
particular needs, circumstances, 
and goals?

Closeness of client monitoring
How closely would you say the staff 1 . . . . . . . . . . 7
of your unit is monitoring clients? not very very

Suppose a client has been assigned 1 . . . . . . . . . . 5
to basic education but has not 1 or fewer 5 or 
attended it at all. How long would weeks more
it usually take for staff to learn weeks
about this situation from the 
service provider?

Suppose a client has been 1 . . . . . . . . . . 5
assigned to vocational education 1 or fewer 5 or
but has not attended it at all. How weeks more
long would it usually take for weeks
staff to learn about this situation
from the service provider?

Suppose a client has a part-time job 1 . . . . . . . . . . 7
that deferred her from other not very very
program obligations. How closely
would you say your agency is
monitoring whether clients quit or
lose part-time jobs?

Once your agency learned that 1 . . . . . . . . . . 8
a client lost or quit a part-time job, 1 or fewer 8 or
how long on average would it weeks more
take before the client was assigned weeks
to another program component?

Source: GAIN, PI, and NEWWS staff surveys.



Table 2.4 Effects of Program Characteristics on Program Impacts

Partially
Standardized

Regression Regression Statistical Standard Conditional
Coefficient Coefficient Significance Error Impact Interval

Program Characteristic (Dollars) (Dollars) (p-value) (Dollars) (Dollars)

Implementation
Emphasis on quick job entry 720*** 720*** 0.000002 $134 $397 to 1,361
Emphasis on personalized attention 428*** 428*** 0.0002 107 592 to 1,166
Closeness of monitoring −197 −197 0.110 121 1,011 to 747
Staff caseload size −4*** −268*** 0.003 1 1,058 to 700
Staff disagreement 124 124 0.141 83 796 to 962
Staff-supervisor disagreement −159* −159* 0.102 96 986 to 772

Activities
Basic education −16** −208** 0.017 6 1,017 to 741
Job-search assistance 1 12 0.899 9 871 to 887
Vocational training 7 71 0.503 11 831 to 927

Economic environment
Unemployment rate −94*** −291*** 0.004 30 1,074 to 684

Source: Authors’ calculations based on GAIN, PI, and NEWWS administrative records data, staff survey data, and follow-up survey data.
Notes: Regression coefficients are reported in 1996 dollars per unit change in each independent variable. Partially standardized regression coefficients are
reported in 1996 dollars per standard deviation change in each independent variable. These coefficients are estimated simultaneously with those reported
in table 2.5. The grand mean impact is $879, or 18 percent of the counterfactual. Two-tailed statistical significance is indicated as * for the 0.10 level, ** for
the 0.05 level, and *** for the 0.01 level.



fore random assignment and were thus more welfare-dependent than
average. This coefficient indicates that program impacts for sample
members in this group were $444 larger than for those who were less
welfare-dependent, when all other client and program characteristics
were held constant.

The findings in table 2.5 paint a variegated picture of how client
characteristics affect the impacts of welfare-to-work programs. Most
characteristics do not seem to make much difference, and the few that
do make a difference suggest that the programs are not consistently
more or less effective for clients who are more or less job-ready. These
findings have two important implications for policymakers and pro-
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Table 2.5 Effects of Client Characteristics on Program Impacts

Regression Statistical Standard
Client Characteristic at Coefficient Significance Error
Random Assignment (Dollars) (p-value) (Dollars)

Was a high school graduate
or had a GED 653*** 0.001 187

Had two children 301 0.160 214
Had three or more children 591*** 0.003 199
Had a child under six years old 34 0.841 171

Was younger than twenty-five 206 0.557 351
Was twenty-five to thirty-four 105 0.707 281
Was thirty-five to forty-four 305 0.376 345

Was black, non-Hispanic −178 0.369 199
Was Hispanic −213 0.527 337
Was Native American −696 0.115 442
Was Asian 353 0.560 606
Was some other race or ethnicity 726 0.487 1,044

Was a welfare applicant −145 0.532 232
Had received welfare continuously
for the past twelve months 444* 0.085 258

Had earned $1 to $2,499 −186 0.222 152
Had earned $2,500 to $7,499 72 0.787 267
Had earned $7,500 or more 22 0.965 501

Source: Authors’ calculations based on GAIN, PI, and NEWWS administrative records
data and baseline survey data.
Notes: Each regression coefficient represents the change in mean impacts on earnings for
the category specified, relative to the implied omitted category (and conditional on all
other variables in the model). These coefficients are estimated simultaneously with those
reported in table 2.4. The grand mean impact is $879, or 18 percent of the counterfactual.
Two-tailed statistical significance is indicated as * for the 0.10 level, ** for the 0.05 level,
and *** for the 0.01 level.



This inequality stems from the fact that E[Y(1)] and E[Y(0)] represent
average outcomes for the treatment and control groups, respectively,
assuming that everyone in the treatment group receives the intended
treatment, whereas E(Y|Z = 1) and E(Y|Z = 0) represent the average ef-
fects for the treatment and control groups, respectively, even when
some treatment-group members do not receive the intended treatment.

Because most social programs and participation in experiments are
voluntary, all one can do is make them available to potential recipients.
Therefore it is important to answer the question: What is the average ef-
fect of making the treatment available to its target-group members? In
medical research, the corresponding question is: What is the average ef-
fect of offering to treat target-group members? An unbiased answer is
provided by the difference in the mean outcomes for the treatment and
control groups. This finding is often referred to as the effect of intent to
treat (ITT). Expressed in symbols:

ITT = E(Y|Z = 1) − E(Y|Z = 0) (3.6)

Consider the implications for the job-training example already intro-
duced, where the target group’s expected annual earnings are $3,000
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Figure 3.1 A Hypothetical Experiment Including No-Shows

Source: Authors’ compilation.
Note: D equals 1 if the treatment would be received and 0 otherwise.
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Defiers, represented by the bottom portion of each bar in the figure,
are people who would not receive the treatment if they were randomized
to the treatment group but would receive it if they were randomized to
the control group. In many situations, such contrarians are unlikely to ex-
ist, at least not in large numbers. When they do exist, however, the effect
of treatment on their outcomes—an effect that cannot be observed—
tends to offset that for compliers in the observed difference between the
average outcomes for the treatment group and the control group.

The middle two portions of each bar in figure 3.2 represent, respec-
tively, always-takers, who would receive the treatment regardless of
whether they were assigned to the treatment group or to the control
group, and never-takers, who would not receive the treatment re-
gardless of whether they were assigned to the treatment group or to
the control group. Because the treatment-induced difference in these
subgroups’ potential outcomes is independent of random assign-
ment, the experimental design reveals nothing about the treatment’s
effects on them. In the absence of a way to influence these subgroups’
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Figure 3.2 A Hypothetical Experiment Including No-Shows and
Crossovers

Source: Authors’ compilation.
Note: D equals 1 if the treatment would be received and 0 otherwise.
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natural choice of instrument because randomization leaves it uncorre-
lated (in expectation) with every variable at the time of random assign-
ment. If the only way that treatment assignment (Z) affects the outcome
(Y) is by influencing treatment status (D), then Z is a valid instrument.
This essential condition is often referred to as the exclusion restriction,
presumably because it excludes all causal paths between Z and Y ex-
cept that through D. Figure 3.3 illustrates the causal model implied by
a situation in which the exclusion restriction is met.

Measuring the Effects of Mediators Other Than
Treatment Receipt

Up to this point, we have focused on how to apply the instrumental-
variables approach to experimental data to measure the local average
effect of receiving a treatment. For this purpose, treatment receipt was
measured as a binary variable and modeled as an intervening variable,
or mediator, in the causal path between treatment assignment and the
outcome of interest.

Instrumental variables can be applied to experimental data to esti-
mate the causal effects of many other kinds of mediators as well. The
mediators can be binary variables, such as attendance or nonatten-
dance at a child-care facility, or continuous variables, such as the num-
ber of hours of attendance at a child-care facility. But the approach to
measuring their effect on an outcome is the same in either case. First,
treatment assignment is used as an instrument in a first-stage regres-
sion model to predict the values of the mediator. Next, the predicted
values of the mediator are used as an independent variable in a second-
stage regression of the outcome measure as a function of the mediator
with the covariates that were used in the first stage.

This approach has been used to study, among other things, the effect
on adults’ earnings of obtaining a general educational development
(GED) certificate (Bos et al. 2001), the effect on young people’s mental
health of moving out of a high-poverty neighborhood into a low-

Constructing Instrumental Variables 91

Figure 3.3 A Causal Model Underlying an Instrumental-Variables
Analysis with One Mediator

Source: Authors’ compilation.
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these problems, just-identified models are often preferred to overiden-
tified models (Angrist and Krueger 2001).

To understand how multiple instrumental variables can be used to
estimate the effects of multiple mediators, consider a hypothetical
study of a welfare-to-work program that uses a random-assignment de-
sign to measure the effect of low-income parents’ employment on their
children’s behavior. Figure 3.4 illustrates a simple causal model of this
situation, where Z represents random assignment of eligible welfare re-
cipients to the treatment group or to a control group, D is a discrete or
continuous measure of sample members’ subsequent employment, and
Y is a measure of their children’s subsequent behavior. The model spec-
ifies that treatment assignment influences parents’ employment, which
in turn affects their children’s behavior. Thus, treatment assignment
can be used as an instrument to estimate the effect of parental employ-
ment on child behavior.

For this analysis to be valid, the exclusion restriction requires that
parental employment be the only causal pathway through which treat-
ment assignment affects child behavior. Many welfare-to-work pro-
grams, however, provide additional services (such as child-care subsi-
dies) that can influence child behavior through other pathways as well.
Figure 3.5 presents a causal model of this more complex situation,
where both parental employment and use of child care affect child be-
havior. (The figure also includes an effect of parental employment on
child-care use.) As the figure makes clear, it would be incorrect to at-
tribute all the program’s effect on child behavior to its effect on parental
employment.

To estimate the separate effects of parental employment (D1) and
child-care use (D2) on child behavior, one needs at least two instru-
ments (Z1 and Z2). One way to construct such instruments is from an
experiment that examines more than one treatment—for example, an
experiment that randomizes sample members to a treatment that is fo-
cused on parental employment, to a treatment that is focused on child-
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Figure 3.4 A Causal Model for Estimating the Effects of Maternal
Employment on Child Behavior

Source: Authors’ compilation.
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care use, or to a control group that is offered neither treatment. Z1
would equal 1 for sample members randomized to the first treatment
and 0 for all others. Z2 would equal 1 for sample members randomized
to the second treatment and 0 for all others. Because the values of Z1
and Z2 for individual sample members are determined randomly, they
are completely exogenous, or uncorrelated (in expectation) with all pre-
existing characteristics of the sample members, making them good can-
didates as instruments.

An instrumental-variables model of the causal model in figure 3.5
can be specified using the following system of regression equations:12

(3.15)

(3.16)

(3.17)

To apply this model, one can first use ordinary least squares to es-
timate equations 3.15 and 3.16 and create predicted values, D̂1i and
D̂2i, for the mediators. One can then substitute the predicted values
into equation 3.17 and estimate the equation using ordinary least
squares. The resulting estimates of B1 and B2 represent the effects 
of parental employment and child-care use, respectively, on child 
behavior.

Now consider the conditions that must be met for the preceding
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Figure 3.5 A Causal Model for Estimating the Effects of Multiple
Mediators on Child Behavior

Source: Authors’ compilation.
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probability of employment during the first follow-up year by 0.20,
whereas randomization to MFIP Incentives Only increased this proba-
bility by only 0.09. Both estimates are statistically significant and sub-
stantial relative to impacts documented in experimental studies of
other welfare-to-work programs (Bloom and Michalopoulos 2001). The
second column in the table presents the coefficients for income re-
gressed on the instruments, again omitting the coefficients for covari-
ates. These findings indicate that randomization to Full MFIP increased
mean income by $1,400 during the first follow-up year and that ran-
domization to MFIP Incentives Only increased income by $1,320. Both
estimates are substantial and statistically significant. Perhaps most im-
portant, however, is that the two sets of estimates point to a marked dif-
ference in the relationship between each instrument and the mediators,
a precondition for identifying and precisely estimating the separate ef-
fects of each mediator on the outcome.

Table 3.2 presents estimates of the effects of maternal income and
employment on two academic outcomes for children—school achieve-
ment and school engagement—using instrumental variables (top
panel) and, as a benchmark for comparison, ordinary least squares (bot-
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Table 3.1 First-Stage Regression Estimates for the Minnesota Family 
Investment Program: Effects of Treatment Assignment on
Mother’s Employment and Income During the Year After 
Random Assignment

Mediator

Employment Income
Instrument (Probability) (Thousands of Dollars)

Full MFIP 0.20*** 1.40***
(0.04) (0.29)

MFIP incentives only 0.09** 1.32***
(0.04) (0.29)

Source: Morris and Gennetian (2003). Copyrighted 2003 by the National Council on
Family Relations, 3989 Central Ave. NE, Suite 550, Minneapolis, MN 55421. Reprinted by
permission.
Notes: The sample includes 879 female single-parent long-term welfare recipients. A
mother’s employment equals 1 if she was employed at any point and 0 otherwise. A
mother’s income comprises earnings, welfare payments, and food stamps. Each first-
stage regression also includes the following baseline covariates: number of children in the
family, earnings in the preceding year, and 0 or 1 indicator variables for mother is black,
mother is a member of another racial or ethnic minority, mother was a teen at child’s
birth, family includes a child aged six or under, mother has no high school diploma or
equivalent, mother has never been married, mother has received welfare for at least fîve
years in her lifetime; and a 0 or 1 indicator for which quarter in 1994 the mother was ran-
domly assigned. Standard errors appear in parentheses. Two-tailed statistical significance
is indicated as * for the 0.10 level, ** for the 0.05 level, and *** for the 0.01 level.



tom panel; for the effects on other child outcomes, see Morris and Gen-
netian 2003). The measure of school achievement reflects sample mem-
bers’ responses to the question: “Based on your knowledge of the
child’s schoolwork, including report cards, how has he or she been do-
ing in school overall?” Responses could range from a value of 1 (“not
well at all”) to 5 (“very well”). The mean response for the sample was
4.06, and the standard deviation was 1.10. Student engagement is a
scale constructed by summing the responses to four survey questions.
Scale values could range from 4 to 12, with higher values indicating
greater student engagement. The mean scale value for the sample was
10.10, and the standard deviation was 1.82.

The instrumental-variables findings indicate that whereas the rela-
tion between mothers’ income and children’s school engagement is sta-
tistically significant and positive, mothers’ employment has no statisti-
cally significant effect on either child outcome analyzed here. Thus,
although causing welfare recipients to become employed may not by it-
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Table 3.2 Second-Stage Regression Estimates for the Minnesota Family 
Investment Program: Effects of Mother’s Income and 
Employment on Child’s School Achievement and Engagement

Outcome

Mediator School Achievement School Engagement

Instrumental variables
Income (thousands of dollars) 0.16 0.47*

(0.14) (0.27)
Employment (probability) −0.17 −1.05

(1.08) (1.86)

Ordinary least squares
Income (thousands of dollars) −0.02 −0.01

(0.01) (0.02)
Employment (probability) −0.02 0.13

(0.09) (0.16)

Source: Morris and Gennetian (2003). Copyrighted 2003 by the National Council on
Family Relations, 3989 Central Ave. NE, Suite 550, Minneapolis, MN 55421. Reprinted by
permission.
Notes: The sample includes 879 children of female single-parent long-term welfare recip-
ients. A mother’s employment equals 1 if she was employed at any point and 0 otherwise.
A mother’s income comprises earnings, welfare payments, and food stamps. Each sec-
ond-stage regression also includes the following baseline covariates: number of children
in the family, earnings in the preceding year, and 0 or 1 indicator variables for mother is
black, mother is a member of another racial or ethnic minority, mother was a teen at
child’s birth, family includes a child aged six or under, mother has no high school degree
or equivalent, mother has never been married, mother has received welfare for at least
fîve years in her lifetime; and a 0 or 1 indicator for which quarter in 1994 a mother was
randomly assigned. Standard errors appear in parentheses. Two-tailed statistical signifi-
cance is indicated as *for the 0.10 level, **for the 0.05 level, and ***for the 0.01 level.



timate suggests that if a program induced a mother to participate in ed-
ucation activities for ten months, her child’s school readiness score
would increase by 3.1 units, or 0.26 standard deviation. The instrumen-
tal-variables estimate for maternal employment, though positive in
sign, is not statistically significant, suggesting that the effects of em-
ployment on the school readiness of children are uncertain.

The ordinary least squares results indicate that, for each additional
month a mother participates in education activities, her child’s aca-
demic readiness increases by 0.10 points, or approximately 0.01 stan-
dard deviation, which is substantially smaller than the effect estimate
obtained using instrumental variables. The discrepancy between the es-
timates probably stems from selection bias in the ordinary least squares
estimate. For example, the sample members who participated the long-
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Table 3.3 First-Stage Regression Estimates for NEWWS: Effects of 
Treatment Assignment, by Site, on Mother’s Education and 
Employment During the Two Years After Random Assignment

Mediator

Education Employment
Instrument (Number of Months) (Number of Quarters)

Atlanta HCD 2.36*** 0.25
(0.34) (0.17)

Atlanta LFA 0.60* 0.43**
(0.34) (0.17)

Grand Rapids HCD 0.96* 0.00
(0.50) (0.25)

Grand Rapids LFA −0.98* 0.96***
(0.50) (0.25)

Riverside HCD 2.94*** 0.68***
(0.43) (0.21)

Riverside LFA −0.36 1.22***
(0.44) (0.22)

Source: Magnuson (2003).
Notes: The sample includes female single-parent long-term welfare recipients from At-
lanta (1,422), Riverside (950), and Grand Rapids (646). Each first-stage regression also in-
cludes the following baseline covariates: educational attainment, participation in educa-
tion activities, prior earnings, prior welfare receipt, literacy, numeracy, depressive
symptoms, age, race, marital status, number of baseline risk factors, family barriers to
employment, number of children, locus of control, sources of social support, child’s age,
child’s gender, and site indicators. Standard errors appear in parentheses. Two-tailed sta-
tistical significance is indicated as *for the 0.10 level, **for the 0.05 level, and ***for the
0.01 level.



est in education activities may have been the most educationally disad-
vantaged at the outset, making them least equipped to prepare their
children for school. If this were true, then examining the school readi-
ness of children as a function of their mothers’ participation in educa-
tion would lead to an underestimate of the effect of maternal education,
even when controlling for covariates.

Using Multiple Experiments to 
Create Multiple Instruments

A third approach to creating multiple instruments is to construct a
pooled set of data from two or more experiments. For pooling to be jus-
tified, the type and quality of the measures and data sources in each ex-
periment must be comparable. When they are, each experiment can be
used to construct a separate instrument or a separate set of instruments.
An experiment that tests a single treatment in a single site can provide
one instrument. An experiment that tests multiple treatments in a sin-
gle site, a single treatment in multiple sites, or multiple treatments in
multiple sites can be used to construct as many instruments as there are
treatments, sites, or treatment-site combinations.

Creating instruments by pooling data across experiments has three
main advantages. It can make the analysis more precise by increasing
the sample size; it can increase the potential for estimating the effects of
multiple mediators by increasing the number of instruments that are
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Table 3.4 Second-Stage Regression Results for the National Evaluation of
Welfare-to-Work Strategies: Effects of Mother’s Education and
Employment on Child’s Academic School Readiness

Instrumental Ordinary
Mediator Variables Least Squares

Education (number of months) 0.31* 0.10***
(0.17) (0.04)

Employment (number of quarters) 0.67 0.13*
(0.49) (0.07)

Source: Magnuson (2003).
Notes: The sample includes female single-parent long-term welfare recipients from At-
lanta (1,422), Riverside (950), and Grand Rapids (646). Each second-stage regression also
includes the following baseline covariates: education attainment, participation in educa-
tion activities, prior earnings, prior welfare receipt, literacy, numeracy, depressive symp-
toms, age, race, marital status, number of baseline risk factors, family barriers to employ-
ment, number of children, locus of control, sources of social support, child’s age, child’s
gender, and site indicators. Standard errors appear in parentheses. Two-tailed statistical
significance is indicated as *for the 0.10 level, **for the 0.05 level, and ***for the 0.01 level.



instruments. Each regression also includes a set of site indicators and
covariates, the coefficients of which are not presented.

The two mediators in table 3.5 are based on the labor-market experi-
ences of sample members during the two years after random assign-
ment. Employment was measured as the percentage of quarters in
which sample members received earnings of more than zero, which
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Table 3.5 First-Stage Regression Results Based on Four Welfare-to-Work 
Experiments: Effects of Individual Programs on the 
Employment and Income of Mothers with Young Children 
During the Two Years After Random Assignment

Mediator

Employment Mean Income
(Percentage Per Year

Instrument of Quarters) (Dollars)

Work-first programs
NEWWS, Atlanta LFA 4.7** 340

(1.9) (240)
NEWWS, Grand Rapids LFA 10.4*** 70

(2.2) (380)
NEWWS, Riverside LFA 12.0*** 100

(2.3) (430)
Los Angeles Jobs-First GAIN −0.4 −1,050

(6.2) (880)

Earnings supplement programs
SSP, British Columbia 7.6*** 1,620***

(1.9) (270)
SSP, New Brunswick 13.4*** 1,910***

(1.9) (220)
SSP-Plus, New Brunswick 11.3*** 2,200***

(4.0) (370)
Connecticut Jobs First 5.3*** 810**

(2.1) (360)

Source: Morris, Duncan, and Rodrigues (2004).
Notes: The sample includes 11,814 observations of children’s outcomes from 5,806 chil-
dren (in 5,253 families) who were between the ages of 2 and 5 at random assignment.
Each first-stage regression also includes the following baseline covariates: earnings and
earnings squared during the preceding year, number of children, age of youngest child, a
three-point scale measuring length of prior welfare receipt, and 0 or 1 indicator variables
for mother was employed during the preceding year, mother had high school degree or
equivalent, mother was under 18 when child was born, mother was never married,
mother was separated or divorced, mother was black, mother was white, mother was
Latino, length of time to follow-up survey in months, child was between 6 and 9 years
old, and child was over 9 years old. Standard errors appear in parentheses. Two-tailed
statistical significance is indicated as *for the 0.10 level, **for the 0.05 level, and ***for the
0.01 level.



Figure 4.1 illustrates the comparative interrupted time-series ap-
proach used to estimate the impacts of Jobs-Plus from both perspec-
tives. The graph at the top of the figure illustrates a hypothetical pattern
of average quarterly earnings for residents in a Jobs-Plus development
during the baseline period (before the program was launched) and dur-
ing the follow-up period (after the program was launched). If Jobs-Plus
increases earnings, the quarterly levels during the follow-up period
should rise above the baseline trend. The analysis focuses on compar-
ing the deviations from the baseline trend in each Jobs-Plus develop-
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Figure 4.1 A Comparative Interrupted Time-Series Analysis of the 
Impacts of Jobs-Plus on Earnings

Source: Author’s compilation.
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and for a two-tailed test:

M = tα/2 + t1−β (4A.2)

The t-values in these expressions reflect the number of degrees 
of freedom available for the impact estimator, which for the full sam-
ple equals the number of clusters minus two (J − 2). The multiplier
for the full sample is thus referred to as MJ−2. The standard error 
and minimum detectable effect for the full sample-impact estima-
tor given cluster randomization are referred to as SE(b0)CL and
MDE(b0)CL, respectively. The relationship among these terms is the
following:

MDE(b0)CL = MJ−2SE(b0)CL (4A.3)

Because the discussion of precision in the chapter is expressed mainly
in terms of the metric of effect size—defined as the program impact di-
vided by the standard deviation of the outcome for the target popula-
tion—this appendix focuses on the minimum detectable effect size,
MDES(b0)CL. With cluster randomization, the standard deviation of the
outcome for the target population equals . Hence, the mini-
mum detectable effect size is defined as follows:

2 2τ σ+
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Figure 4A.1 The Minimum Detectable Effect Multiplier

Source: Illustration by the author.
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come at a high cost with regard to the standard errors of impact esti-
mates. The table also illustrates the importance of properly accounting
for clustering when computing standard errors. If one computed the
standard errors in a cluster randomization design as if individuals had
been randomized, the results would understate the true standard errors
substantially, thereby giving a false sense of confidence in the impact
estimates. As Jerome Cornfield (1978, 101) aptly observed, “Random-
ization by group accompanied by an analysis appropriate to random-
ization by individual is an exercise in self-deception.”

Implications for Sample Size

Equation 4.2 indicates how five factors determine the standard errors of
program impact estimators based on cluster randomization. Two of
these factors, τ2 and σ2, reflect the underlying variation in the outcome
of interest, which must be taken as given. When designing a cluster ran-
domization study, it is thus necessary to obtain information about τ2

and σ2, or their relationship as expressed by ρ, by consulting previous
research on similar outcomes and groups or by estimating these pa-
rameters from existing data. The study by Howard S. Bloom, Johannes
M. Bos, and Suk-Won Lee (1999) discussed later in this chapter illus-
trates how this can be done.

The other three factors—n, J, and P—reflect the size of the evaluation
sample and its allocation to the program and control groups, which are
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Table 4.1 The Cluster Effect Multiplier

Cluster Size (n)

Intraclass Correlation (ρ) 10 20 50 100 200 500

0.00 1.00 1.00 1.00 1.00 1.00 1.00
0.01 1.04 1.09 1.22 1.41 1.73 2.48
0.02 1.09 1.17 1.41 1.73 2.23 3.31
0.03 1.13 1.25 1.57 1.99 2.64 4.00
0.04 1.17 1.33 1.72 2.23 2.99 4.58
0.05 1.20 1.40 1.86 2.44 3.31 5.09
0.06 1.24 1.46 1.98 2.63 3.60 5.56
0.07 1.28 1.53 2.10 2.82 3.86 5.99
0.08 1.31 1.59 2.22 2.99 4.11 6.40
0.09 1.35 1.65 2.33 3.15 4.35 6.78
0.10 1.38 1.70 2.43 3.30 4.57 7.13
0.20 1.67 2.19 3.29 4.56 6.39 10.04

Source: Computations by the author.
Note: The cluster effect multiplier equals .1 1+ −( )n ρ



ters are randomized, the need for statistical power might tip the bal-
ance in favor of one-tailed tests. The primary argument for using one-
tailed tests in program evaluation is that such analyses are mainly in-
tended to inform decisions about whether or not to support a program.
Because it usually makes sense to support a program only if it produces
beneficial effects, a one-sided alternative hypothesis—and thus a one-
tailed test—is generally indicated. This rationale is different from the
standard one in the social sciences, where one-tailed tests are recom-
mended only when there are strong a priori reasons for expecting an ef-
fect in one direction and the purpose of statistical inference is to test
theories rather than to inform program-related decisions. Nevertheless,
the issue of when to use a one-tailed test versus a two-tailed test for a
program evaluation remains contentious.

Because program-impact estimates are frequently reported in stan-
dardized form as effect sizes, where an effect size equals the impact es-
timate divided by the control group’s standard deviation on the out-
come measure,14 it is useful to express precision as a minimum
detectable effect size. A study with a minimum detectable effect size of
0.25, for example, can detect with confidence a true program impact
equal to 0.25 standard deviation.
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Table 4.2 The Minimum Detectable Effect Expressed as a Multiple of the
Standard Error

Multiplier

Total Number of Clusters (J) Two-Tailed Test One-Tailed Test

4 5.36 3.98
6 3.72 3.07
8 3.35 2.85

10 3.19 2.75
12 3.11 2.69
14 3.05 2.65
16 3.01 2.63
18 2.98 2.61
20 2.96 2.60
30 2.90 2.56
40 2.88 2.54
60 2.85 2.52

120 2.82 2.50
Infinite 2.80 2.49

Source: Computations by the author.
Note: The cluster effect multipliers shown here are for the difference between the mean
program-group outcome and the mean control-group outcome, assuming equal vari-
ances for the groups, a significance level of .05, and a power level of .80.



ings are for experiments where P = .50. Other things being equal, higher
intraclass correlations imply larger minimum detectable effect sizes.
For example, compare 1.77, 2.04, and 2.34 in the top left corner of each
panel of the table (for n = 10 and J = 4); and then compare 0.59, 1.22, and
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Table 4.3 The Minimum Detectable Effect Size for Alternate Sample Sizes
and Intraclass Correlations

Clusters Size (n)

Total Number of Clusters (J) 10 20 50 100 200 500

When Intraclass Correlation (ρ) = 0.01
4 1.77 1.31 0.93 0.76 0.66 0.59
6 1.00 0.74 0.52 0.43 0.37 0.33
8 0.78 0.58 0.41 0.33 0.29 0.26

10 0.67 0.49 0.35 0.29 0.25 0.22
20 0.44 0.32 0.23 0.19 0.16 0.15
30 0.35 0.26 0.18 0.15 0.13 0.12
40 0.30 0.22 0.16 0.13 0.11 0.10
60 0.24 0.18 0.13 0.10 0.09 0.08

120 0.17 0.13 0.09 0.07 0.06 0.06

When Intraclass Correlation (ρ) = 0.05
4 2.04 1.67 1.41 1.31 1.26 1.22
6 1.16 0.95 0.80 0.74 0.71 0.69
8 0.90 0.74 0.62 0.58 0.55 0.54

10 0.77 0.63 0.53 0.49 0.47 0.46
20 0.50 0.41 0.35 0.32 0.31 0.30
30 0.40 0.33 0.28 0.26 0.25 0.24
40 0.35 0.28 0.24 0.22 0.21 0.21
60 0.28 0.23 0.19 0.18 0.17 0.17

120 0.20 0.16 0.14 0.13 0.12 0.12

When Intraclass Correlation (ρ) = 0.10
4 2.34 2.04 1.84 1.77 1.73 1.71
6 1.32 1.16 1.04 1.00 0.98 0.97
8 1.03 0.90 0.81 0.78 0.77 0.76

10 0.88 0.77 0.69 0.67 0.65 0.64
20 0.58 0.50 0.46 0.44 0.43 0.42
30 0.46 0.40 0.36 0.35 0.34 0.34
40 0.40 0.35 0.31 0.30 0.29 0.29
60 0.32 0.28 0.25 0.24 0.24 0.23

120 0.22 0.20 0.18 0.17 0.17 0.16

Source: Computations by the author.
Note: The minimum detectable effect sizes shown here are for a two-tailed hypothesis
test, assuming a significance level of .05, a power level of .80, and randomization of half
the clusters to the program.



the table illustrates, the minimum detectable effect size changes little
until P drops below .20 or exceeds .80.

When the Variances Are Unequal

If a program creates impacts that vary across individuals or clusters,
the individual or group variances can increase or decrease relative to
those for control-group members. Howard S. Bloom et al. (2001)
demonstrated this phenomenon in their evaluation of a whole-school
reform called Accelerated Schools, and Anthony S. Bryk and Stephen
W. Raudenbush (1988) demonstrated it in their reanalyses of two im-
portant education experiments. Consider how the phenomenon might
arise in the context of education programs. Some programs may have
larger-than-average effects on students who are weaker than average
initially. If sufficiently pronounced, this tendency can reduce the indi-
vidual error variance, σ2, for members of the program group. The op-
posite result will occur if programs have larger-than-average effects on
students who are initially stronger than average. Similarly, school-level
responses to programs might vary, thereby reducing or increasing τ2 for
the program group relative to the control group.

For balanced sample allocations, simulations and analytical proofs
have demonstrated that statistical tests that assume equal variances for
the program and control groups are valid even if the variances are un-
equal.18 This is not true for unbalanced allocations, where the size of the
inferential error depends on the relationship between the relative sizes
of the program and control groups and the relative sizes of their vari-
ances (see Gail et al. 1996 and Kmenta 1971).
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Table 4.4 The Minimum Detectable Effect Size, by Sample Allocation

Proportion of Clusters Ratio to
Allocated to the Program (P) Example 1 Example 2 Balanced Allocation

.10 0.91 0.29 1.67

.20 0.68 0.22 1.25

.30 0.59 0.19 1.09

.40 0.55 0.18 1.02

.50 (balanced) 0.54 0.17 1.00

.60 0.55 0.18 1.02

.70 0.59 0.19 1.09

.80 0.68 0.22 1.25

.90 0.91 0.29 1.67

Source: Computations by the author.
Notes: Example 1 is for n = 20, J = 10, ρ = 0.05, and a one-tailed hypothesis test. Example 2
is for n = 80, J = 20, ρ = 0.01, and a one-tailed hypothesis test. Both examples assume that
the variances are the same for the program group and the control group.



tent. In addition, student pretests reduce the student variance by 47
percent, from a mean of 95.6 to a mean of 50.3. The corresponding re-
ductions by subject and grade range from 32 to 59 percent. The fact that
student pretests reduce the student-level variance by proportionally
less than school pretests reduce the school-level variance reflects the
fact, already mentioned, that correlations tend to be smaller within in-
dividuals than within groups.

Because the school-level variance is the binding constraint on preci-
sion when schools are randomized, the ability of student pretests to re-
duce the student variance does not add much, if anything, to the preci-
sion of impact estimators except by reducing the school variance.
Hence, the precision of program-impact estimators is roughly the same
for the two types of covariates. This point is clearly illustrated in table
4.6, which presents the minimum detectable effect size implied by the
estimated variances listed in table 4.5 for a realistic, though hypotheti-
cal, education policy example. The example assumes a sample of sixty
schools with sixty students per grade. Half the schools are randomly
assigned to the program under study, and the other half are randomly
assigned to a control group. Without covariates, the minimum de-
tectable effect size ranges from 0.23 to 0.29 and averages 0.27; with
school pretests as covariates, it ranges from 0.14 to 0.16 and averages
0.15; and with student pretests as covariates, it ranges from 0.09 to 0.25
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Table 4.5 Estimated School and Student Variances for 
Standardized-Test Scores

Reading Math

Third Sixth Third Sixth
Type of Covariate Grade Grade Grade Grade Mean

No covariate
School variance (τ2) 19.7 12.9 18.0 21.5 18.0
Student variance (σ2) 103.7 100.0 82.2 96.6 95.6

School pretest
School variance (τ*

2) 5.1 3.6 3.3 5.7 4.4
Student variance (σ2) 105.5 100.5 83.2 97.4 96.7

Student pretest
School variance (τ*

2) 5.4 1.6 13.9 5.2 6.5
Student variance (σ*

2) 50.1 41.2 56.3 53.6 50.3

Source: Computation by the author using data from Bloom, Bos, and Lee (1999).
Notes: The results shown are based on individual standardized test scores for 3,299 third-
graders and 2,517 sixth-graders in twenty-five elementary schools in Rochester, New
York, in 1991 and 1992 (Bloom, Bos, and Lee 1999). The student pretest was each student’s
score in the same subject in the preceding grade. The school pretest was each school’s
mean score in the same subject and grade in the preceding year.



and averages 0.16. In short, the power of both student and school
pretests to improve statistical precision is considerable. Furthermore,
school-level aggregate pretests have the advantage of being generally
inexpensive to obtain as compared to student-level individual pretests.

One further important property of baseline covariates in a random-
ized experiment is that missing values for them can be imputed simply
without biasing impact estimates. This is because randomization en-
sures that all baseline covariates are uncorrelated (in expectation) with
treatment assignment, which means that their missing values are uncor-
related as well. Therefore, even a simple imputation that sets each miss-
ing value of a covariate to its mean for the full experimental sample
would make it possible to keep all randomized observations in the im-
pact analysis without creating bias. The only potential cost of not having
data on a baseline covariate is a reduction in the precision of the impact
estimate due to a reduction in the explanatory power of the covariate. 

Blocking and Matching

Baseline covariates can also be used to block, or match, clusters before
they are randomized, which means stratifying the clusters to be ran-
domized into blocks defined by specific combinations of baseline char-
acteristics. This is often done to reduce the potential for a “bad draw”—
a situation in which the clusters randomly assigned to the program
group differ substantially from those randomly assigned to the control
group, thus confounding the treatment with other variables. Blocking
thus increases the precision of program impact estimators by reducing
their standard errors. However, this benefit comes at the cost of in-
creasing the complexity of the impact analysis, which can increase the
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Table 4.6 Minimum Detectable Effect Sizes for a Balanced Allocation of
Sixty Schools, Each with Sixty Students per Grade

Reading Math

Third Sixth Third Sixth
Covariate Grade Grade Grade Grade Mean

No covariate 0.27 0.23 0.28 0.29 0.27
School pretest 0.15 0.14 0.14 0.16 0.15
Student pretest 0.15 0.09 0.25 0.15 0.16

Source: Computations by the author using data from Bloom, Bos, and Lee (1999).
Notes: The results shown are based on individual standardized test scores for 3,299 third-
graders and 2,517 sixth-graders in twenty-five elementary schools in Rochester, New
York, in 1991 and 1992 (Bloom, Bos, and Lee 1999). The student pretest was each student’s
score in the same subject in the preceding grade. The school pretest was each school’s
mean score in the same subject and grade in the preceding year.



level of firms. The first round of the program evaluation was imple-
mented by twenty-two health-care firms in Cleveland that volunteered
to participate in the study. 

Participating firms were recruited in two waves that occurred
roughly one month apart, with eight firms in the first wave and four-
teen firms in the second wave. To maximize predictive validity, the
firms in each wave were ranked according to their reported rates of em-
ployee turnover during the previous six months, with one firm in each
pair randomized to the program and the other firm randomized to the
control group. When it was discovered that the percentage of black em-
ployees in the program groups was much different from that for the
control group, the original assignment was reversed for one pair in
each wave (in opposite directions) to improve the face validity of the
evaluation design. (The researchers later realized that such ad hoc ad-
justments to a random draw can inadvertently bias an experimental de-
sign and that a better way to trade off predictive validity against face
validity in this situation would have been to randomize the entire
matched sample again.)

Cynthia Miller and Howard Bloom (2002) analyzed the relative pre-
cision of three research designs—matching firms based on their past
turnover rates, linear regression adjustment for past turnover rates, and
taking no account of past turnover rates—using data on employee
turnover rates during the first month after random assignment (a short-
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Table 4.7 The Predictive Power Required to Justify Pairwise Matching

Required Predictive Power
(incremental R2)

Total Number of Clusters J Two-Tailed Test One-Tailed Test

4 0.85 0.73
6 0.52 0.40
8 0.35 0.27

10 0.26 0.20
12 0.21 0.16
14 0.17 0.13
16 0.15 0.11
18 0.13 0.10
20 0.11 0.09
30 0.07 0.05
40 0.05 0.05
60 0.03 0.03

120 0.02 0.01
Infinite 0.00 0.00

Source: Computations by the author.



conclusions presented are consistent with much corresponding re-
search on voluntary programs, they are most directly generalizable to
mandatory programs.

The Fundamental Problem and 
Approaches to Addressing It

Figure 5.1 presents a simplified causal model of the relationships un-
derlying a comparison-group analysis. The model specifies that the
values of the outcome, Y, are jointly determined by sample members’
program status (whether they are in the program group or in the com-
parison group), P; a baseline causal factor, X; and a random-error term, e.
Note that X can be an observable characteristic such as education level,
gender, or race; an unobservable (or difficult-to-observe) characteristic
such as motivation or ability; or some combination of these two types of
characteristics.

The effect of the program on the outcome is represented in the figure
by an arrow from P to Y; its size and sign are represented by β0. The effect
of the baseline characteristic on the outcome is represented in the figure
by an arrow from X to Y; its size and sign are represented by β1. The dif-
ference between the mean value of the baseline characteristic for the pro-
gram group and that for the comparison group is represented by δ.

Consider the implications of the model in figure 5.1 for estimating
program impacts. In the simplest comparison group analysis, the im-
pact of P on Y is estimated as the difference between the mean value of
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Figure 5.1 Selection Bias in a Comparison-Group Design

Source: Authors’ compilation.
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Replicating the Findings Experimentally and Nonexperimentally NEWWS
was designed to estimate the impacts of several welfare-to-work strate-
gies that had been the subject of widespread debate among policymak-
ers, program administrators, and researchers for many years. The study
examined both the net impacts of each program approach (its impacts
relative to no mandatory welfare-to-work services) and the differential
impacts of each program approach (its impacts relative to the other pro-
gram approaches).

The impact findings for NEWWS were reported for four categories
of programs (Hamilton et al. 2001): the program in Portland, which was
unique among the NEWWS programs in using a mix of job-search and
education services; job-search-first programs, in Atlanta, Grand Rapids,
and Riverside, which focused on helping clients find jobs quickly; high-
enforcement education-first programs, in Atlanta, Grand Rapids,
Riverside, and Columbus, which focused on providing education ser-
vices first and reduced the welfare benefits of clients who did not meet
the program’s participation requirements (in Columbus, as already de-
scribed, both traditional and integrated case management programs
were operated); and low-enforcement education-first programs, in De-
troit and Oklahoma City, which focused on providing education ser-
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Figure 5.2 Sampling Distributions of Impact Estimators for a 
Hypothetical Program

Source: Authors’ illustration.
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of sites, only one of the two permutations was used. (For example, in
the comparison of Riverside and Portland, Riverside was used as the
control group and Portland was used as the comparison group, but not
vice versa.) This is because estimates of bias for statistical methods that
do not use propensity scores—that is, difference of means, OLS regres-
sions, fixed-effects models, and random-growth models—are identical
for the two permutations except with respect to their sign. Estimates of
bias for all other statistical methods may differ in magnitude for each
site pair but should yield similar results.

The first step in defining the out-of-state comparisons was to choose
one site at random (Riverside) as the first control group. Each of the re-
maining five sites was then used as a nonexperimental comparison
group for Riverside. The next step was to choose one of the remaining
sites at random (Portland) as the second comparison group. Each of the
four remaining sites was then used as a nonexperimental comparison
group for Portland. This process was repeated until the final out-of-
state comparison, Atlanta versus Oklahoma City, was chosen.

The multistate analysis consisted of six separate subanalyses. To con-
struct multistate comparison groups, each of the subanalyses used one
site as a control group and the other five sites as a composite compari-
son group for that analysis. This approach pools information about
clients across states, which may be particularly useful for some nonex-
perimental methods.
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Table 5.1 In-State Control and Comparison Groups

Control Group Comparison Group

In-State Sample Sample
Comparison Offices Size Offices Size

Oklahoma City Cleveland 831 Southwest City 3,184
Pottawatomie Southeast City

Central City

Detroit Fullerton 955 Hamtramck 1,187

Riverside Riverside 1,459 Hemet, Rancho, 1,501
Elsinore

Michigan Grand Rapids 1,390 Detroit (Fullerton 2,142
and Hamtramck)

Portland, Ore. West Office 328 East Office 1,019
North Office

Source: Calculations by the authors from National Evaluation of Welfare-to-Work Strate-
gies data.
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Table 5.2 Selected Sample Characteristics for In-State Comparison Groups

Oklahoma City Detroit

Outcome or Characteristic Control Comparison Control Comparison

Earnings and employment
Mean annual earnings
in the two years before
random assignment 
(1996 dollars) 1,314 1,707 1,074 972

Mean number of 
quarters employed in 
the two years before 
random assignment 1.78 2.13 1.41 1.40

Mean annual earnings 
in the two years after 
random assignment 
(1996 dollars) 1,742 1,888 2,080 2,008

Mean annual earnings 
in the third, fourth, 
and fifth years after 
random assignment 
(1996 dollars) 3,164 3,081 5,042 5,631

Baseline characteristics
Average age
(in years) 28.3 27.6 29.2 30.3

Race or ethnicity 
(percentage)
White, non-Hispanic 77.2 52.6 0.7 18.0
Black, non-Hispanic 8.0 35.8 98.1 80.1
Hispanic 2.2 5.3 0.9 0.8
Other 12.7 6.3 0.2 1.1

Percentage with high 
school diploma or GED 55.5 54.0 58.8 54.4

Percentage never 
married 22.6 39.9 74.8 64.8

Number of children 
(percentage)
One child 47.2 51.8 46.2 40.9
Two children 34.0 29.2 30.0 29.9
Three or more children 18.9 19.0 23.8 29.2

Percentage with a child
younger than five
years old 65.4 66.7 68.0 63.0

Sample size 831 3,184 955 1,187

Source: Authors’ calculations from information collected by welfare staff and earnings re-
ported to state unemployment insurance systems.
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Riverside Michigan Portland

Control Comparison Control Comparison Control Comparison

2,849 2,470 2,085 1,017 1,909 1,515

2.15 2.16 2.57 1.40 2.25 1.85

2,289 2,382 2,484 2,040 3,096 2,331

4,100 3,526 5,392 5,369 5,538 4,876

31.2 31.6 27.9 29.8 29.7 29.9

46.0 56.3 48.1 10.2 87.4 66.8
22.9 11.1 40.9 88.2 1.8 23.8
27.0 29.6 8.1 0.9 7.1 2.5
4.1 3.1 2.9 0.7 3.7 7.0

65.9 61.6 59.3 56.4 68.3 60.7

37.0 31.3 58.3 69.2 42.4 53.1

39.6 38.1 45.6 43.2 39.1 35.2
31.2 33.8 35.8 30.0 29.4 34.8
29.2 28.1 18.6 26.8 31.5 30.1

58.5 57.7 69.2 65.2 72.2 70.5
1,459 1,501 1,390 2,142 328 1,019



Table 5.3 Selected Sample Characteristics for Out-of-State Comparison Groups

Oklahoma
Outcome or Characteristic City Detroit Riverside Grand Rapids Portland Atlanta

Earnings and employment

Mean annual earnings in the two years
before random assignment (1996 dollars) 1,626 1,017 2,657 2,085 1,611 2,063

Mean number of quarters employed in
the two years before random assignment 2.05 1.40 2.15 2.57 1.95 1.98

Mean annual earnings in the two years
after random assignment (1996 dollars) 1,858 2,040 2,336 2,484 2,517 2,680

Mean annual earnings in the third, fourth,
and fifth years after random assignment
(1996 dollars) 3,098 5,369 3,809 5,392 5,037 4,895

Baseline characteristics

Age (in years) 27.7 29.8 31.4 27.9 29.9 32.5
(Table continues on p. 204.)



Table 5.3 Continued

Oklahoma
Outcome or Characteristic City Detroit Riverside Grand Rapids Portland Atlanta

Race or ethnicity (percentage)
White, non-Hispanic 57.7 10.2 51.2 48.1 71.8 4.1
Black, non-Hispanic 30.1 88.2 16.9 40.9 18.4 94.5
Hispanic 4.7 0.9 28.3 8.1 3.6 0.7
Other 7.6 0.7 3.6 2.9 6.2 0.7

Percentage with high school diploma or GED 54.3 56.4 63.8 59.3 62.6 61.2

Percentage never married 36.3 69.2 34.1 58.3 50.5 60.7

Number of children (percentage)
One child 50.8 43.2 38.8 45.6 36.1 36.0
Two children 30.2 30.0 32.6 35.8 33.4 33.8
Three or more children 18.9 26.8 28.6 18.6 30.4 30.3

Percentage with a child younger
than five years old 66.5 65.2 58.1 69.2 70.9 43.2

Sample size 4,015 2,142 2,960 1,390 1,347 1,875

Source: Authors’ calculations from information collected by welfare staff and earnings reported to state unemployment insurance systems.
Note: Characteristics are shown only for sample members for whom at least two years of earnings data before random assignment are available.



Table 5.4 Mean Absolute Bias Estimates for Balanced Comparisons

Short Run Medium Run

In-State Out-of-State Multistate In-State Out-of-State Multistate
Comparisons Comparisons Comparisons Comparisons Comparisons Comparisons

Nonexperimental Method (n = 5) (n = 8) (n = 4) (n = 5) (n = 8) (n = 4)

Mean absolute bias estimates in 1996
dollars (number of statistically
significant estimates)
Difference of means 304 (2) 285 (4) 337 (4) 387 (2) 845 (5) 1,027 (4)
OLS regression 238 (2) 400 (5) 374 (4) 671 (2) 1,350 (6) 1,066 (4)
Propensity-score subclassification 235 (2) 449 (4) 350 (4) 628 (4) 1,239 (6) 1,027 (3)
Propensity-score one-to-one 
matching 234 (0) 409 (2) 327 (2) 689 (2) 1,242 (3) 974 (3)

Fixed effects 272 (2) 568 (4) 446 (4) 623 (3) 1,573 (6) 1,147 (3)
Random growth 390 (2) 792 (6) 754 (2) 1,180 (2) 1,594 (4) 1,739 (3)
Fixed effects with subclassification 268 (2) 339 (2) 374 (4) 565 (2) 1,381 (4) 1,072 (3)
Fixed effects with one-to-one 
matching 201 (0) 287 (1) 348 (2) 679 (2) 1,249 (4) 993 (3)

Propensity score–weighted
regression 239 (2) 325 (6) 360 (4) 592 (3) 1,179 (8) 1,048 (4)



Table 5.4 Continued

Short Run Medium Run

In-State Out-of-State Multistate In-State Out-of-State Multistate
Comparisons Comparisons Comparisons Comparisons Comparisons Comparisons

Nonexperimental Method (n = 5) (n = 8) (n = 4) (n = 5) (n = 8) (n = 4)

Mean absolute bias estimates in 
percentages
Difference of means 12 12 14 8 21 20
OLS regression 9 17 15 14 33 20
Propensity score subclassification 9 19 14 13 30 20
Propensity score one-to-one
matching 10 17 13 15 30 19

Fixed effects 11 24 18 13 39 22
Random growth 15 34 30 24 40 34
Fixed effects with subclassification 10 14 15 12 33 21
Fixed effects with one-to-one
matching 8 12 14 15 30 20

Propensity score–weighted
regression 9 14 15 12 29 20

Source: Authors’ calculations.
Notes: The short run is defined as the two years after random assignment. The medium run is defined as the third through the fifth years after random as-
signment. The estimates are calculated for the comparisons for which balance could be achieved (see Bloom et al. 2002, chapter 3). Statistical significance
was assessed at the 0.10 level for a two-tailed test.



Table 5.5 Mean Absolute Bias Estimates for Balanced and Unbalanced Comparisons

Short Run Medium Run

Out-of-State Multistate Out-of-State Multistate
Comparisons Comparisons Comparisons Comparisons

Balanced Unbalanced Balanced Unbalanced Balanced Unbalanced Balanced Unbalanced
(n = 8) (n = 6) (n = 4) (n = 2) (n = 8) (n = 6) (n = 4) (n = 2)

Mean absolute bias estimates
in 1996 dollars (number of 
statistically significant estimates)
Difference of means 285 (4) 494 (5) 337 (4) 330 (1) 845 (5) 1,585 (6) 1,027 (4) 1,127 (2)
OLS regression 400 (5) 636 (6) 374 (4) 425 (2) 1,350 (6) 1,601 (5) 1,066 (4) 1,326 (2)
Fixed effects 568 (4) 572 (6) 446 (4) 543 (2) 1,573 (6) 1,507 (4) 1,147 (3) 1,434 (2)
Random growth 792 (6) 1,694 (6) 754 (2) 821 (2) 1,594 (4) 4,008 (6) 1,739 (3) 2,021 (2)

Mean absolute bias estimates in
percentages
Difference of means 12 20 14 17 21 31 20 35
OLS regression 17 26 15 22 33 31 20 40
Fixed effects 24 24 18 26 39 29 22 42
Random growth 34 69 30 42 40 79 34 63

Source: Authors’ calculations.
Notes: The short run is defined as the two years after random assignment. The medium run is defined as the third through the fifth years after random as-
signment. Because this table shows the mean absolute bias estimates for unbalanced as well as for balanced comparisons, methods based on propensity
scores (which required balance to estimate the selection bias) are not shown. Statistical significance was assessed at the 0.10 level for a two-tailed test.



Table 5.6 Estimation Error for Net Impacts on Earnings over Five Years

NEWWS Program Category

High-Enforcement Low-Enforcement
Portland Job-Search-First Education-First Education-First

Experimental point estimate of impacta $5,034 (p < 0.001) $2,138 (p < 0.001) $1,503 (p < 0.001) $ 770 (p = 0.075)

Likelihood of replicating a statistically
significant positive impact
Experimental replicationb 98% ~100% 99% 56%
Nonexperimental replicationc 53% 39% 30% 11%

Source: Authors’ calculations.
aImpacts are expressed in 1996 dollars. The numbers of program- and control-group members are, respectively, 3,529 and 499 (Portland), 5,382 and 6,292
(job-search-first), 9,716 and 8,803 (high-enforcement education-first), and 6,535 and 6,591 (low-enforcement education-first).
bThe experimental standard errors are $1,327 (Portland), $455 (job-search-first), $385 (high-enforcement education-first), and $432 (low-enforcement edu-
cation-first; for details on the calculation of these standard errors, see the appendix to this chapter).
cThe nonexperimental standard errors are $2,967 (Portland), $1,598 (job-search-first), $1,356 (high-enforcement education-first), and $1,926 (low-enforce-
ment education-first; for details on the calculation of these standard errors, see the appendix to this chapter).



Table 5.7 Estimation Error for Differential Impacts on Earnings over Five Years

NEWWS Program Category

High-Enforcement Low-Enforcement
Portland Job-Search-First Education-First Education-First

Experimental point estimate of differential impacta

Portland –
Job-search-first $2,896 (p = 0.039) –
High-enforcement education-first $3,531 (p = 0.011) $634 (p = 0.575) –
Low-enforcement education-first $4,264 (p = 0.002) $1,368 (p = 0.029) $733 (p = 0.205) –

Likelihood of replicating a statistically
significant positive impact
Experimental replicationb

Portland –
Job-search-first 66% –
High-enforcement education-first 82% 14% –
Low-enforcement education-first 92% 70% 35% –

Nonexperimental replicationc

Portland –
Job-search-first 22% –
High-enforcement education-first 29% 7% –
Low-enforcement education-first 33% 14% 9% –

Source: Authors’ calculations.
aImpacts are expressed in 1996 dollars. The numbers of program- and control-group members are, respectively, 3,529 and 499 (Portland), 5,382 and 6,292
(job-search-first), 9,716 and 8,803 (high-enforcement education-first), and 6,535 and 6,591 (low-enforcement education-first).
bThe experimental standard errors are $1,327 (Portland), $455 (job-search-first), $385 (high-enforcement education-first), and $432 (low-enforcement edu-
cation-first; for details on the calculation of these standard errors, see the appendix to this chapter).
cThe nonexperimental standard errors are $2,967 (Portland), $1,598 (job-search-first), $1,356 (high-enforcement education-first), and $1,926 (low-enforce-
ment education-first; for details on the calculation of these standard errors, see the appendix to this chapter).



were tested using two-tailed tests and a 0.10 statistical significance cri-
terion, and a positive estimate that is significantly different from 0 in a
one-tailed test at the 0.05 level will also be significantly different from 0
in a two-tailed test at the 0.10 level.

3. Determine the mismatch error variance that would result from using
each nonexperimental estimator to measure the impacts of the NEWWS pro-
grams. As noted in the body of the chapter, experimental replications
that preserve the same conditions as the original experiment differ from
one another solely because of random sampling error (which depends
on the size of the analysis sample and the variation in the outcome mea-
sure across individual sample members). Nonexperimental replica-
tions, in contrast, are subject not only to random sampling error but
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Table 5A.1 Impact and Standard Error Estimates on Total Earnings over
Five Years (in 1996 Dollars)

Type of Impact Estimate and Standard Error

NEWWS Program Approach Estimate Experimental Nonexperimental

Net impacts
Portland 5,034 1,327 2,967
Job-search-first 2,138 455 1,598
High-enforcement 
education-first 1,503 385 1,356

Low-enforcement
education-first 770 432 1,926

Differential impacts
Portland versus job-
search-first 2,896 1,403 3,371

Portland versus high-
enforcement education-
first 3,531 1,382 3,263

Portland versus low-
enforcement education-
first 4,264 1,396 3,538

Job-search-first versus 
high-enforcement 
education-first 634 1,151 2,096

Job-search-first versus 
low-enforcement 
education-first 1,368 627 2,503

High- versus low-
enforcement education-
first 733 579 2,355

Source: Authors’ calculations.



(8,284,105) as an estimate of the total nonexperimental error variance,
σν

2
. (Because this was an estimate of the population variance, our com-

putation reflected four—that is, n − 1—degrees of freedom.) The next
step was to compute the mean of the five estimated error variances
(1,239,311) as an estimate of the average variance of random sampling
error, E(σε

2). The final step was to compute the difference between these
two error variances as an estimate of the variance attributable to non-
experimental mismatch error (7,044,793).

4. Determine the likelihood that a nonexperimental estimator would pro-
duce statistically significant net impacts where NEWWS produced such im-
pacts. The final step in our analysis was to determine the likelihood
that a nonexperimental estimator would produce a statistically signif-
icant positive impact for a particular experimental impact finding, mi,
that was positive and statistically significant. Specifically, we asked:
What is the probability that the nonexperimentally estimated impact
would be positive and statistically significant at the 0.05 level in a one-
tailed test, assuming that the true impact is equal to the experimentally
estimated impact, mi? Estimating this probability required an estimate
of the total standard error of the corresponding nonexperimental esti-
mator, sen. We obtained this estimate by adding the estimated variance
of mismatch error (7,044,793) to the estimated variance of random
sampling error for the specific experimental finding and taking the
square root of this sum. The estimated nonexperimental standard error
for each type of program is listed in the third column in the top panel
in table 5A.1.

We then computed the probability that a replicated estimate would
be positive and statistically significant as:
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Table 5A.2 Nonexperimental Mismatch Error for In-State Comparisons for
Earnings over Five Years (in 1996 Dollars)

Standard
Error of Variance of

In-State Bias Point Bias Point Bias Point Variance
Comparison Estimate Estimate Estimate Component

Oklahoma City 778 660 436,100
Detroit −2,867 1,206 1,454,837
Riverside 551 922 849,872
Michigan −3,829 1,051 1,104,037
Portland 3,206 1,534 2,351,712

Total variance of bias point estimates 8,284,105
− Estimated variance from sampling error 1,239,311
= Variance attributable to nonexperimental mismatch error 7,044,793

Source: Authors’ calculations.
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