
Chapter 1

Precedents and Prospects for
Randomized Experiments

When families move to low-poverty neighborhoods, their
teenage children are less likely to commit crimes (Ludwig,
Hirschfield, and Duncan 2001). Couples therapy and family

therapy are equally effective at improving marital relationships
(Shadish et al. 1995). Increasing welfare benefit amounts by 10 percent
discourages 1 percent of low-income parents from working (Burtless
1987). Each of these statements answers a question about the effect, or
impact, of a social policy or intervention on people’s behavior. Does
helping low-income families move to low-poverty neighborhoods af-
fect their children’s development? Does couples counseling bring more
benefits than family therapy? What proportion of low-income parents
would stop working if welfare benefits were increased by a certain
amount? 

These conclusions, like many others of importance to individuals
and society as a whole, are based on studies that used a powerful re-
search paradigm known as random assignment. In this book, such
studies are referred to as randomized experiments or, simply, experi-
ments (in medicine and other disciplines they are often called random-
ized trials or clinical trials). In randomized experiments, the units of
analysis—usually individuals, but sometimes clusters of individuals—
are assigned randomly either to a group that is exposed to the inter-
vention or treatment being studied or to a control group that is not ex-
posed to it. Because the groups do not differ systematically from one
another at the outset of the experiment, any differences between them
that subsequently arise can be attributed to the intervention or treat-
ment rather than to preexisting differences between the groups. Ran-
dom assignment also provides a means of rigorously determining the
likelihood that subsequent differences could have occurred by chance
rather than because of differences in treatment assignment. 
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Consider how researchers used random assignment in the studies
cited in the opening paragraph. In the study of neighborhoods and ju-
venile crime, families living in public housing developments, all of
them situated in high-poverty neighborhoods, were randomly as-
signed to three groups. Two groups received one of two types of hous-
ing voucher: one that could be used toward the cost of private housing
provided that the family moved to a low-poverty neighborhood (this
was called the conditional-voucher group), or another that could be
used to pay for private housing in any neighborhood (the uncondi-
tional-voucher group). The third group received no private housing
vouchers (the no-voucher group). 

Random assignment ensured that the group a family was assigned
to depended neither on the family’s observable characteristics, such as
the parents’ age and race or the number of children in the family, nor on
characteristics that would be difficult or impossible for a researcher to
observe, such as the parents’ motivation, ability, and preferences about
where to live. In other words, because all the families in the study had
an equal chance of being assigned to each of the three groups, the only
systematic difference among them was the type of voucher (or no
voucher) received. Consequently, when the researchers found a larger
proportion of moves to low-poverty neighborhoods and a lower inci-
dence of juvenile crime in the conditional-voucher group than in the
other two groups, they were confident about attributing these changes
to that single systematic difference. 

By itself, however, random assignment would not have allowed
these researchers to conclude that moving to a low-poverty neighbor-
hood reduced criminal activity among children. The conditional vouch-
ers affected many other outcomes that might have reduced juvenile
crime. For example, they increased work and reduced welfare receipt
among parents, and they also increased family income. To find out
whether juvenile crime stemmed from living in a low-poverty neigh-
borhood, the researchers went beyond random assignment in two
ways: They relied on a strong theory linking neighborhoods to crime,
and they used a statistical technique called instrumental variables to
identify the effect on juvenile crime of a family’s moving out of public
housing to a low-poverty neighborhood. 

The other two results mentioned in the opening paragraph likewise
came from studies that built on random assignment. In the study explor-
ing the effectiveness of psychotherapy in helping couples resolve their
problems, the researchers looked at seventy-one random-assignment
studies of two types. In one type, couples were randomly assigned to
receive marital therapy or no therapy at all. In the other type, couples
were randomly assigned to receive family therapy or no therapy at all.
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Although the two types of therapy were never compared in a single ex-
periment, the researchers were able to conduct cross-study compar-
isons using meta-analysis (Glass 1976), a statistical technique for sys-
tematically synthesizing quantitative results from multiple primary
studies on the same topic. Though not as rigorous as a randomized
experiment comparing the two types of therapy directly, this meta-
analysis provided an immediate plausible answer to a question that
had not yet been addressed using random assignment. 

The study of the effect of welfare benefit levels on employment
looked at a diverse low-income sample that included families who
were not receiving public assistance. After being randomly assigned to
one of several different welfare levels, each family was informed of the
benefit amount for which it was eligible. A comparison of parental em-
ployment rates over a three-year period revealed that parents in fami-
lies that were eligible for larger benefit amounts were less likely to
work than were parents in families that were eligible for smaller
amounts. The random-assignment design allowed the researchers to
conclude that higher benefit levels caused parents to work less, but the
design could not on its own indicate what proportion of parents would
be moved to stop working if they were eligible for benefit levels not di-
rectly tested in the experiment. Using regression analysis to relate fam-
ilies’ responses to the treatments they were assigned, the researchers
extrapolated estimates of this proportion to unexamined benefit levels
from the results of several different experiments. 

Randomized experiments were a rarity in the social sciences until
the second half of the twentieth century, but since then they have rap-
idly become a common method for testing the effects of policies, pro-
grams, and interventions in a wide range of areas, from prescription
medicines to electricity prices. Written for a diverse audience of social
scientists, the present book makes the case for enhancing the scope
and relevance of social research by combining randomized experi-
ments with nonexperimental statistical methods that leverage the
power of random assignment. This chapter provides context for the
rest of the book by describing how and why researchers in a variety of
disciplines have gradually shifted from nonstatistical to statistical ap-
proaches and from nonexperimental to experimental methods. It also
discusses the kinds of questions that are difficult to answer by means
of randomized experimentation alone and explores ways in which
nonexperimental statistical techniques can complement experimental
designs to provide more or better answers than can either approach
on its own. The authors of each of the four following chapters use de-
tailed examples from their areas of research—welfare, education, and
employment policy—to present four nonexperimental statistical ap-
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proaches to maximizing the knowledge generated by experiments in
the social sciences. 

The Evolution of Impact Analysis

Ideas, individuals, and institutions all helped shape the evolution of sta-
tistics in science, especially statistical inference—which is the process of
determining what data say about the world that generated them. In
most disciplines, statistical inference did not become the norm until the
twentieth century. Nowadays, not only scientific reports but popular-
press accounts of discoveries in a wide range of fields mention statistical
considerations, from significance levels in clinical medicine to margins
of error in opinion research. To shed light on impact analysis today, this
section presents a selective review of its historical development.1

Nineteenth-Century Approaches

Despite historical roots that extend to the seventeenth century, the wide-
spread use of systematic, data-based evaluations is a relatively modern
development. The application of social research methods to evaluation
coincides with the growth and refinement of the methods themselves, as
well as with ideological, political, and demographic changes that have
occurred during this century.

—Peter H. Rossi and Howard E. Freeman (1993, 9–10)

One reason why statistical inference was less commonly used in
nineteenth-century social science than today was the widely followed
school of thought called determinism. In the deterministic view, uncer-
tainty merely reflects human ignorance of the sequence of events that
cause each subsequent event. Even in analyses of games of chance,
where probability was perhaps most frequently applied in the nine-
teenth century, it was believed that every roll of a die or flip of a coin
has a predetermined, if unknown, outcome.

Determinism led researchers to use statistical concepts such as the
average to measure what they thought were fixed, knowable constants.
For example, in estimating planetary orbits, astronomers took the aver-
age of calculations based on different observations of the planets be-
cause they saw each observation as providing information on constants
implied by Isaac Newton’s theories (Stigler 1999). They believed that
different observations provided different information solely because
errors had been made in those measurements. 

This belief paved the way for major advances in the natural sciences,
but it contributed little to the utility of statistics in the social sciences.
Social scientists found that statistical aggregates describing humanity
were stable over time and across places, and these social aggregates be-
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came the object of study for researchers such as the statistician Adolphe
Quetelet (Gigerenzer et al. 1989). But social aggregates lacked the theo-
retical foundation that Newtonian theory provided astronomers, and
they were therefore deemed inadequate for describing human behavior
and outcomes. 

Quetelet’s 1835 study of conviction rates in French courts is a good
example of the challenges faced by nineteenth-century social scientists.
Quetelet compared criminal cases with respect to a number of factors
hypothesized to influence conviction, including whether the crime had
been committed against property or a person and whether the defen-
dant was male or female and was under or over thirty years of age.
Such comparisons led him to conclude that well-educated females over
the age of thirty were least likely to be convicted (Stigler 1986). 

Quetelet’s approach met with criticism (Stigler 1986). Baron de Ke-
verberg, who was advising the state on the matter, argued that data had
to be separated into every possible category of characteristics that
might be related to the outcome of interest. Not doing so would mean
comparing groups that were otherwise not equivalent and perhaps
drawing unwarranted conclusions. The economist Jean-Baptiste Say
likewise argued that averaging measurements across people resulted in
a meaningless jumble of disparate factors (Gigerenzer et al. 1989). In
medicine, physicians argued that averages were useless because each
patient was unique and each disease was specific to an individual
(Gigerenzer et al. 1989). Perhaps for this reason, “As late as 1950, most
physicians still thought of statistics as a public health domain largely
concerned with records of death and sickness” (Marks 1997).

The German physicist and philosopher Gustav Fechner felt that his
method of testing his theory of psychophysics (the science concerned
with quantitative relations between sensations and the stimuli produc-
ing them) provided him with the theoretical justification for averaging
observations that the social sciences had hitherto lacked (Stigler 1999).
Specifically, Fechner developed the psychological measure known as
the “just noticeable difference,” which is the smallest observable differ-
ence between two stimuli. To measure the just noticeable difference be-
tween two weights, for example, Fechner had subjects pick up pairs of
weights more and less similar in weight and observed the proportion of
the time they correctly identified the heavier weight in each pair. For
differences smaller than the just noticeable difference, they would be
forced to guess, in which case they would correctly identify the heavier
weight only half the time. Fechner’s theory provided an objective, the-
oretically derived constant, .5, to which he could compare the propor-
tion of times the heavier weight was correctly identified. Even more
important for the present purpose, Fechner could manipulate environ-
mental conditions such as the amount of weight that was lifted. 
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Although experimentation provided the phenomena to be mea-
sured, the deterministic view led researchers to believe that probability-
based statistical inference was unnecessary. In other words, the experi-
mental method was considered at odds with the use of statistical
inference. Because uncertainty was thought to be due to measurement
error, researchers focused on removing that uncertainty by increasing
the quality and rigor of their studies. The physiologist Emil du Bois-
Raymond thought that natural processes are constant over time and
across individuals and therefore can be measured adequately by ob-
serving a small number of subjects in a well-designed, well-run study
(Coleman 1987). The psychologist Wilhelm Wundt similarly argued
that all individuals responded to psychological stimuli in the same
way, justifying the study of the effects of a stimulus in a mere handful
of subjects (Danziger 1987). 

Nonexperimental Statistical Approaches

Do slums make slum people or do slum people make the slums? Will
changing the living conditions significantly change the social behavior of
the people affected?

—A. S. Stephan (quoted in Rossi and Freeman 1993, 12)

The method of least squares is the automobile of modern statistical analy-
sis: despite its limitations, occasional accidents, and incidental pollution,
this method and its numerous variations, extensions, and related con-
veyances carry the bulk of statistical analyses, and are known and valued
by nearly all.

—Stephen M. Stigler (1999, 320) 

As innovative as Fechner’s method was, its utility did not immediately
benefit social scientific fields, in which environmental conditions could
not be manipulated as readily as in psychophysics (although econo-
mists have recently found ways to manipulate conditions in classroom
settings to test basic economic theories; see Smith 1994). For example,
Quetelet, in his investigations of who would be convicted of criminal
behavior, could measure conviction rates for different groups, but he
could not manipulate the judicial system to test his hypotheses about
the factors that affected conviction rates. 

What were the scientific and political changes that fostered the use of
statistical inference in the social sciences? An important breakthrough
for social scientists came in the 1890s with G. Udny Yule’s theoretical
reinterpretation of least squares, a method that the French mathemati-
cian Adrien-Marie Legendre had introduced to find the average of a se-
ries of observations that differed because of measurement error (Stigler
1986).2 The technique was named “least squares” because it minimizes
the sum of the squared deviations between the observed data and the

6 Learning More from Social Experiments



estimated mean. Building on several decades of research by social sci-
entists and statisticians, Yule realized that the method could also be
used to estimate the parameters of a linear relationship among any
number of factors. Further, he argued that the multivariate linear rela-
tionship provided a means of investigating how one factor varied with
a second factor, with all other factors held constant. In this new frame-
work, least squares provided social scientists with three essential ingre-
dients of statistical inference: parameters that could be subjected to es-
timation and statistical inference (the parameters resulting from least
squares), a way to adjust for all other observed differences across in-
dividuals (including them in the least-squares regression), and a tech-
nology for estimating a multivariate relationship (the least-squares
method itself).

To appreciate the implications of these developments, imagine that it
is 1900 and you are investigating the link between neighborhoods’ eco-
nomic prosperity and rates of juvenile crime. On the basis of your dis-
covery that children in low-poverty neighborhoods commit fewer
crimes than other children, you conclude that a family’s living in a high-
poverty neighborhood makes the children in that family more likely to
commit crimes. Your critics object that families and children in the two
types of neighborhoods may differ in other respects as well. For in-
stance, the average family in low-poverty neighborhoods might be bet-
ter educated or have different attitudes about criminal activity than the
average family in high-poverty neighborhoods, which might affect chil-
dren’s chances of getting into trouble with the law. A decade earlier,
your critics probably would have insisted, as did Baron de Keverberg,
that you separate the data into every possible combination of character-
istics that might be related to juvenile crime and show that only the type
of neighborhood can explain the difference in crime rates. But thanks to
Yule, you can now perform a multivariate regression analysis using as
the dependent variable the likelihood that a particular child has com-
mitted a crime, and as the explanatory variables factors thought to affect
juvenile crime such as whether the family lives in a high-poverty neigh-
borhood, the family’s income, the parents’ education level, and the
child’s age. The estimated coefficient for the factor specifying whether a
family lives in a high-poverty neighborhood gives you an estimate of
the effect of the type of neighborhood on juvenile crime, independent of
the other characteristics included in the regression. 

In parallel with the advances in statistical theory sketched here, the
shift toward statistical inference gained impetus when university re-
searchers in medicine began calling for systematic scientific review of
medical interventions such as drugs. The prevalent belief at the time
that physicians could tell helpful drugs from harmful ones solely on the
basis of their own observation and intuition allowed drug manufactur-
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ers to aggressively market products that had not been clinically proven
(Marks 1997). Unfortunately, the rigorous assessment of drugs was not
the norm in 1938, when 106 people died because a drug manufacturer
unwittingly used a known toxin to buffer a new medicine. Although
the U.S. Food and Drug Administration (FDA) was granted the author-
ity to regulate drugs for effectiveness and safety in 1938, it still was un-
clear how benefits and hazards were to be measured. For example,
when the FDA was considering whether to approve sulfapyridine as a
treatment for pneumonia, although it knew there was evidence of neg-
ative side effects as well as benefits, it had no rigorous information on
the size of either. The need for more—and more rigorous—evidence
fueled the use of statistical inference.

In social policy as in medicine, the use of statistical inference grew
with the need to make decisions about government policy. Because the
social programs created as part of the New Deal of the 1930s were never
evaluated, their descendants in the War on Poverty of the 1960s were
designed without hard evidence about the earlier programs’ effective-
ness (Rossi and Williams 1972). The legislation that launched the War
on Poverty mandated and funded evaluations of the policies it estab-
lished. Thus, evaluation research took off during the twentieth century
at least partly because, as publicly financed programs expanded, the
government demanded more and better information as to whether it
was investing its billions of dollars wisely. 

Despite these theoretical advances and the desire for more rigorous
evidence, social researchers soon came to realize that the effects of an
intervention—estimated by comparing the differences in outcomes be-
tween two or more groups—reflect the influence not only of the inter-
vention under study but also of other factors that could affect group
membership. Failure to take account of these other factors in the statis-
tical model leaves impact estimates at risk of deviating from true im-
pacts because of selection bias—systematic differences between the
groups in the study other than that arising from the intervention. A con-
troversial analysis of the effects of parental alcoholism on children con-
ducted by Karl Pearson in 1910 illustrates the problem. On the basis of
his finding that, on average, children of alcoholic parents had about the
same levels of intelligence and health as other children, Pearson con-
cluded that parental alcoholism does not harm children (Stigler 1999).
In support of this conclusion, he argued that the alcoholic and nonalco-
holic parents in his analysis were comparable because the two groups’
average hourly wages were similar. But prominent economists of the
day challenged Pearson’s study, arguing that the two groups probably
differed in other ways that could not be ruled out. To them, the fact that
the two groups earned the same average amount suggested that the al-
coholic parents actually had higher average ability that had been sup-
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pressed by alcoholism, or else they would not have been able to “keep
up” with the nonalcoholic parents. Because Pearson’s critics believed
that ability was partially inherited, they concluded that the children of
alcoholic parents in the study probably would have performed at a
higher level but for their parents’ alcoholism. 

Over time, researchers developed increasingly sophisticated meth-
ods to reduce selection bias. In social policy, most of these methods in-
volve comparing a group that is exposed to the treatment under study,
referred to in this book as the program group (it is sometimes called the
experimental group or the treatment group), with a comparison group
that is not. The simplest approach to reducing selection bias relies on
multivariate regression methods to control for as many observed dif-
ferences between the program group and the comparison group as pos-
sible. No matter how many such factors are included, however, this
strategy is not likely by itself to overcome selection bias arising from
unobserved factors. 

An alternative approach to reducing selection bias focuses on choos-
ing a comparison group that matches the program group with respect
to as many observed characteristics as possible. If two groups have the
same education, income, and employment history, it is hoped, they
might also have the same motivation, attitudes, and other attributes
that are difficult to measure. For example, to understand the effects of
housing conditions on a range of outcomes, one study compared three
hundred families that were placed in improved public housing with
three hundred families with similar social and demographic character-
istics that were chosen from a waiting list (Wilner et al. 1962, as de-
scribed in Gilbert, Light, and Mosteller 1975).

Special cases of this method use comparison groups composed of
people who applied for a program but subsequently withdrew (with-
drawals), were accepted into a program but did not participate in it (no-
shows), or were screened out of a program for failing to meet eligibility
criteria (screen-outs). Unfortunately, the strategy of choosing a com-
parison group on the basis of observed characteristics stumbles on the
same problem as multivariate regression: Groups that are similar with
respect to observed characteristics might be dissimilar with respect to
unobserved characteristics that could influence both whether the treat-
ment is received and subsequent outcomes.

Another method of reducing selection bias relies on comparing the
program group to itself at two or more points in time. For example,
medical researchers first realized that insulin might be the key to fight-
ing diabetes by observing dramatic improvements in the health of
diabetics who took insulin (Marks 1997). Similarly, evaluators have
sometimes measured the effects of job training services by examining
changes in trainees’ earnings over time. Michael E. Borus (1964) used
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this method to study a 1960s federal program that trained workers who
had lost their jobs because of technological change. Comparing the pro-
gram group with itself holds constant all unobserved characteristics
that do not change over time, but it opens the door to other biases. For
example, William Shadish, Thomas D. Cook, and Donald T. Campbell
(2002) pointed to potential biases from maturation and history. Matura-
tion bias arises when outcomes would gradually change even without
intervention, such as when ill people either get better or die. History
bias arises when other policy or societal changes occur during the pe-
riod of observation. For example, the economic growth of the 1990s
made it difficult to estimate the effects of the federal welfare reform leg-
islation passed in 1996.

Rather than focusing on how to select or construct a comparison
group, some researchers devised statistical means to control for differ-
ences in unobserved characteristics between the program and compari-
son groups that give rise to selection bias (Barnow, Cain, and Goldberger
1980). Given some assumptions, this bias can be eliminated if the re-
searcher has all relevant information regarding how a person was se-
lected to receive a treatment (Cain 1975). Suppose, for example, that ap-
plicants to an employment training program are accepted solely on the
basis of their earnings in the prior month. Although applicants with earn-
ings just above the threshold receive no training from the program and
applicants with earnings just below the threshold are accepted into the
program, they should otherwise be quite similar. If the below-threshold
applicants have very different earnings after they go through the pro-
gram than the above-threshold applicants, it is plausible to conclude that
the program affected earnings. This approach, first proposed by Donald
L. Thistlewaite and Donald T. Campbell (1960), is sometimes called re-
gression discontinuity. Unfortunately, participation in many programs is
determined by factors that cannot be observed by researchers. 

Selection bias can also be eliminated through the use of statistical as-
sumptions about how observed and unobserved factors affect which
treatment a person receives. The method is robust, however, only if a
factor that is related to the selection of treatment but not to unobserved
determinants of the outcome is identified, which can be very difficult.3

Despite their ingenuity, these efforts to overcome selection bias in
studies of training, housing assistance, education, youth programs, and
health care have met with considerable skepticism because even in the
largest studies with the most sophisticated designs, different evaluators
have come to different conclusions depending on the comparison
groups and statistical methods selected (Barnow 1987; Kennedy 1988;
Gilbert, Light, and Mosteller 1975; McDill, McDill, and Sprehe 1972;
Glenman 1972). The essential problem is that selection bias can arise
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from variation in unobserved characteristics, making the bias difficult
to detect and eliminate.

Random Assignment

Let us take out of the Hospitals, out of the Camps, or from elsewhere 200,
or 500, poor People, that have Fevers, Pleurisies, etc. Let us divide them
in halfes, let us cast lots, that one halfe of them may fall to my share, and
the other to yours; . . . we shall see how many Funerals both of us shall
have.

—John Baptista van Helmont (1662)

Random assignment designs are a bit like the nectar of the gods; once
you’ve had a taste of the pure stuff it is hard to settle for the flawed alter-
natives.

—Robinson G. Hollister and Jennifer Hill (1995, 134)

There is one method that, when well implemented, is guaranteed to
eliminate selection bias: random assignment of individuals or groups
to treatments. In a typical experiment, half the study members are ran-
domly assigned to the program group, and the other half are randomly
assigned to the control group, a term reserved for the special case in
which membership in the comparison group is randomly determined.
Because random assignment ensures that unobserved factors such as
motivation and ability are distributed about equally in the two groups,
any differences that later emerge between them can be confidently at-
tributed to differences in the groups to which they were assigned rather
than to preexisting differences. 

Widespread use of random assignment is relatively new in social
policy research, but the idea has been around for much longer. The quo-
tation at the beginning of this section shows that an understanding of
the logic behind randomization—if not sensitivity to the rights of the
sick and the poor—dates back at least to the seventeenth century. In an
early application of the method, Charles S. Peirce and Joseph Jastrow
(1884/1980) drew playing cards to determine the order of stimulus
presentation in a study of Fechner’s just noticeable difference. 

Much of the foundation of the modern use of random assignment,
however, can be traced back to Ronald A. Fisher’s work in the early
twentieth century. On becoming chief statistician at Rothamsted Exper-
imental Station in England in 1919, Fisher found that data on crop
yields had been collected for more than sixty years at the station but
had not been rigorously analyzed (Gigerenzer et al. 1989). The Rotham-
sted researchers faced two problems discussed in the previous section:
They did not know how to separate the effects of fertilizers from the ef-
fects of other factors influencing crop production, and they did not
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know how to assess the likelihood that fertilizers made a difference be-
cause crop yields varied even when the same fertilizer was used. Fisher
realized that random assignment provided a way to deal with both
problems. By randomly choosing which fields would receive fertilizers,
he was able to convincingly argue that systematic differences in crop
production between fertilized and unfertilized fields were due to the
fertilizer. By repeating random assignment across many fields, he was
able to compare the variation in crop production within each group (the
unfertilized fields and the fertilized fields) to the difference in produc-
tion between the two groups and assess the likelihood that the differ-
ence between groups was due to random variation—and, by extension,
the likelihood that the choice of fertilizer made a real difference in pro-
duction. Fisher (1925) helped other researchers understand how to use
random assignment by providing them with information on how to im-
plement random-assignment studies and how to conduct formal statis-
tical inference with respect to their results. 

Random assignment rules out alternative explanations for observed
results so effectively that it is often called the “gold standard” in evalu-
ation research, but this was not understood when Fisher first devel-
oped the method and began to promote it to his colleagues in agricul-
tural research. Indeed, it was not until well after World War II that use
of the approach became widespread in medical research (Marks 1997),
and several more decades were to pass before random assignment
would be used with any frequency in social policy research.

By one estimate, more than 350,000 randomized experiments have
been conducted in medical science over the last fifty years (Cochrane
Collaboration 2002). According to The Digest of Social Experiments, more
than 800,000 people were randomly assigned in two hundred twenty
studies of new or existing social policies between 1962 and 1997 (Green-
berg and Shroder 1997). A number of other studies have involved the
random assignment of larger entities, such as schools or municipalities
(Boruch and Foley 2000). And within the last three years, the Adminis-
tration for Children and Families within the U.S. Department of Health
and Human Services alone has launched a number of major projects en-
compassing several dozen random-assignment studies to investigate
the effects of policies designed to affect the employment, family struc-
ture, child-care choices, and marital relationships of low-income people. 

The following are a few of the many social policy areas in which ex-
perimental studies have been performed:

Child health, nutrition, and education. In 1997, the government of Mex-
ico launched a major experiment to measure the effects of substantial
payments designed to encourage poor rural parents to send their
children to school more regularly and over a longer period and to
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improve their children’s health care and nutrition (Teruel and Davis
2000). This experiment randomized 320 rural communities to the
program group and 186 rural communities to the control group. 

Crime and juvenile delinquency. Random-assignment studies have
been used extensively to study policies aimed at reducing juvenile
delinquency and crime (Lipsey 1988; Sherman 1988). One of 
the most successful and oft-cited studies tested a policy of requir-
ing alleged assailants in domestic assault cases to spend a night in
jail.

Early child development. Random assignment has been used to study
interventions to help children. For example, a number of experi-
ments have investigated the effects of improvements in day care
(Schweinhart and Weikart 1993; Ramey, Yeates, and Short 1984; Love
et al. 2002) and of Head Start (Bell et al. 2003).

Education. Until the U.S. Department of Education made the use of
random assignment a priority in evaluating new education ap-
proaches (Coalition for Evidence-Based Policy 2003), experimental
designs were used only infrequently in education research. Earlier
applications tested the effects of vouchers allowing low-income chil-
dren to attend private schools (Mayer et al. 2002); of a high school re-
form in which students’ learning is organized around a career theme
(Kemple and Snipes 2000); and of smaller class sizes at the elemen-
tary school level (Mosteller, Light, and Sachs 1996).

Electricity pricing. Faced with increasing demand and limited supply,
electricity policy analysts in the 1970s recommended making elec-
tricity more expensive during peak periods to induce consumers to
shift their electricity use to off-peak periods. This approach, called
“time-of-use pricing,” was studied in a series of randomized experi-
ments (Aigner 1985). 

Health services. To investigate the link between health-care copay-
ments and use of health-care services, one experiment randomly as-
signed different people to pay different proportions of their health-
care expenditures (Newhouse 1996; Orr 1999). Random assignment
has also been used to study the efficacy of mental health treatments
(Ciarlo and Windle 1988).

Housing assistance. In the 1970s, the effects of direct cash low-income
housing assistance in Pittsburgh and Phoenix were examined in a
randomized experiment (Kennedy 1988). More recently, the U.S. De-
partment of Housing and Urban Development launched an experi-
ment investigating the effects of housing vouchers that require users
to move to low-poverty neighborhoods (Goering et al. 1999; Orr et
al. 2003).
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Income maintenance. Among the earliest studies in the social sciences
to use random assignment were the negative income tax experi-
ments conducted in the 1960s and 1970s in Denver, Seattle, New Jer-
sey, and Gary, Indiana. In these studies, different families were
randomly assigned to different levels of income that would be guar-
anteed if the family had no other sources of income and to different
“tax rates” that determined how much of the guaranteed level
would be lost when the family’s income from other sources in-
creased (Munnell 1987).

Job training. A recent meta-analysis of voluntary education and train-
ing programs for low-skill adult workers and adolescents cites ten
studies that used random assignment, most of them conducted after
1983 (for a list, see Greenberg, Michalopoulos, and Robins 2003).
One of the best-known recent studies is a large-scale multisite exper-
iment that measured the impacts of a national program to provide
job training in a residential setting to adolescents and young adults
at risk of economic failure and criminal behavior (Burghardt et al.
2001).

Unemployment insurance. Because many unemployed workers return
to work only after their unemployment insurance benefits have been
used up, random assignment has been used to explore the effects of
financial incentives to return to work (Bloom et al. 1999; Woodbury
and Spiegelman 1987; Spiegelman, O’Leary, and Kline 1992).

Welfare-to-work programs. Since 1980, dozens of experiments have
been conducted to test programs designed to help welfare recipients
move into employment (Gueron and Pauly 1991; Greenberg and
Wiseman 1992; Bloom and Michalopoulos 2001). 

As already discussed, random assignment has become more com-
mon in social policy research partly because nonexperimental statistical
methods do not eliminate selection bias convincingly and do not pro-
vide widely persuasive estimates of policy effects. Another reason is
that the sophisticated methods devised by statisticians and econometri-
cians to reduce selection bias are often difficult for policy practitioners
to understand—and easy for critics to challenge. 

The logic of random assignment, in contrast, is straightforward to
grasp and explain. At its most basic, a random-assignment analysis in-
volves making simple comparisons between the average outcomes for
the program group and the average outcomes for the control group.
The simplicity and rigor of randomized experimentation have made 
it influential in policymaking. For example, experimental studies of
welfare-to-work programs in the 1980s have been credited with influ-
encing the debate that led to the Family Support Act of 1988 (Greenberg
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and Wiseman 1992), which paved the way for the landmark federal
welfare reforms of 1996.

Learning More from 
Randomized Experiments

Despite its considerable strengths, random assignment of individuals
or groups to treatments cannot answer all the important questions
about what works best for whom and why.4 For this reason, researchers
have devised creative ways to combine experimental data with nonex-
perimental statistical methods. By doing so, they can capitalize on the
strengths of each approach to mitigate the weaknesses of the other. The
central premise of this book is that combining experimental and nonex-
perimental statistical methods is the most promising way to accumu-
late knowledge that can inform efforts to improve social interventions.
This idea, articulated three decades ago by Robert F. Boruch (1975), is
only now beginning to gain greater recognition.

Opening the Black Box

In some cases, random assignment is too blunt an instrument to be used
to test theories about what makes a program effective. Budget limita-
tions can also preclude the use of random assignment to compare differ-
ent versions of a program model. Furthermore, randomized experi-
ments are usually unable to disentangle the contributions of specific
program components to the program’s overall effects. In other words,
they often do not reveal what happens inside the “black box” where
their effects unfold. Figure 1.1 displays a model of the black box, which
focuses on how program implementation, program participation, and
intermediate impacts lead to the ultimate impacts of an intervention.

“Program implementation” represents the components of the pro-
gram and the way in which they are carried out. For example, a manda-
tory welfare-to-work program might include features such as financial
assistance for education and certain required activities, and might sanc-
tion those who do not engage in them. More generally, the effectiveness
of any program depends on whether staff are enthusiastic about it,
whether potential participants know about and understand it, and the
management practices of the people running it.

A program’s overall effects will depend on “program participation”:
how many people participate in it and how intensively they do so. For
example, in a study of an antihypertensive drug, the drug’s effects can
be expected to increase as the percentage of patients who comply with
the prescribed treatment increases. To help families earn more, a
welfare-to-work program must engage parents in job search activities.
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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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Source: Author’s compilation.
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between intermediate and ultimate outcomes. So how can going be-
yond random assignment using nonexperimental statistical methods
help researchers open the black box of experiments to explore these
issues?

Measuring Implementation Effects

One important question that randomized experiments have difficulty
addressing directly is how various components of a program con-
tribute to its effects. For example, if a three-component program re-
duces teen pregnancy rates, how can one infer whether and to what ex-
tent each component contributed to the program’s overall success? To
answer such questions, evaluators often turn to research synthesis,
which is an attempt to draw lessons by looking across studies. A fre-
quently applied example of this approach, narrative synthesis, entails
qualitatively comparing results across sites or studies. For example, the
final report in the six-county evaluation of a California welfare-to-work
program called Greater Avenues to Independence (GAIN) found the
largest effects in Riverside County. In their effort to synthesize results
from the six counties and understand how Riverside differed from the
other counties, the authors looked at how more than a dozen site char-
acteristics were correlated with the variation in program impacts across
sites. The evidence suggested that the Riverside program’s strong em-
phasis on getting participants into employment set it apart from the
others (Riccio, Friedlander, and Freedman 1994). 

Narrative synthesis often leads to several possible conclusions. The
National Evaluation of Welfare-to-Work Strategies (NEWWS) used ran-
dom assignment to study the effects of eleven programs in seven sites,
including Portland, Oregon, where the program was outstandingly ef-
fective. Evaluators were left to wonder why Portland’s effects stand
out. Was this attributable to the program’s services, the message con-
veyed by its staff that participants should accept only “good” jobs, the
strong local economy, exemptions given to welfare recipients who staff
thought would not benefit from the program, its vigorous efforts to
connect welfare recipients with specific employers, or something else
(Hamilton et al. 2001)? Although both GAIN and NEWWS are excellent
examples of the use of random assignment, the experimental design
could take the researchers only so far in understanding why the poli-
cies under study were more or less effective. 

These examples illustrate that simple experiments have a limited
ability to separate policy from practice. More complex designs can help.
The most common approach is to randomly assign entities to two or
more interventions. In the evaluations of the Minnesota Family Invest-
ment Program (MFIP) and Canada’s Self-Sufficiency Project (SSP), for
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example, families were assigned at random to three groups: a group
that received financial incentives to work, a group that received job
search assistance as well as the financial incentives, and a control group
(Miller et al. 2000; Michalopoulos et al. 2002). The design was especially
useful in MFIP. In that study, incentives alone did not increase employ-
ment, but they increased family income because financial payments
were made to families that would have worked in the absence of the in-
centive. In addition, children in the incentives-only group were better
off after three years than were children in the control group, providing
evidence that increasing family income would help children. 

Although three-group random-assignment designs are useful, they
provide information on only two policy components. Early social exper-
iments were much more ambitious (Greenberg and Robins 1986). For ex-
ample, the negative income tax experiments of the 1970s assigned fami-
lies to fifty-eight different combinations of tax rates and guarantee levels
to study how people respond to changes in those policy parameters
(Munnell 1987; Greenberg and Robins 1986). Similarly, the direct cash
low-income housing assistance experiment randomly assigned people
to receive housing subsidies equal to 0, 30, 40, 50, or 60 percent of their
rent to understand how strongly people responded to different subsidy
rates (Kennedy 1988). Finally, a health-care copayment experiment ran-
domly assigned people to pay 0, 25, 50, or 95 percent of their health-care
expenditures up to an annual maximum of $1,000 to allow researchers to
extrapolate to other subsidy rates (Newhouse 1996). Exploiting such
variation to extrapolate from experimental results to other types of poli-
cies was one of the original motivations behind using random assign-
ment (Heckman 1992). But testing many policies at once also has a
drawback: Testing more variants of a program with a given sample re-
sults in less precise estimates of the effects of any one variation because
fewer people are assigned to each variation.

In the absence of random assignment to many different treatments,
meta-analysis, another form of research synthesis, can be used to
explore why some programs are more effective than others. Meta-
analysis is a statistical technique for synthesizing quantitative results.
For example, researchers in the United Kingdom conducted a meta-
analysis of twenty-four random-assignment evaluations of mandatory
welfare-to-work programs in the United States and concluded that job
search is associated with larger effects on earnings and welfare receipt,
that vocational training is associated with smaller effects on earnings
and welfare receipt, and that programs with more white recipients have
larger effects than other programs (Ashworth et al. 2001).5 Obtaining
statistically precise estimates of the determinants of program effects us-
ing meta-analysis, however, requires dozens of policy experiments
(Greenberg et al. 2003).
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A third type of research synthesis uses multilevel statistical model-
ing (which accounts for the grouping of individuals in aggregate units)
to explore how the natural variation in program effects across sites in a
single experiment or across experiments in a set of studies co-varies
with features of the program, its participants, and its environment. This
approach is illustrated by Howard Bloom, Carolyn Hill, and James Ric-
cio in chapter 2 of the present volume, “Modeling Cross-Site Experi-
mental Differences to Find Out Why Program Effectiveness Varies.”
Their analysis focuses on how the earnings effects of welfare-to-work
programs vary with respect to how the programs were implemented,
the specific services they provided, the characteristics of their partici-
pants, and local labor market conditions. This analysis was made pos-
sible by the fact that comparable data had been collected for three large-
scale multisite randomized evaluations of welfare-to-work programs:
the National Evaluation of Welfare to Work Strategies (NEWWS), the
California GAIN program described earlier, plus Florida’s welfare-to-
work program Project Independence (Kemple and Haimson 1994).

Future random-assignment studies could likewise be set up to learn
more about how programs achieve their effects. For example, a recently
completed study of a vaccine to prevent infection with HIV (human im-
munodeficiency virus) that randomly assigned people in fifty-nine lo-
cations in the United States, Canada, and the Netherlands found that
the vaccine worked better for African American and Hispanic sample
members than for white sample members (Pollack and Altman 2003). If
procedures varied from site to site, the variation could be used to help
understand why the vaccine worked better for some people than for
others. In fact, procedures in different sites in an experiment could be
varied intentionally to assess the effects of different procedures. Even if
an experiment is not conducted in dozens of sites, collecting informa-
tion about each site might help future researchers investigate the role of
program practices and inputs. For example, the GAIN, Project Inde-
pendence, and NEWWS evaluations were not conducted at the same
time, but they were conducted by a single research organization that
collected comparable data across studies.

Assessing the Role of Participation

Randomized experiments are designed to measure the average effect of
a treatment among all the people who are randomly assigned to it, but
it is sometimes of interest to estimate the effect among those who actu-
ally receive the treatment. Consider a random-assignment study of a
new vaccine that is otherwise unavailable. The effect of the intervention
among all people who are assigned to receive the vaccine might repre-
sent the expected effect of introducing the vaccine in a real-world situ-
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ation in which some patients do not comply with their treatment. The
effect among people who actually receive the vaccine provides an esti-
mate of the effect of the vaccine on compliant patients.

In many cases, an intervention is unlikely to have an effect on people
who are not exposed to it. For example, a vaccine against a noncom-
municable disease cannot benefit someone who does not receive it. In
such cases, the effect among people who receive the treatment can be
calculated by dividing the overall average effect by the proportion of
program group members who actually received the treatment (Bloom
1984). Suppose the average effect of a welfare-to-work program on
earnings is $500 per year, including participants and nonparticipants. If
only half of program group members actually participate in the pro-
gram, then the average effect on earnings per participant is twice as
high since they generated the entire effect. The effect of a treatment on
those who receive it, sometimes referred to as the effect of the treatment
on the treated, is discussed in chapter 3.

It is even possible for an intervention to have effects on people who
do not participate. For example, a requirement that welfare recipients
attend a job club or face sanctions might increase employment even
among people who do not attend the job club if the threat of sanctions
encourages them to look for work on their own or to take a job they
have already been offered. When an intervention might have effects
among those who are assigned to the treatment but do not receive it,
determining the effect of treatment on the treated or the effect of treat-
ment assignment on those who do not receive the treatment is not
straightforward. If the effect on each of the two groups is roughly con-
stant across individuals within them, however, then the effect for each
group can be derived (Peck 2002).

Exploring Causal Pathways

Increasing program participation is rarely the ultimate goal of a treat-
ment, but understanding the link between program participation and
other outcomes can inform practitioners’ efforts to implement a treat-
ment and policymakers’ efforts to design a policy. Likewise, knowing
how different outcomes are related to one another, especially whether
changing one outcome is likely to cause changes in other outcomes, can
help shed light on the question of which intermediate outcomes or me-
diators should be the target of future treatments and policies. 

For example, mediators can help explain the effects on children of
programs targeted at parents. To take one recent example, studies of
policies that increase family income have been found to benefit school-
age children (Morris et al. 2001; Clark-Kauffman, Duncan, and Morris
2003). Higher income might allow parents to purchase goods and ser-
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vices that directly help their children, such as more nutritious food or
higher-quality child care. Programs that increase income typically have
many effects, among them increasing parents’ earnings and hours of
work. Extra income might also affect parenting by reducing stress or in-
fluencing the likelihood that the parent will marry, which under certain
conditions might help their children. Understanding whether extra
income per se benefits children—and if so, how much each dollar of in-
come helps—could help policymakers decide whether investments in
programs such as the federal Earned Income Tax Credit are worthwhile
or whether money should be spent on other objectives, such as improv-
ing the quality of child care used by low-income families.

Nonexperimental researchers have developed statistical methods to
investigate the role of mediators. An approach that has generated much
recent interest is instrumental variables analysis (Angrist and Krueger
2001). A researcher who wants to understand the effects of income on
children’s well-being could compare the children of wealthier and
poorer families, but the comparison would probably be plagued by se-
lection bias: wealthier families might have parents with more extensive
social networks or higher levels of motivation, both of which might
benefit children independent of income. To explore the relationship be-
tween income and children’s well-being more rigorously, the researcher
could find an instrumental variable, which in this example would be a
factor that is correlated with both income and children’s well-being but
is not correlated with unobserved factors that also might affect these
two variables (such as motivation and intelligence). The researcher
would then explore the effects of income on children’s well-being by
comparing outcomes for children whose families have different values
of the instrumental variable. 

The biggest obstacle to using instrumental variables is finding an in-
strument. Myriad factors affect not only family income but also most
other outcomes of interest. Random assignment, however, can provide
the needed instrument. Because assignment to the program and control
groups is random, it is not related to parents’ intelligence, the exten-
siveness of their social network, or their motivation. Indeed, it is uncor-
related with every characteristic that exists before or at the time of ran-
dom assignment. 

Instrumental variables analyses of the effects of mediators require at
least one instrument for each hypothesized intermediate outcome. In
the study of housing vouchers mentioned in the introduction to this
chapter (Ludwig, Hirschfield, and Duncan 2001), two intermediate out-
comes were assumed to be important: whether the family moved at all
and whether the family moved to a lower-poverty neighborhood. The
random assignment of families to two program groups provided the
two instruments needed. Families given unconditional vouchers were
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more likely to move out of public housing but were not more likely to
move to lower-poverty neighborhoods than did control group families.
Comparing the rate of juvenile crime in these two groups therefore in-
dicated how much moving reduced juvenile crime. Families given con-
ditional vouchers, in contrast, were not only more likely to move out of
public housing but moved to lower-poverty neighborhoods than did
control group families, providing a means of determining how much
moving to lower-poverty neighborhoods reduced juvenile crime. Thus,
the instrumental variables technique provided the method for calculat-
ing the effects of a key mediator. 

The link between welfare-to-work programs and children’s well-
being might be affected by many mediators, and it is unlikely that one
evaluation would include enough program groups to provide such a
large number of instruments. However, the necessary instruments
might be obtained by using data from a number of random-assignment
studies. Different studies will have larger or smaller effects on income,
employment, hours of work, and other mediators. An instrumental
variables analysis essentially compares the variation in the programs’
effects on the mediators with the variation in the programs’ effects on
children’s well-being to infer the effects of the mediators on children’s
well-being. 

Although instrumental variables techniques can be extremely useful
when combined with random assignment, they do require making
some assumptions. One assumption is that if data are pooled across
studies to achieve the needed number of instruments, the effects of the
mediators on the ultimate outcomes must be the same from place to
place. For example, an extra dollar of income and an extra hour of work
would have to have the same effect on children in California as it does
in Minnesota. 

Chapter 3 of the present volume (“Constructing Instrumental Vari-
ables from Experimental Data to Explore How Treatments Produce Ef-
fects,” by Lisa Gennetian, Pamela Morris, Johannes Bos, and Howard
Bloom) examines the use of instrumental variables with random assign-
ment experiments to explore the causal paths (linkages among mediating
variables) by which programs produce their impacts. The authors de-
scribe how the approach works, outline the assumptions that are neces-
sary for it to do so, and illustrate its application to numerous real-world
examples. They also consider how to make the approach operational
given the realities of how randomized experiments are conducted.

Studying Place-Based Interventions

Most experiments randomly assign individuals to program and control
groups because they seek to study the effects of programs on the out-
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comes and behavior of individuals, couples, or families. There are cir-
cumstances, however, in which random assignment of larger entities
such as child-care providers, firms, schools, housing developments, or
entire communities might be more appropriate. The aforementioned
experiment that randomized whole communities in Mexico (Teruel and
Davis 2000) is an example of a place-based intervention. Sometimes
called group randomization, this method is referred to in this book as
cluster randomization or cluster random assignment.

Cluster randomization is appropriate where an intervention is
meaningful only at the level of a larger entity or when it is impractical
or unacceptable to assign individuals randomly to different treatments.
For example, an experimental study of a program that trains child-care
providers to teach preschool children who are receiving child-care sub-
sidies to read should probably conduct random assignment at the level
of providers rather than individual children. Randomly assigning chil-
dren within a classroom to the treatment or a control group would be
logistically infeasible because control-group children in classrooms
with a trained provider could not be prevented from benefiting from
the provider’s training. And randomly assigning children to a trained
provider or an untrained provider might be politically infeasible be-
cause it would restrict their families’ child-care choices, violating fed-
eral regulations governing child-care subsidies. For similar reasons, the
effects of public-service advertisements designed to discourage smok-
ing have been studied by randomly assigning everyone who might
come across the same advertisements to the same group (Boruch and
Foley 2000). If television advertising were being used, an entire viewing
area would be randomly assigned to receive the advertising or not to
receive it. 

Cluster random assignment has also been recommended in cases
where outcomes for people exposed to an intervention have the poten-
tial to “spill over” and affect outcomes for other people (Harris 1985;
Boruch and Foley 2000; Garfinkel, Manski, and Michalopoulos 1992).
Vaccinating some children against a communicable disease might pro-
tect unvaccinated children from the disease as well. A study that ran-
domly assigned individual children in the same community to receive
or not to receive the vaccine would underestimate the vaccine’s effects
if vaccinating children in the program group indeed lessened the
chance that children in the control group would contract the disease.
Similarly, a large-scale training program might help trainees find better
jobs, but it might also displace others who would have taken those jobs.
If the displaced workers are members of the control group in a random-
assignment study, the program’s estimated effects will exceed its true
effects.6 Finally, a study that randomly assigns welfare recipients to a pi-
lot welfare program or a control group might underestimate the pro-
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gram’s effects because the amount of word-of-mouth communication
and public discussion about the program, which could influence cur-
rent and potential recipients’ behavior, would probably be lower than if
the program were implemented at full scale as welfare policy. In each of
these examples, measuring the full effects of an intervention requires
randomly assigning larger communities, not individuals, to the pro-
gram or a control group.

In certain contexts, cluster randomization is not only theoretically
sound but also practical, as demonstrated by its application in many
studies (for a review of such applications, see Boruch and Foley 2000).
Among the interventions that have been studied using cluster random
assignment are programs to reduce drug and alcohol use among high
school students, public health campaigns, crime prevention initiatives,
and new hospital procedures. The most commonly randomized entities
have been schools or classrooms, but random assignment has also been
conducted among industrial organizations, adult literacy centers,
Goodwill service providers, hospitals, police patrol areas, and entire
communities. This record of successful application casts doubt on ar-
guments that experiments cannot be conducted on aggregate entities.
Chapter 4 of the present volume (“Randomizing Groups to Evaluate
Place-Based Programs,” by Howard Bloom) presents a detailed discus-
sion of this approach. The chapter outlines the main reasons for ran-
domizing groups, describes the statistical properties of the approach,
considers ways to improve the approach by using background infor-
mation on the randomized groups and their members, and examines
the statistical properties of subgroup findings produced by the ap-
proach. The chapter also considers the conceptual, statistical, program-
matic, and policy implications of the fact that individuals move in and
out of randomized groups over time.

Assessing Nonexperimental Statistical Methods

If many questions can be answered only by going beyond random as-
signment, it is natural to wonder whether one should start with an ex-
perimental design at all. Is the problem of selection bias in nonexperi-
mental studies more theoretical than real? Fortunately, this question
can be answered by reviewing research that has compared nonexperi-
mentally derived impact estimates with impact estimates based on
well-executed random-assignment studies. Overall, the findings indi-
cate that, even under the most favorable circumstances, nonexperimen-
tal statistical methods are often far off the mark.

One group of studies has assessed nonexperimental statistical meth-
ods by comparing experimental and nonexperimental impact estimates
on the basis of data collected from individuals who were randomly as-
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signed to a treatment or a control group. Much of this research was
based on data from the National Supported Work (NSW) Demonstra-
tion. Conducted by a consortium of organizations in the mid-1970s at
twelve sites across the United States, the NSW study evaluated volun-
tary training and assisted work programs targeted at four groups of in-
dividuals with serious barriers to employment: long-term recipients of
Aid to Families with Dependent Children (AFDC), which was the fed-
eral cash welfare program until 1996; former drug addicts; former crim-
inal offenders; and young school dropouts. To assess nonexperimental
estimators of the program’s effects, the results of this randomized ex-
periment have been compared with results obtained by comparing the
NSW group’s outcomes with the outcomes for comparison groups
drawn from two national surveys: the Current Population Survey and
the Panel Study of Income Dynamics.

The earliest assessment of nonexperimental estimators using NSW
data sounded an alarm, revealing that large biases can arise from using
nonexperimental comparison groups (LaLonde 1986; Fraker and May-
nard 1987). But the most biased nonexperimental results were later
identified and excluded by means of statistical tests used to reject com-
parison groups whose characteristics differed markedly from those of
the program group at baseline (Heckman and Hotz 1989). Another
method that produced estimates close to the experimental benchmark
(Dehejia and Wahba 1999) is matching, in which differences between
the groups at baseline are eliminated by selecting comparison group
members similar to program group members with respect to such char-
acteristics as gender, level of education, and employment history. A re-
cent reanalysis, however, indicates that matching worked well only for
a specific subsample of the NSW data (Smith and Todd 2005). 

Inspired by the early studies of date from NSW, Daniel Friedlander
and Philip K. Robins (1995) compared experimentally derived esti-
mates of program effects with nonexperimentally derived estimates us-
ing data from random-assignment studies of mandatory state welfare-
to-work programs operated in the early to mid-1980s. They examined
comparison groups drawn from three sources: earlier cohorts of wel-
fare recipients from the same local welfare offices, welfare recipients
from other local offices in the same state, and welfare recipients from
other states. The authors found that in-state comparison groups
worked better than out-of-state comparison groups, although both
were problematic. Furthermore, they found that the statistical tests
suggested by James Heckman and V. Joseph Hotz (1989) did not ade-
quately distinguish between good and bad estimators with their data—
which later work by Heckman, Ichimura, and Todd (1997, 629) also in-
dicates. A more recent analysis of a mandatory welfare-to-work
program in Indiana confirmed that the bias can be quite large, even
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when the comparison sites have labor market characteristics similar to
those in the program sites (Lee 2001). 

Another comparison of nonexperimental and experimental results
used data from an experimental study of a set of voluntary training and
subsidized work programs for recipients of AFDC piloted in seven
states in the mid- to late 1980s (Bell et al. 1995). Nonexperimental com-
parison groups were drawn from withdrawals, screen-outs, or no-
shows. The authors found that estimates based on no-shows were the
most accurate, those based on screen-outs were the next most accurate,
and those based on withdrawals were the least accurate. In addition,
the accuracy of estimates based on screen-outs improved over time,
from being only slightly better than those for withdrawals at the begin-
ning of the follow-up period to being almost as good as those for no-
shows at the end.

The most comprehensive, detailed, and technically sophisticated as-
sessment of nonexperimental estimators to date used a data set con-
structed for the evaluation of employment and training programs for
economically disadvantaged adults and youth funded by the Job Train-
ing and Partnership Act (JTPA) of 1982 (Heckman, Ichimura, and Todd
1997, 1998; Heckman et al. 1998). Results from this study underscored
the importance of choosing an appropriate comparison group, particu-
larly one from the same local labor market as the program group and
one for which comparable measures have been collected. But even the
best methods left some amount of bias arising from selection on unob-
served factors.

Although limited to a single policy area—namely, employment and
training programs—the methodological research that has grown out of
these four sets of experiments spans a lengthy period (from the 1970s to
the 1990s); many different geographic areas representing different labor
market structures; voluntary and mandatory programs, the characteris-
tics of whose participants probably reflect very different selection
processes; a wide variety of comparison group sources, including na-
tional surveys and past participants in the same program; and a vast
array of statistical and econometric methods for estimating program ef-
fects using nonexperimental comparison groups (for a formal meta-
analysis of the results, see Glazerman, Levy, and Myers 2003).

Two recent studies using a similar approach found that nonexperi-
mental comparisons did not yield results similar to random-assignment
evaluations of education programs (Agodini and Dynarski 2001; Wilde
and Hollister 2002). 

Another approach to comparing experimental and nonexperimental
estimates is to use meta-analysis to summarize and contrast findings
from a series of both types of studies. Beginning with Mary Lee Smith,
Gene V. Glass, and Thomas I. Miller (1980), meta-analyses comparing
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findings from experimental and nonexperimental studies have had
mixed results (Heinsman and Shadish 1996).

Perhaps the most extensive such comparison is a “meta-analysis of
meta-analyses” that synthesizes past research on the effectiveness of
psychological, behavioral, and education treatments (Lipsey and Wil-
son 1993). In one part of it, the authors compared the means and stan-
dard deviations of experimental and nonexperimental estimates drawn
from seventy-four meta-analyses for which findings from both types of
studies were available. This comparison, which represented hundreds
of primary studies, showed virtually no difference in the mean effect as
estimated on the basis of experimental statistical studies, as opposed to
nonexperimental. Although some of the meta-analyses reported a large
difference between average experimental and nonexperimental esti-
mates, the differences were as likely to be positive as negative, and they
canceled out across the seventy-four meta-analyses.

Meta-analytic comparisons of experimental and nonexperimental
estimates have also been made for voluntary employment and training
programs (Greenberg, Michalopoulos, and Robins 2003, 2004). Accord-
ing to these comparisons, the average impact estimate for men has been
substantially larger for experimentally evaluated programs than for
other programs, and the difference is statistically significant. This is
consistent with the results using the NSW and JTPA evaluations that
implied that nonexperimental statistical methods might be subject to
substantial selection bias. For women and teens, by contrast, experi-
mental and nonexperimental evaluations of voluntary employment-
training programs yielded similar estimated effects. Moreover, the two
types of evaluations indicated similar changes in the effectiveness of
programs over time for all three groups. It is important not to make too
much of these comparisons, however, since they include only six pro-
grams. In addition, most of the nonexperimental evaluations were con-
ducted before 1975, but most of the random-assignment studies oc-
curred later. Thus, the two sets of evaluations might not have analyzed
comparable treatments. 

In chapter 5 of the present volume, “Using Experiments to Assess
Nonexperimental Comparison-Group Methods for Measuring Program
Effects,” Howard Bloom, Charles Michalopoulos, and Carolyn Hill use
random-assignment studies of mandatory welfare-to-work programs
to assess the utility of a variety of nonexperimental estimators of pro-
gram impacts, some of which have been examined only in the context
of voluntary programs. The chapter addresses the questions of which
nonexperimental comparison group methods work best, under what
conditions they do so, and under what conditions, if any, the best non-
experimental comparison group methods perform well enough to be
used instead of random assignment. 
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Goal of This Book

Although the next four chapters in this volume deal with very different
questions, they have two features in common: a recognition that ran-
dom assignment provides valid and useful estimates of the effects of
social interventions and a belief that more can be learned from experi-
ments by combining them with nonexperimental statistical techniques.
By no means a comprehensive survey of ways to integrate experimen-
tal and nonexperimental approaches, the book is meant to inspire re-
searchers both to use randomized experiments and to go beyond ex-
periments in their pursuit of answers to important social questions. 

Notes

1. For a much more thorough treatment of the history of statistics, see
Stephen M. Stigler (1986, 1989), Gerd Gigerenzer et al. (1989), and Lorenz
Krüger et al. (1987). A particularly accessible and wide-ranging descrip-
tion of the development of statistical theory and empirical methods can be
found in David Salsburg (2001).

2. Stigler’s (1986) view is only one of many. As represented by Mary S. Mor-
gan (1990), Theodore Porter (1986), for example, thought the key break-
through in the social sciences was a philosophical shift toward interpret-
ing individual differences in behavior as natural variation attributable to
the complexity of human affairs, which in turn opened the door to the use
of techniques such as correlation and regression. J. L. Klein (1986), in con-
trast, argued that economists began adapting and applying statistical
methods used by astronomers and biometricians because it facilitated the
modeling of economic time-series phenomena.

3. George S. Maddala (1983) provides a detailed discussion of the assump-
tions and methods of estimating the model, which is often credited to
James J. Heckman (1974). The assumptions have been relaxed in statistical
refinements of the model, but even the refinements demand identification
of a factor that affects whether someone receives an intervention but does
not influence the effect of the intervention.

4. Random assignment too has been criticized (see, for instance, Manski and
Garfinkel 1992; Bloom, Cordray, and Light 1988; Hausman and Wise
1985). Among the most potent criticisms are the following: (1) The process
of random assignment can affect implementation of the program under
study such that the resulting estimates may not reflect the impacts of the
actual program but rather of the program when it is under study; (2) being
in a study affects people in ways unrelated to the treatment (often called
the Hawthorne effect) by, for instance, encouraging program group mem-
bers to adhere more closely to the treatment than they would if they re-
ceived the treatment outside the study; (3) the program can affect the
surrounding community (for example, through displacement, in which
program group members take jobs that would otherwise be held by oth-
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ers), causing experimental estimates of the program’s impacts to system-
atically misestimate its true effects; and (4) some individuals do not re-
ceive the treatment to which they are randomly assigned, resulting in un-
derestimates of the effect of the treatment. Because these concerns have
been addressed in detail elsewhere and are tangential to the themes in this
book, they are not discussed further here.

5. In this case, meta-analysis might have led to a misleading result. Analyses
of the impacts of random assignment studies of U.S. welfare-to-work pro-
grams by subgroup show little systematic evidence that white welfare re-
cipients fare better than black welfare recipients (Michalopoulos and
Schwartz 2000; Michalopoulos 2004). This result suggests that neither race
nor ethnicity per se is important but that the welfare-to-work programs
operating in areas with higher proportions of white recipients happened
to be more effective.

6. Although displacement of workers is often considered a potential source
of bias in experimental estimates of the effects of employment programs,
a number of empirical studies found little evidence for displacement re-
sulting from such programs (Friedberg and Hunt 1995). However, a recent
paper argues that displacement might be more problematic in some ex-
periments (Lise, Seitz, and Smith 2004).
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