PART VI METHODOLOGY

Critical Thinking
about Research

Throughout this book we have highlighted the many areas in which economists use data and
statistical methods to answer questions that are important to households, businesses, and
government policy makers. Some of these questions are narrow: What happens to the sales
of ketchup when the manufacturer raises its price? How much will charging a small fee for a
vaccine in a developing country affect vaccination rates? Others are much broader: Will a large
unexpected fall in housing prices have a substantial effect on household consumption? What
happens to employment if we raise the minimum wage? These are all questions that we can
begin to answer with economic theory, as you have seen in this text. But to get quantitative
answers to questions like these, we need to use statistical methods to look at real world data. In
this chapter we provide an introduction to the tools economists and other social scientists use
to look at data. We will focus both on the standard techniques used and on some of the most
common pitfalls associated with using data to answer complex questions.

The statistical tools that economists use to analyze issues are an important part of the disci-
pline. If you go on in economics, you will learn much more about these tools. For those of you
who do not continue to study economics, we hope the introduction here will allow you to be a
more discriminating consumer of the economic research that you see described in the media
and elsewhere.

The techniques you will learn in this chapter are used in many fields other than economics.
Psychology, political science, some historical research, some sports research, and some medical
research also use these techniques.
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21.1 LEARNING OBJECTIVE

Give some examples of
studies that might suffer from
selection bias.

selection bias Selection bias
occurs when the sample used is
not random.

survivor bias  Survivor bias
exists when a sample includes
only observations that have
remained in the sample over
time making that sample
unrepresentative of the broader
population.

Selection Bias

We all know that people slow down physically as they age. World records in track and field
are not set by 45 year olds. Few professional baseball players continue to play after the age of
45. And yet consider this: In the 2013 Chicago marathon, the average time of the 30- to 39-age
group for men was 4 hours and 17 minutes, which was essentially the same as the average time
of the 40- to 49-age group for men of 4 hours and 18 minutes. What do we make of this? Should
we conclude, for example, that in the marathon there is essentially no slowing down in the
10-year age interval between the mid-thirties and the mid-forties?

Or say you came across a study that randomly sampled 1,000 70-year-old men and 1,000
90-year-old men and measured their bone density. Can we compare the average bone density
of the 70-year olds to that of the 90-year olds to estimate how much bone density on average
declines with age?

The answer to both questions is no. There is in both cases a substantial likelihood of
selection bias. There are many aged 30-39 ham-and-eggers running the Chicago marathon,
but many fewer casual runners aged 40-49. Many people aged 30-39 run for fun, to impress a
friend, or to pay off a bet. Many of these casual runners have probably selected out by age 40.
Moreover, one reason people select out or stop running is that they discover they are not good
runners. As a result, the average runner left in the age 40- to 49-interval is likely to be a better
runner than the average runner in the age 30- to 39-interval. It is thus not surprising that there is
little change in the average times between runners in the two age intervals, but this says nothing
about how fast a particular runner slows down with age. We are in some sense comparing apples
and oranges in looking at the two groups.

Selection bias would also exist in the bone density study. There are fewer 90-year-old men
than there are 70-year olds. Those with lower bone density at age 70 are more likely to have
fallen, broken a hip and passed away. The men left in the population age by 90 disproportion-
ately will thus consist of those who at younger ages had higher bone densities. So it would not be
sensible to compare the average bone density of the two samples. This comparison would tell us
nothing about how bone density changes with age for a particular person.

The type of selection bias in these two examples is also called survivor bias, for obvious
reasons. The more fit in the populations have survived, so there is a bias in comparing younger
and older groups. Similar problems arise in financial markets when we make inferences about
corporate returns in the general market from a population of firms that has survived in the mar-
ket for a long period. Firms that survive are typically different, generally more successful, than
the average firm. Apple, which has survived for a number of years, is surely different in its ability
to deliver innovative products that people want than the average company.

The problem of selection bias pervades many studies in economics (and other disciplines). In
recent years there has been considerable interest in trying to understand and improve educational
outcomes in the United States. In many areas, charter schools have grown up in part to experi-
ment with alternative educational methods. Charter schools are publicly funded, providing free
education to their students, but operate independently of the traditional school district and thus
have more autonomy in terms of choices around teacher selection, school hours, and pedagogy.
Naturally, there has been considerable interest in how these different charter schools are perform-
ing. It might occur to you that one way to answer this question is to compare the scores of students
in charter versus traditional schools in an area on the common mastery tests now given across all
schools in the United States. And, indeed, we see comparisons of this sort often in local newspapers.
But here too in making this comparison, you would be running into the problem of selection bias.

Where does the bias come in here? In most charter systems, students are randomly cho-
sen to attend the school. You might think this would eliminate the selection bias problem.
Unfortunately, that random choice does not fully eliminate the problem. In most charter sys-
tems, to be chosen in the lottery you must apply in the first place. But families who apply to a
lottery for a charter school may well differ considerably from those who do not apply. And those
differences—more attention to education, more organizational skills, and so on—are both
likely to matter to educational performance and will be hard for us to observe. In other words,
children who apply to a charter school may do better on the mastery tests than the average child,
even if he or she does not get chosen to attend the charter! As we will see in a later section, there
are ways around this selection problem but they require some ingenuity.
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One more example may help to show the range of the issues involved. Many studies in the
medical area are aimed at helping us figure out how to live longer and healthier lives. Suppose
you were interested in the effect on longevity of exercise. Luckily, you found a long-term
study that tracked how often people exercised over many years and found that those people
who exercised more also lived longer. Should you conclude that exercise in fact increases life
span? The answer is again no. In this example we are comparing a group of people who chose
to exercise with a group who chose not to. The fact that a group of people does or does not
choose to exercise tells us that they likely differ on many other grounds that might indepen-
dently affect life span. People who choose to exercise also likely make other healthy choices,
most of which will be hard for a researcher to observe. So the longevity edge might come
from the fact that one group exercised, whereas the other did not. But it might equally have
arisen from the fact that the first group consists of people who make healthy choices while
the second does not.

A common problem in many of these cases is that we are comparing groups who not
only engaged in different activities, activities whose effect we seek to measure, but people who
made different choices. To the extent that those choices reflect group differences that them-
selves matter to the outcomes we are measuring, we bias (or distort) our results. In the last few
years, economists have become increasingly sensitive to the problem of selection bias and have
engaged in many creative ways to try to eliminate the bias problem. We will describe some of
the solutions to the bias problem later in this chapter. For now, we hope you will look at some of
those newspaper headlines with a more skeptical eye!

Causality 21.2 LEARNING OBJECTIVE

Understand the difference
As we have seen, selection bias makes it difficult to identify the effect of a treatment on a popu-  papween correlation and

lation. In other words, selection makes it hard to pin down causal effects. Identifying causality  causation.
is a general issue in data analysis and goes beyond problems that arise because of selection bias.
We will consider a number of causality issues in this section.

Correlation versus Causation

Most people who have blue eyes also have light colored hair. Most people who have minivans
also have children. Evidence suggests that people who are obese have a disproportionate num-
ber of obese friends. What can we conclude from these facts? Do blue eyes cause blond hair? Do
minivans cause people to have children? Is obesity contagious, caught from one’s friends?

When two variables tend to move together, we say they are correlated. If the two variables  correlated Two variables are
tend to move in the same direction, we say they are positively correlated, and if they tend to move ~ correlated if their values tend
in opposite directions, we say they are negatively correlated. In the examples above, the variables ~ t© move together.
in each of the three sets are positively correlated. But correlation does not imply causation. It
does not take a degree in biology to know that blue eyes do not cause blond hair. Likely evolution
has selected simultaneously on these two features causing them to appear together. Dumping a
bottle of peroxide on my head, although it will surely make me a blond, will not change my eye
color at all! In economics, as well as in other fields, theory is often quite helpful in helping us to
differentiate between correlation and causality.

Minivans and children provide another example in which we need to sort out correlation
and causation. In the data we see that the majority of minivan owners have children. Clearly
minivans do not often cause children to be born (“Might as well have a fourth child. We already
own a minivan!”). Here it is likely the causality runs in the opposite direction. Minivans are
most attractive to families with children. So having children may indeed cause people to buy a
minivan. Think now about why getting the causality right matters. If Japan, for example, wants
to increase its very low birth rate, giving everyone a free minivan is not likely to be effective.

Minivans do not by and large cause people to want children. But knowing the relationship
between minivans and children is clearly relevant to automobile manufacturers who will want
to exploit this relationship by focusing their marketing campaigns on families. An increase in
average family size causes a shift in the demand for large minivans but the reverse is not the case.
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The most complicated of the examples is obesity. Here there are theoretical arguments that
support a hypothesis of causality running in both directions. Eating and exercise are social for
many people, so having obese (or conversely thin) friends may well have an effect on your own
weight. But in some circles at least obesity is a social stigma, and it may well be that being obese
limits one’s choice of friends. Thus, it is plausible that having obese friends does increase your
own chances of being obese, but it is also likely that being obese increases your chances of hav-
ing obese friends.

Identifying causality is critical for much policy work. Knowing that early exposure to read-
ing is correlated with high adult incomes is interesting. Knowing that it causes high incomes
suggests a policy intervention. Much empirical work in economics is concerned with trying
to determine causality, given how important it is for policy issues. Let us consider a few ways
researchers have used to identify causation.

Random Experiments

The gold standard for empirical work is the random experiment that many of you will be famil-
iar with from medical research. If a research team is trying to decide if a particular drug helps
in treating some form of cancer, for example, a standard protocol is to randomly divide the
patients afflicted with the disease into two groups, provide one group with the drug, and give
the other a placebo. With a large enough group, and enough time, one should be able to tell if
the drug is effective. (Of course, there is much non-human pretesting for safety reasons). Notice
in this protocol that we did not select our samples by asking people to choose whether they
wanted to take the drug or not (all agreed to the drug). Indeed, part of a standard medical proto-
col is that patients do not know which group they are in during the experiment. In this type of
experiment, we have no selection issue, since there has been no user selection.

Experiments of this sort are also run in economics and are relatively prevalent in the
area of economic development. To give an example, suppose we are interested in the effects
of class size on educational achievement, say test scores. Comparing classes with large and
small enrollments will clearly not be informative. Among other things, it is well known that
classes in more affluent areas have smaller classes than those in poorer areas and that afflu-
ence will bring with it many advantages that likely lift test scores. Instead, one could run an
experiment that randomly assigns students to classes that differ in enrollments and then
later compare test scores for the different groups. If the assignments are truly random, there
are no selection issues.

Although random experiments are common, especially in the medical field, they are not
always possible to carry out. Suppose we are interested in the link between smoking and cancer.
We can, of course, take a large group of mice, randomly divide them into two groups, expose
one but not the other to smoke, and see whether the two groups differ in their cancer incidence.
As long as our sample is reasonably large, we should be able to see a difference in cancer rates if
a causal relationship between smoking and cancer exists. We have done a random experiment
just as we described. Notice how this experiment differs from just comparing cancer rates of
smokers to non-smokers. People who smoke have chosen to smoke and may well have made a
number of other choices that could be unhealthy. As hard as we try to control for those smoker/
nonsmoker differences, our ability to do so is limited.

For the mice there are no choice problems to worry about. But if we find that smoking
causes cancer in mice, it remains to determine whether the same holds for people. Clearly, we
cannot force a randomly chosen group of people to smoke and then see if their cancer rates differ
from that of a control group. For many of the questions economists are interested in, it is difficult
to use random experiments. Randomly exposing groups of people to something that is poten-
tially harmful is unethical and would not pass a human subjects protocol review. Even if we are
looking at interventions that have only potential benefits and no costs, we still face the problem
that the randomly chosen subjects we start out with may decide not to join the study or to leave
the experiment early. If this happens, the groups left will no longer be random. When there is
some discretion among subjects to either take up a treatment offer or to continue in a treatment

over time, selection bias will again potentially creep in to our experiment. What do we do under
these circumstances?
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Consider a university that has admitted 200 at-risk students from households with low
incomes. It has a summer program before college begins to better help prepare such students for
college life. The university wants to know if this program improves a student’s four—year college
performance, say measured by a student’s four-year GPA. How might it proceed?
Assume that the university randomly samples 100 of the 200 at-risk students and invites
them to attend the summer program at no cost. Say 60 accept the offer and take the summer
program. After four years the GPAs of all the 200 students are collected and we learn that the
average GPA of the 60 students who took the program was higher than the average GPA of the
140 students who did not take the course. Could you conclude from this that the program had
a positive effect? No. Once again, we have a selection issue. While the 100 students offered the
program were indeed a random sample, the 60 students who took up the offer were not. Maybe
the 60 were on average less talented than the 40 who refused the offer and felt the need to take
the program, whereas the more talented 40 did not. Or maybe the 60 were on average more seri-
ous students or more organized. However the bias runs, we cannot assume that the 60 students
who accepted are a random sample of the 200 initial students. Here we are not even sure if those
who accept are better or worse than the non-accepters.
But the group of the 100 students initially drawn and invited to join the program was ran-
dom by design. So after four years we can compare the average GPA of the 100 students who
were offered the program to the average GPA of the 100 students who were not. If the program
has a positive effect, the first average GPA should be greater than the second. You might think
this is an odd process for testing the efficacy of the summer program. After all, 40 of the stu-
dents whose scores we are looking at did not take the program! If they did not take the program,
why are they included in the average GPA along with actual program-takers? We include all stu-
dents who were made the program offer in our test sample to avoid selection bias. This proce-
dure, which is also used in medical experiments that have patient drop outs, is called intention  intention to treat A method
to treat. But proceeding this way does have a cost. in which we compare two
Suppose only 10 students of the 100 took up our offer. In this case, we are comparing two ~ groups based on whether they
random groups of students, one of which has no one taking the program and the other with e part of an initially speci-
; E . i : : g fied random sample subjected
10 in the program and 90 not. With so many non-takers, it will be hard to find any gains from "~ sz inelipetocal
the program. If instead all 100 students invited to the program actually enrolled, clearly we
would have more confidence that we could find an effect from the program if any existed. But
whatever the case, we need to compare the performance of the 100 offered students with that
of the 100 non-offered to avoid selection bias. Notice that intention to treat makes it harder
to find results from a treatment and in this sense is a conservative statistical technique. The
Economics in Practice box on page 404 describes an experiment run by the U.S Department
of Housing and Urban Development (HUD) using randomly assigned housing vouchers to
examine the effects of community on household well being. Here the method of intention to
treat is used.

Regression Discontinuity

In many situations economists do not answer their empirical questions with random experi-
ments, but rather try to make inferences from market data, data that come out of the everyday
transactions and choices individuals make. Using market data has a number of advantages:
These data reflect real choices made in everyday life by households. Much of the data are col-
lected as a matter of course by either government or business and so are easily available to
researchers. Carefully designed experiments, on the other hand, are expensive. But the fact that
the data reflect individual choices, done in relatively uncontrolled settings, makes the identifica-
tion of causality especially difficult. There are a number of procedures that researchers have
used to try to make progress in this area.

The United States has more prisoners per capita than any other OECD country,' with roughly
two million incarcerated. Many of those released from prison are re-arrested within a short period
of time. How does what happens while someone is in prison affect the likelihood they will be

! The OECD is the Organisation for Economic Co-operation and Development. It consists largely of developed world countries,
heavily weighted toward Europe.

































