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Cover illustration: The data are from the Intersalt study of the relationship between salt intake and blood
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Preface

David A. Freedman presents in this book the foundations of statis-
tical models and their limitations for causal inference. Examples, drawn
from political science, public policy, law, and epidemiology, are real and
important.

A statistical model is a set of equations that relate observable data to
underlying parameters. The parameters are supposed to characterize the
real world. Formulating a statistical model requires assumptions. Rarely
are those assumptions tested. Indeed, some are untestable in principle, as
Freedman shows in this volume. Assumptions are involved in choosing
which parameters to include, the functional relationship between the data
and the parameters, and how chance enters the model. It is common to
assume that the data are a simple function of one or more parameters, plus
random error. Linear regression is often used to estimate those parame-
ters. More complicated models are increasingly common, but all models
are limited by the validity of the assumptions on which they ride.

Freedman’s observation that statistical models are fragile pervades
this volume. Modeling assumptions—rarely examined or even enunciated
—fail in ways that undermine model-based causal inference. Because of
their unrealistic assumptions, many new techniques constitute not prog-
ress but regress. Freedman advocates instead “shoe leather” methods,
which identify and exploit natural variation to mitigate confounding and
which require intimate subject-matter knowledge to develop appropriate
research designs and eliminate rival explanations.
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Freedman assembled much of this book in the fall of 2008, shortly
before his death. His goal was to offer an integrated presentation of his
views on applied statistics, with case studies from the social and health
sciences, and to encourage discussion of those views. We made some
changes to Freedman’s initial selection of topics to reduce length and
broaden coverage. The text has been lightly edited; in a few cases chapter
titles have been altered. The source is cited on the first page of each chapter
and in the reference list, which has been consolidated at the end. When
available, references to unpublished articles have been updated with the
published versions. To alert the reader, chapter numbers have been added
for citations to Freedman’s works that appear in this book.

Many people deserve acknowledgment for their roles in bringing
these ideas and this book to life, including the original co-authors and
acknowledged reviewers. Colleagues at Berkeley and elsewhere contri-
buted valuable suggestions, and Janet Macher provided astute assis-
tance in editing the manuscript. Donald W. DeLand converted Chapters 3
and 8 into TeX. Josephine Marks also converted files and edited the refer-
ences. Ed Parsons of Cambridge University Press helped shape the project
and moved it to press with amazing speed. Above all, we admire David
Freedman’s tenacity and lucidity during his final days, and we are deeply
grateful for his friendship, collaboration, and tutelage.

David Collier, Jasjeet S. Sekhon, and Philip B. Stark
Berkeley, California
July 2009

Companion website

http://statistics.berkeley.edu/~freedman/Dialogue.htm

Supplementary material, including errata, will be posted to the companion
website.



Editors’ Introduction:
Inference and Shoe Leather

David Collier, Jasjeet S. Sekhon, and Philip B. Stark

Drawing sound causal inferences from observational data is a central
goal in social science. How to do so is controversial. Technical approaches
based on statistical models—graphical models, non-parametric structural
equation models, instrumental variable estimators, hierarchical Bayesian
models, etc.—are proliferating. But David Freedman has long argued that
these methods are not reliable. He demonstrated repeatedly that it can be
better to rely on subject-matter expertise and to exploit natural variation
to mitigate confounding and rule out competing explanations.

When Freedman first enunciated this position decades ago, many
were skeptical. They found it hard to believe that a probabilist and mathe-
matical statistician of his stature would favor “low-tech” approaches. But
the tide is turning. An increasing number of social scientists now agree
that statistical technique cannot substitute for good research design and
subject-matter knowledge. This view is particularly common among those
who understand the mathematics and have on-the-ground experience.

Historically, “shoe-leather epidemiology” is epitomized by intensive,
door-to-door canvassing that wears out investigators’ shoes. In contrast,
advocates of statistical modeling sometimes claim that their methods can
salvage poor research design or low-quality data. Some suggest that their
algorithms are general-purpose inference engines: Put in data, turn the
crank, out come quantitative causal relationships, no knowledge of the
subject required.
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This is tantamount to pulling a rabbit from a hat. Freedman’s con-
servation of rabbits principle says “to pull a rabbit from a hat, a rabbit
must first be placed in the hat.”! In statistical modeling, assumptions put
the rabbit in the hat.

Modeling assumptions are made primarily for mathematical con-
venience, not for verisimilitude. The assumptions can be true or false—
usually false. When the assumptions are true, theorems about the methods
hold. When the assumptions are false, the theorems do not apply. How
well do the methods behave then? When the assumptions are “just a little
wrong,” are the results “‘just a little wrong”? Can the assumptions be tested
empirically? Do they violate common sense?

Freedman asked and answered these questions, again and again. He
showed that scientific problems cannot be solved by “one-size-fits-all”
methods. Rather, they require shoe leather: careful empirical work tailored
to the subject and the research question, informed both by subject-matter
knowledge and statistical principles. Witness his mature perspective:

Causal inferences can be drawn from nonexperimental data.
However, no mechanical rules can be laid down for the activ-
ity. Since Hume, that is almost a truism. Instead, causal in-
ference seems to require an enormous investment of skill, in-
telligence, and hard work. Many convergent lines of evidence
must be developed. Natural variation needs to be identified and
exploited. Data must be collected. Confounders need to be con-
sidered. Alternative explanations have to be exhaustively tested.
Before anything else, the right question needs to be framed.

Naturally, there is a desire to substitute intellectual capital for
labor. That is why investigators try to base causal inference on
statistical models. The technology is relatively easy to use, and
promises to open a wide variety of questions to the research
effort. However, the appearance of methodological rigor can
be deceptive. The models themselves demand critical scrutiny.
Mathematical equations are used to adjust for confounding and
other sources of bias. These equations may appear formidably
precise, but they typically derive from many somewhat arbi-
trary choices. Which variables to enter in the regression? What
functional form to use? What assumptions to make about pa-
rameters and error terms? These choices are seldom dictated
either by data or prior scientific knowledge. That is why judg-
ment is so critical, the opportunity for error so large, and the
number of successful applications so limited.>
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Causal inference from randomized controlled experiments using the
intention-to-treat principle is not controversial—provided the inference
is based on the actual underlying probability model implicit in the ran-
domization. But some scientists ignore the design and instead use regres-
sion to analyze data from randomized experiments. Chapters 12 and 13
show that the result is generally unsound.

Nonexperimental data range from “natural experiments,” where Na-
ture provides data as if from a randomized experiment, to observational
studies where there is not even a comparison between groups. The epitome
of a natural experiment is Snow’s study of cholera, discussed in Chap-
ters 3 and 20. Snow was able to show—by expending an enormous amount
of shoe leather—that Nature had mixed subjects across “treatments” in a
way that was tantamount to a randomized controlled experiment.

To assess how close an observational study is to an experiment re-
quires hard work and subject-matter knowledge. Even without a real or
natural experiment, a scientist with sufficient expertise and field experi-
ence may be able to combine case studies and other observational data to
rule out possible confounders and make sound inferences.

Freedman was convinced by dozens of causal inferences from ob-
servational data—but not hundreds. Chapter 20 gives examples, primarily
from epidemiology, and considers the implications for social science. In
Freedman’s view, the number of sound causal inferences from observa-
tional data in epidemiology and social sciences is limited by the difficulty
of eliminating confounding. Only shoe leather and wisdom can tell good
assumptions from bad ones or rule out confounders without deliberate
randomization and intervention. These resources are scarce.

Researchers who rely on observational data need qualitative and
quantitative evidence, including case studies. They also need to be mind-
ful of statistical principles and alert to anomalies, which can suggest sharp
research questions. No single tool is best: They must find a combination
suited to the particulars of the problem.

Freedman taught students—and researchers—to evaluate the quality
of information and the structure of empirical arguments. He emphasized
critical thinking over technical wizardry. This focus shines through two
influential textbooks. His widely acclaimed undergraduate text, Statis-
tics,? transformed statistical pedagogy. Statistical Models: Theory and
Practice,* written at the advanced undergraduate and graduate level, pre-
sents standard techniques in statistical modeling and explains their short-
comings. These texts illuminate the sometimes tenuous relationship be-
tween statistical theory and scientific applications by taking apart serious
examples.
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The present volume brings together twenty articles by David Freed-
man and co-authors on the foundations of statistics, statistical modeling,
and causal inference in social science, public policy, law, and epidemi-
ology. They show when, why, and by how much statistical modeling is
likely to fail. They show that assumptions are not a good substitute for
subject-matter knowledge and relevant data. They show when qualitative,
shoe-leather approaches may well succeed where modeling will not. And
they point out that in some situations, the only honest answer is, “we can’t
tell from the data available.”

This book is the perfect companion to Statistical Models. It covers
some of the same topics in greater depth and technical detail and provides
more case studies and close analysis of newer and more sophisticated tools
for causal inference. Like all of Freedman’s writing, this compilation is
engaging and a pleasure to read: vivid, clear, and dryly funny. He does
not use mathematics when English will do. Two-thirds of the chapters
are relatively non-mathematical, readily accessible to most readers. The
entire book—except perhaps a few proofs—is within the reach of social
science graduate students who have basic methods training.

Freedman sought to get to the bottom of statistical modeling. He
showed that sanguine faith in statistical models is largely unfounded. Ad-
vocates of modeling have responded by inventing escape routes, attempts
to rescue the models when the underlying assumptions fail. As Part III of
this volume makes clear, there is no exit: The fixes ride on other assump-
tions that are often harder to think about, justify, and test than those they
replace.

This volume will not end the modeling enterprise. As Freedman
wrote, there will always be “a desire to substitute intellectual capital for
labor” by using statistical models to avoid the hard work of examining
problems in their full specificity and complexity. We hope, however, that
readers will find themselves better informed, less credulous, and more
alert to the moment the rabbit is placed in the hat.

Notes

1. See, e.g., Freedman and Humphreys (1999), p. 102.
2. Freedman (2003), p. 19. See also Freedman (1999), pp. 255-56.

3. David Freedman, Robert Pisani, and Roger Purves (2007). Statistics,
4th edn. New York: Norton.

4. David A. Freedman (2009). Statistical Models: Theory and Practice,
rev. edn. New York: Cambridge.
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Foundations and Limitations






1

Issues in the Foundations of Statistics:
Probability and Statistical Models

“Son, no matter how far you travel, or how smart you get, always
remember this: Someday, somewhere, a guy is going to show you
anice brand-new deck of cards on which the seal is never broken,
and this guy is going to offer to bet you that the jack of spades
will jump out of this deck and squirt cider in your ear. But, son,
do not bet him, for as sure as you do you are going to get an ear
full of cider.”

— Damon Runyon1

ABSTRACT. After sketching the conflict between objectivists and sub-
Jectivists on the foundations of statistics, this chapter discusses an issue
facing statisticians of both schools, namely, model validation. Statistical
models originate in the study of games of chance and have been suc-
cessfully applied in the physical and life sciences. However, there are
basic problems in applying the models to social phenomena; some of the
difficulties will be pointed out. Hooke’s law will be contrasted with re-
gression models for salary discrimination, the latter being a fairly typical
application in the social sciences.

Foundations of Science (1995) 1: 19-39. With kind permission from
Springer Science+Business Media.
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1.1 What is probability?

For a contemporary mathematician, probability is easy to define, as a
countably additive set function on a o -field, with a total mass of one. This
definition, perhaps cryptic for non-mathematicians, was introduced by
A. N. Kolmogorov around 1930, and has been extremely convenient for
mathematical work; theorems can be stated with clarity, and proved with
rigor.?

For applied workers, the definition is less useful; countable addi-
tivity and o -fields are not observed in nature. The issue is of a familiar
type—what objects in the world correspond to probabilities? This question
divides statisticians into two camps:

(i) the “objectivist” school, also called the “frequentists,”
(i1) the “subjectivist” school, also called the “Bayesians,” after the
Reverend Thomas Bayes (England, c. 1701-61) (Bayes, 1764).

Other positions have now largely fallen into disfavor; for exam-
ple, there were “fiducial” probabilities introduced by R. A. Fisher (Eng-
land, 1890-1962). Fisher was one of the two great statisticians of the
century; the other, Jerzy Neyman (b. Russia, 1894; d. U.S.A., 1981),
turned to objectivism after a Bayesian start. Indeed, the objectivist po-
sition now seems to be the dominant one in the field, although the sub-
jectivists are still a strong presence. Of course, the names are imperfect
descriptors. Furthermore, statisticians agree amongst themselves about
as well as philosophers; many shades of opinion will be represented in
each school.

1.2 The objectivist position

Objectivists hold that probabilities are inherent properties of the sys-
tems being studied. For a simple example, like the toss of a coin, the idea
seems quite clear at first. You toss the coin, it will land heads or tails, and
the probability of heads is around 50%. A more exact value can be deter-
mined experimentally, by tossing the coin repeatedly and taking the long
run relative frequency of heads. In one such experiment, John Kerrich (a
South African mathematician interned by the Germans during World War
II) tossed a coin 10,000 times and got 5067 heads: The relative frequency
was 5067/10,000 = 50.67%. For an objectivist such as myself, the proba-
bility of Kerrich’s coin landing heads has its own existence, separate from
the data; the latter enable us to estimate the probability, or test hypotheses
concerning it.

The objectivist position exposes one to certain difficulties. As Keynes
said, “In the long run, we are all dead.” Heraclitus (also out of context)
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is even more severe: “You can’t step into the same river twice.” Still, the
tosses of a coin, like the throws of a die and the results of other such chance
processes, do exhibit remarkable statistical regularities. These regularities
can be described, predicted, and analyzed by technical probability theory.
Using Kolmogorov’s axioms (or more primitive definitions), we can con-
struct statistical models that correspond to empirical phenomena; although
verification of the correspondence is not the easiest of tasks.

1.3 The subjectivist position

For the subjectivist, probabilities describe “degrees of belief.” There
are two camps within the subjectivist school, the “classical” and the
“radical.” For a “classical” subjectivist, like Bayes himself or Laplace—
although such historical readings are quite tricky—there are objective
“parameters” which are unknown and to be estimated from the data. (A
parameter is a numerical characteristic of a statistical model for data—
for instance, the probability of a coin landing heads; other examples will
be given below.) Even before data collection, the classical subjectivist
has information about the parameters, expressed in the form of a “prior
probability distribution.”

The crucial distinction between a classical subjectivist and an objec-
tivist: The former will make probability statements about parameters—for
example, in a certain coin-tossing experiment, there is a 25% chance that
the probability of heads exceeds .67. However, objectivists usually do
not find that such statements are meaningful; they view the probability of
heads as an unknown constant, which either is—or is not—bigger than
.67. In replications of the experiment, the probability of heads will always
exceed .67, or never; 25% cannot be relevant. As a technical matter, if
the parameter has a probability distribution given the data, it must have
a “marginal” distribution—that is, a prior. On this point, objectivists and
subjectivists agree; the hold-out was R. A. Fisher, whose fiducial proba-
bilities come into existence only after data collection.

“Radical” subjectivists, like Bruno de Finetti or Jimmie Savage, dif-
fer from classical subjectivists and objectivists; radical subjectivists deny
the very existence of unknown parameters. For such statisticians, proba-
bilities express degrees of belief about observables. You pull a coin out of
your pocket, and—Damon Runyon notwithstanding—they can assign a
probability to the event that it will land heads when you toss it. The braver
ones can even assign a probability to the event that you really will toss the
coin. (These are “prior” probabilities, or “opinions.”) Subjectivists can
also “update” opinions in the light of the data; for example, if the coin is
tossed ten times, landing heads six times and tails four times, what is the
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chance that it will land heads on the eleventh toss? This involves com-
puting a “conditional” probability using Kolmogorov’s calculus, which
applies whether the probabilities are subjective or objective.

Here is an example with a different flavor: What is the chance that
a Republican will be president of the U.S. in the year 2025? For many
subjectivists, this is a meaningful question, which can in principle be an-
swered by introspection. For many objectivists, this question is beyond
the scope of statistical theory. As best I can judge, however, complications
will be found on both sides of the divide. Some subjectivists will not have
quantifiable opinions about remote political events; likewise, there are ob-
jectivists who might develop statistical models for presidential elections,
and compute probabilities on that basis.?

The difference between the radical and classical subjectivists rides
on the distinction between parameters and observables; this distinction
is made by objectivists too and is often quite helpful. (In some cases, of
course, the issue may be rather subtle.) The radical subjectivist denial of
parameters exposes members of this school to some rhetorical awkward-
ness; for example, they are required not to understand the idea of tossing
a coin with an unknown probability of heads. Indeed, if they admit the
coin, they will soon be stuck with all the unknown parameters that were
previously banished.*

1.3.1 Probability and relative frequency

In ordinary language, “probabilities” are not distinguished at all
sharply from empirical percentages— relative frequencies.” In statistics,
the distinction may be more critical. With Kerrich’s coin, the relative fre-
quency of heads in 10,000 tosses, 50.67%, is unlikely to be the exact
probability of heads; but it is unlikely to be very far off. For an example
with a different texture, suppose you see the following sequence of ten
heads and ten tails:

THTHTHTHTHTHTHTHTHTH.

What is the probability that the next observation will be a head? In this
case, relative frequency and probability are quite different.

One more illustration along that line: United Airlines Flight 140
operates daily from San Francisco to Philadelphia. In 192 out of the last
365 days, Flight 140 landed on time. You are going to take this flight
tomorrow. Is your probability of landing on time given by 192/365? For
a radical subjectivist, the question is clear; not so for an objectivist or a
classical subjectivist. Whatever the question really means, 192/365 is the
wrong answer—if you are flying on the Friday before Christmas. This is
Fisher’s “relevant subset” issue; and he seems to have been anticipated
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by von Mises. Of course, if you pick a day at random from the data set,
the chance of getting one with an on-time landing is indeed 192/365; that
would not be controversial. The difficulties come with (i) extrapolation
and (ii) judging the exchangeability of the data, in a useful Bayesian
phrase. Probability is a subtler idea than relative frequency.®

1.3.2 Labels do not settle the issue

Objectivists sometimes argue that they have the advantage, because
science is objective. This is not serious; “objectivist” statistical analysis
must often rely on judgment and experience: Subjective elements come
in. Likewise, subjectivists may tell you that objectivists (i) use “prior
information,” and (ii) are therefore closet Bayesians. Point (i) may be
granted. The issue for (ii) is how prior information enters the analysis, and
whether this information can be quantified or updated the way subjectivists
insist it must be. The real questions are not to be settled on the basis of
labels.

1.4 A critique of the subjectivist position

The subjectivist position seems to be internally consistent, and fairly
immune to logical attack from the outside. Perhaps as a result, scholars of
that school have been quite energetic in pointing out the flaws in the objec-
tivist position. From an applied perspective, however, the subjectivist po-
sition is not free of difficulties either. What are subjective degrees of belief,
where do they come from, and why can they be quantified? No convincing
answers have been produced. At a more practical level, a Bayesian’s opin-
ion may be of great interest to himself, and he is surely free to develop it
in any way that pleases him; but why should the results carry any weight
for others?

To answer the last question, Bayesians often cite theorems showing
“inter-subjective agreement.” Under certain circumstances, as more and
more data become available, two Bayesians will come to agree: The data
swamp the prior. Of course, other theorems show that the prior swamps
the data, even when the size of the data set grows without bounds—
particularly in complex, high-dimensional situations. (For a review, see
Diaconis and Freedman 1986.) Theorems do not settle the issue, especially
for those who are not Bayesians to start with.

My own experience suggests that neither decision-makers nor their
statisticians do in fact have prior probabilities. A large part of Bayesian
statistics is about what you would do if you had a prior.” For the rest, sta-
tisticians make up priors that are mathematically convenient or attractive.
Once used, priors become familiar; therefore, they come to be accepted
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as “natural” and are liable to be used again. Such priors may eventually
generate their own technical literature.

1.4.1 Other arguments for the Bayesian position

Coherence. Well-known theorems, including one by Freedman and
Purves (1969), show that stubborn non-Bayesian behavior has costs. Your
opponents can make a “dutch book,” and extract your last penny—if you
are generous enough to cover all the bets needed to prove the results.”
However, most of us don’t bet at all; even the professionals bet on relatively
few events. Thus, coherence has little practical relevance. (Its rhetorical
power is undeniable—who wants to be incoherent?)

Rationality. It is often urged that to be rational is to be Bayesian. In-
deed, there are elaborate axiom systems about preference orderings, acts,
consequences, and states of nature, whose conclusion is—that you are a
Bayesian. The empirical evidence shows, fairly clearly, that those axioms
do not describe human behavior at all well. The theory is not descriptive;
people do not have stable, coherent prior probabilities.

Now the argument shifts to the “normative”: If you were rational, you
would obey the axioms and be a Bayesian. This, however, assumes what
must be proved. Why would a rational person obey those axioms? The
axioms represent decision problems in schematic and highly stylized
ways. Therefore, as I see it, the theory addresses only limited aspects
of rationality. Some Bayesians have tried to win this argument on the
cheap: To be rational is, by definition, to obey their axioms. (Objectivists
do not always stay on the rhetorical high road either.)

Detailed examination of the flaws in the normative argument is a
complicated task, beyond the scope of the present article. In brief, my
position is this. Many of the axioms, on their own, have considerable
normative force. For example, if I am found to be in violation of the “sure
thing principle,” I would probably reconsider.” On the other hand, taken
as a whole, decision theory seems to have about the same connection to
real decisions as war games do to real wars.

What are the main complications? For some events, I may have a
rough idea of likelihood: One event is very likely, another is unlikely, a
third is uncertain. However, I may not be able to quantify these likeli-
hoods, even to one or two decimal places; and there will be many events
whose probabilities are simply unknown—even if definable.! Likewise,
there are some benefits that can be assessed with reasonable accuracy; oth-
ers can be estimated only to rough orders of magnitude; in some cases,
quantification may not be possible at all. Thus, utilities may be just as
problematic as priors.



FOUNDATIONS OF STATISTICS 9

The theorems that derive probabilities and utilities from axioms
push the difficulties back one step.'! In real examples, the existence of
many states of nature must remain unsuspected. Only some acts can be
contemplated; others are not imaginable until the moment of truth ar-
rives. Of the acts that can be imagined, the decision-maker will have
preferences between some pairs but not others. Too, common knowledge
suggests that consequences are often quite different in the foreseeing and
in the experiencing.

Intransitivity would be an argument for revision, although not a deci-
sive one; for example, a person choosing among several job offers might
well have intransitive preferences, which it would be a mistake to ig-
nore. By way of contrast, an arbitrageur who trades bonds intransitively is
likely to lose a lot of money. (There is an active market in bonds, while the
market in job offers—largely nontransferable—must be rather thin; the
practical details make a difference.) The axioms do not capture the texture
of real decision making. Therefore, the theory has little normative force.

The fallback defense. Some Bayesians will concede much of what
I have said: The axioms are not binding; rational decision-makers may
have neither priors nor utilities. Still, the following sorts of arguments
can be heard. The decision-maker must have some ideas about relative
likelihoods for a few events; a prior probability can be made up to capture
such intuitions, at least in gross outline. The details (for instance, that dis-
tributions are normal) can be chosen on the basis of convenience. A util-
ity function can be put together using similar logic: The decision-maker
must perceive some consequences as very good, and big utility numbers
can be assigned to these; he must perceive some other consequences as
trivial, and small utilities can be assigned to those; and in between is in
between. The Bayesian engine can now be put to work, using such ap-
proximate priors and utilities. Even with these fairly crude approxima-
tions, Bayesian analysis is held to dominate other forms of inference:
That is the fallback defense.

Here is my reaction to such arguments. Approximate Bayesian anal-
ysis may in principle be useful. That this mode of analysis dominates
other forms of inference, however, seems quite debatable. In a statistical
decision problem, where the model and loss function are given, Bayes
procedures are often hard to beat, as are objectivist likelihood proce-
dures; with many of the familiar textbook models, objectivist and subjec-
tivist procedures should give similar results if the data set is large. There
are sharp mathematical theorems to back up such statements.'> On the
other hand, in real problems—where models and loss functions are mere
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approximations—the optimality of Bayes procedures cannot be a mathe-
matical proposition. And empirical proof is conspicuously absent.

If we could quantify breakdowns in model assumptions, or degrees
of error in approximate priors and loss functions, the balance of argument
might shift considerably. The rhetoric of “robustness” may suggest that
such error analyses are routine. This is hardly the case even for the mod-
els. For priors and utilities, the position is even worse, since the entities
being approximated do not have any independent existence—outside the
Bayesian framework that has been imposed on the problem.

De Finetti’s theorem. Suppose you are a radical subjectivist, watch-
ing a sequence of 0’s and 1’s. In your prior opinion, this sequence is
exchangeable: Permuting the order of the variables will not change your
opinion about them. A beautiful theorem of de Finetti’s asserts that your
opinion can be represented as coin tossing, the probability of heads being
selected at random from a suitable prior distribution. This theorem is of-
ten said to “explain” subjective or objective probabilities, or justify one
system in terms of the other.!3

Such claims cannot be right. What the theorem does is this: It en-
ables the subjectivist to discover features of his prior by mathematical
proof, rather than introspection. For example, suppose you have an ex-
changeable prior about those 0’s and 1’s. Before data collection starts, de
Finetti will prove to you by pure mathematics that in your own opinion
the relative frequency of 1’s among the first n observations will almost
surely converge to a limit as n — oo. (Of course, the theorem has other
consequences too, but all have the same logical texture.)

This notion of “almost surely,” and the limiting relative frequency,
are features of your opinion not of any external reality. (“Almost surely”
means with probability 1, and the probability in question is your prior.)
Indeed, if you had not noticed these consequences of your prior by intro-
spection, and now do not like them, you are free to revise your opinion—
which will have no impact outside your head. What the theorem does is
to show how various aspects of your prior opinion are related to each
other. That is all the theorem can do, because the conditions of the the-
orem are conditions on the prior alone.

To illustrate the difficulty, I cite an old friend rather than making a
new enemy. According to Jeffrey (1983, p. 199), de Finetti’s result proves
“your subjective probability measure [is] a certain mixture or weighted
average of the various possible objective probability measures”—an un-
usually clear statement of the interpretation that I deny. Each of Jeffrey’s
“objective” probability measures governs the tosses of a p-coin, where p
is your limiting relative frequency of 1’s. (Of course, p has a probability
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distribution of its own, in your opinion.) Thus, p is a feature of your
opinion, not of the real world: The mixands in de Finetti’s theorem are
“objective” only by terminological courtesy. In short, the “p-coins” that
come out of de Finetti’s theorem are just as subjective as the prior that
went 1n.

1.4.2 To sum up

The theory—as developed by Ramsey, von Neumann and Morgen-
stern, de Finetti, and Savage, among others—is great work. They solved
an important historical problem of interest to economists, mathemati-
cians, statisticians, and philosophers alike. On a more practical level, the
language of subjective probability is evocative. Some investigators find
the consistency of Bayesian statistics to be a useful discipline; for some
(including me), the Bayesian approach can suggest statistical procedures
whose behavior is worth investigating. But the theory is not a complete
account of rationality, or even close. Nor is it the prescribed solution for
any large number of problems in applied statistics, at least as I see matters.

1.5 Statistical models

Of course, statistical models are applied not only to coin tossing
but also to more complex systems. For example, “regression models” are
widely used in the social sciences, as indicated below; such applications
raise serious epistemological questions. (This idea will be developed from
an objectivist perspective, but similar issues are felt in the other camp.)

The problem is not purely academic. The census suffers an under-
count, more severe in some places than others; if certain statistical mod-
els are to be believed, the undercount can be corrected—moving seats
in Congress and millions of dollars a year in entitlement funds (Survey
Methodology (1992) 18(1); Jurimetrics (1993) 34(1); Statistical Science
(1994) 9(4). If yet other statistical models are to be believed, the veil of
secrecy can be lifted from the ballot box, enabling the experts to deter-
mine how racial or ethnic groups have voted—a crucial step in litigation
to enforce minority voting rights (Evaluation Review, (1991) 1(6); Klein
and Freedman, 1993).

1.5.1 Examples

Here, I begin with a noncontroversial example from physics, namely,
Hooke’s law: Strain is proportional to stress. We will have some number
n of observations. For the ith observation, indicated by the subscript i,
we hang weight; on a spring. The length of the spring is measured as
length;. The regression model says that'4

(1) length, = a 4+ b x weight; + ¢;.
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The “error” term ¢; is needed because length; will not be exactly equal
to a + b x weight;. If nothing else, measurement error must be reck-
oned with. We model ¢; as a sequence of draws, made at random with
replacement from a box of tickets; each ticket shows a potential error—
the ¢; that will be realized if that ticket is the ith one drawn. The average
of all the potential errors in the box is assumed to be 0. In more standard
terminology, the ¢; are assumed to be “independent and identically dis-
tributed, with mean 0.” Such assumptions can present difficult scientific
issues, because error terms are not observable.

In equation (1), a and b are parameters, unknown constants of nature
that characterize the spring: a is the length of the spring under no load, and
b is stretchiness—the increase in length per unit increase in weight. These
parameters are not observable, but they can be estimated by “the method
of least squares,” developed by Adrien-Marie Legendre (France, 1752—
1833) and Carl Friedrich Gauss (Germany, 1777-1855) to fit astronomi-
cal orbits. Basically, you choose the values of a and b to minimize the
sum of the squared “prediction errors,” ) ", e;%, where ¢; is the prediction
error for the ith observation: !

2) e; = length; —a — b x weight;.

These prediction errors are often called “residuals”: They measure the
difference between the actual length and the predicted length, the latter
being & — b x weight.

No one really imagines there to be a box of tickets hidden in the
spring. However, the variability of physical measurements (under many
but by no means all circumstances) does seem to be remarkably like the
variability in draws from a box. This is Gauss’ model for measurement
error. In short, statistical models can be constructed that correspond rather
closely to empirical phenomena.

I turn now to social-science applications. A case study would take us
too far afield, but a stylized example—regression analysis used to demon-
strate sex discrimination in salaries (adapted from Kaye and Freedman,
2000)—may give the idea. We use a regression model to predict salaries
(dollars per year) of employees in a firm from:

¢ education (years of schooling completed),
e experience (years with the firm),
¢ the dummy variable “man,” which takes the value 1 for men and
0 for women.
Employees are indexed by the subscript i ; for example, salary; is the salary
of the ith employee. The equation is'®

(3) salary; = a + b x education; + ¢ x experience; + d X man; + ;.
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Equation (3) is a statistical model for the data, with unknown param-
eters a, b, c, d; here, a is the “intercept” and the others are “regression
coefficients”; €; is an unobservable error term. This is a formal analog of
Hooke’s law (1); the same assumptions are made about the errors. In other
words, an employee’s salary is determined as if by computing

4) a + b x education + ¢ x experience + d X man,

then adding an error drawn at random from a box of tickets. The display
(4) is the expected value for salary given the explanatory variables (edu-
cation, experience, man); the error term in (3) represents deviations from
the expected.

The parameters in (3) are estimated from the data using least squares.
If the estimated coefficient d for the dummy variable turns out to be
positive and “statistically significant” (by a “¢-test”), that would be taken
as evidence of disparate impact: Men earn more than women, even after
adjusting for differences in background factors that might affect produc-
tivity. Education and experience are entered into equation (3) as “statistical
controls,” precisely in order to claim that adjustment has been made for
differences in backgrounds.

Suppose the estimated equation turns out as follows:

(5) predicted salary = $7100 + $1300 x education
+ $2200 x experience + $700 x man.

That is, a = $7100, b= $1300, and so forth. According to equation (5),
every extra year of education is worth on average $1300; similarly, every
extra year of experience is worth on average $2200; and, most important,
men get a premium of $700 over women with the same education and
experience, on average.

An example will illustrate (5). A male employee with twelve years
of education (high school) and ten years of experience would have a
predicted salary of

(6) $7100 4+ $1300 x 12 4 $2200 x 10 4 $700 x 1
= $7100 + $15,600 + $22,000 + $700
= $45,400.

A similarly situated female employee has a predicted salary of only

@) $7100 + $1300 x 12 + $2200 x 10 4 $700 x 0
= $7100 + $15,600 + $22,000 + $0
= $44,700.
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Notice the impact of the dummy variable: $700 is added to (6), but not
to (7).

A major step in the argument is establishing that the estimated coef-
ficient of the dummy variable in (3) is “statistically significant.” This step
turns out to depend on the statistical assumptions built into the model. For
instance, each extra year of education is assumed to be worth the same (on
average) across all levels of experience, both for men and women. Simi-
larly, each extra year of experience is worth the same across all levels of
education, both for men and women. Furthermore, the premium paid to
men does not depend systematically on education or experience. Ability,
quality of education, or quality of experience are assumed not to make
any systematic difference to the predictions of the model.

The story about the error term—that the €’s are independent and
identically distributed from person to person in the data set—turns out
to be critical for computing statistical significance. Discrimination can-
not be proved by regression modeling unless statistical significance can
be established, and statistical significance cannot be established unless
conventional presuppositions are made about unobservable error terms.

Lurking behind the typical regression model will be found a host of
such assumptions; without them, legitimate inferences cannot be drawn
from the model. There are statistical procedures for testing some of these
assumptions. However, the tests often lack the power to detect substantial
failures. Furthermore, model testing may become circular; breakdowns in
assumptions are detected, and the model is redefined to accommodate. In
short, hiding the problems can become a major goal of model building.

Using models to make predictions of the future, or the results of
interventions, would be a valuable corrective. Testing the model on a va-
riety of data sets—rather than fitting refinements over and over again to
the same data set—might be a good second-best (Ehrenberg and Bound
1993). With Hooke’s law (1), the model makes predictions that are rela-
tively easy to test experimentally. For the salary discrimination model (3),
validation seems much more difficult. Thus, built into the equation is a
model for nondiscriminatory behavior: The coefficient d vanishes. If the
company discriminates, that part of the model cannot be validated at all.

Regression models like (3) are widely used by social scientists to
make causal inferences; such models are now almost a routine way of
demonstrating counterfactuals. However, the “demonstrations” generally
turn out to depend on a series of untested, even unarticulated, technical
assumptions. Under the circumstances, reliance on model outputs may be
quite unjustified. Making the ideas of validation somewhat more precise
is a serious problem in the philosophy of science. That models should
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correspond to reality is, after all, a useful but not totally straightforward
idea—with some history to it. Developing appropriate models is a serious
problem in statistics; testing the connection to the phenomena is even more
serious.!”

1.5.2 Standard errors, t-statistics, and statistical significance

The “standard error” of d measures the likely difference between d
and d, due to the action of the error terms in equation (3). The “¢-statistic”
is d divided by its standard error. Under the “null hypothesis” that d = 0,
there is only about a 5% chance that |¢| > 2. Such a large value of t would
demonstrate “statistical significance.” Of course, the parameter d is only a
construct in a model. If the model is wrong, the standard error, #-statistic,
and significance level are rather difficult to interpret.

Even if the model is granted, there is a further issue: The 5% is a
probability for the data given the model, namely, P{|t| > 2]||d = 0}.
However, the 5% is often misinterpreted as P{d = 0O|data}. Indeed, this
misinterpretation is a commonplace in the social-science literature, and
seems to have been picked up by the courts from expert testimony. '8
For an objectivist, P{d = 0|data} makes no sense: Parameters do not
exhibit chance variation. For a subjectivist, P{d = 0O|data} makes good
sense, but its computation via the 7-test is grossly wrong, because the
prior probability that d = 0 has not been taken into account: The cal-
culation exemplifies the “base rate fallacy.”

The single vertical bar “|” is standard notation for conditional prob-
ability. The double vertical bar “||” is not standard; Bayesians might want
to read this as a conditional probability; for an objectivist, ““||” is intended
to mean “computed on the assumption that. . ..”

1.5.3 Statistical models and the problem of induction

How do we learn from experience? What makes us think that the
future will be like the past? With contemporary modeling techniques,
such questions are easily answered—in form if not in substance.

¢ The objectivist invents a regression model for the data, and assumes
the error terms to be independent and identically distributed; “IID” is
the conventional abbreviation. It is this assumption of IID-ness that
enables us to predict data we have not seen from a training sample—
without doing the hard work of validating the model.

e The classical subjectivist invents a regression model for the data, as-
sumes IID errors, and then makes up a prior for unknown parameters.
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e The radical subjectivist adopts a prior that is exchangeable or par-
tially exchangeable, and calls you irrational or incoherent (or both)
for not following suit.

In our days, serious arguments have been made from data. Beautiful,
delicate theorems have been proved, although the connection with data
analysis often remains to be established. And an enormous amount of
fiction has been produced, masquerading as rigorous science.

1.6 Conclusions

I have sketched two main positions in contemporary statistics, objec-
tivist and subjectivist, and tried to indicate the difficulties. Some questions
confront statisticians from both camps. How do statistical models connect
with reality? What areas lend themselves to investigation by statistical
modeling? When are such investigations likely to be sterile?

These questions have philosophical components as well as technical
ones. I believe model validation to be a central issue. Of course, many
of my colleagues will be found to disagree. For them, fitting models to
data, computing standard errors, and performing significance tests is “in-
formative,” even though the basic statistical assumptions (linearity, inde-
pendence of errors, etc.) cannot be validated. This position seems inde-
fensible, nor are the consequences trivial. Perhaps it is time to reconsider.

Notes

1. From “The Idyll of Miss Sarah Brown,” Collier’s Magazine, 1933.
Reprinted in Guys and Dolls: The Stories of Damon Runyon. Penguin
Books, New York, 199 pp. 14-26. The quote is edited slightly, for conti-
nuity.

2. This note will give a compact statement of Kolmogorov’s axioms. Let
2 be a set. By definition, a o-field F is a collection of subsets of €2, which
has  itself as a member. Furthermore,

(i) F is closed under complementation (if A € # then A¢ € F),
and

(i) F isclosed under the formation of countable unions (if A; € ¥
fori =1,2,...,then; A; € ).

A probability P is a non-negative, real-valued function on ¥ such
that P(€2) = 1 and P is “countably additive”: If A; € ¥ fori = 1,2, ...,
and the sets are pairwise disjoint, in the sense that A; N A; = O fori # j,
then P(|J; Ai) = )_; P(A;). A random variable X is an #-measurable
function on Q2. Informally, probabilists might say that Nature chooses
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w €  according to P, and shows you X (w); the latter would be the
“observed value” of X.

3. Models will be discussed in Section 1.5. Those for presidential elections
may not be compelling. For genetics, however, chance models are well
established; and many statistical calculations are therefore on a secure
footing. Much controversy remains, for example, in the area of DNA
identification (Jurimetrics (1993) 34(1)).

4. The distinction between classical and radical subjectivists made here
is not often discussed in the statistical literature; the terminology is not
standard. See, for instance, Diaconis and Freedman (1980a), Efron (1986),
and Jeffrey (1983, section 12.6).

5. Some readers may say to themselves that here, probability is just the
relative frequency of transitions. However, a similar but slightly more
complicated example can be rigged up for transition counts. An infinite
regress lies just ahead. My point is only this: Relative frequencies are
not probabilities. Of course, if circumstances are favorable, the two are
strongly connected—that is one reason why chance models are useful for
applied work.

6. To illustrate the objectivist way of handling probabilities and relative
frequencies, I consider repeated tosses of a fair coin: The probability
of heads is 50%. In a sequence of 10,000 tosses, the chance of getting
between 49% and 51% heads is about 95%. In replications of this (large)
experiment, about 95% of the time, there will be between 49% and 51%
heads. On each replication, however, the probability of heads stays the
same—namely, 50%.

The strong law of large numbers provides another illustration. Con-
sider n repeated tosses of a fair coin. With probability 1, as n — oo, the
relative frequency of heads in the first n tosses eventually gets trapped
inside the interval from 49% to 51%; ditto, for the interval from 49.9% to
50.1%; ditto, for the interval from 49.99% to 50.01%; and so forth. No
matter what the relative frequency of heads happens to be at any given
moment, the probability of heads stays the same—namely, 50%. Prob-
ability is not relative frequency.

7. Similarly, a large part of objectivist statistics is about what you would
do if you had a model; and all of us spend enormous amounts of energy
finding out what would happen if the data kept pouring in. I wish we
could learn to look at the data more directly, without the fictional models
and priors. On the same wish-list: We should stop pretending to fix bad
designs and inadequate measurements by modeling.
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8. A “dutch book” is a collection of bets on various events such that the
bettor makes money, no matter what the outcome.

9. According to the “sure thing principle,” if I prefer A to B given that C
occurs, and I also prefer A to B given that C does not occur, I must prefer
A to B when I am in doubt as to the occurrence of C.

10. Although one-sentence concessions in a book are not binding, Sav-
age (1972 [1954], p. 59) does say that his theory “is a code of consis-
tency for the person applying it, not a system of predictions about the
world”; and personal probabilities can be known “only roughly.” Another
comment on this book may be in order. According to Savage (1972 [1954],
pp. 61-62), “on no ordinary objectivistic view would it be meaningful,
let alone true, to say that on the basis of the available evidence it is very
improbable, though not impossible, that France will become a monarchy
within the next decade.” As anthropology of science, this seems wrong. |
make qualitative statements about likelihoods and possibilities, and expect
to be understood; I find such statements meaningful when others make
them. Only the quantification seems problematic. What would it mean to
say that P(France will become a monarchy) = .0032? Many objectivists
of my acquaintance share such views, although caution is in order when
extrapolating from such a sample of convenience.

11. The argument in the text is addressed to readers who have some famil-
iarity with the axioms. This note gives a very brief review; Kreps (1988)
has a chatty and sympathetic discussion (although some of the details are
not quite in focus); Le Cam (1977) is more technical and critical; the ar-
guments are crisp. In the axiomatic setup, there is a space of “states of
nature,” like the possible orders in which horses finish a race. There is an-
other space of “consequences”’; these can be pecuniary or non-pecuniary
(win $1000, lose $5000, win a weekend in Philadelphia, etc.). Mathemat-
ically, an “act” is a function whose domain is the space of states of nature
and whose values are consequences. You have to choose an act: That is
the decision problem. Informally, if you choose the act f, and the state of
nature happens to be s, you enjoy (or suffer) the consequence f (s). For
example, if you bet on those horses, the payoff depends on the order in
which they finish: The bet is an act, and the consequence depends on the
state of nature. The set of possible states of nature, the set of possible con-
sequences, and the set of possible acts are all viewed as fixed and known.
You are supposed to have a transitive preference ordering on the acts, not
just the consequences. The sure thing principle is an axiom in Savage’s
setup.

12. Wald’s idea of a statistical decision problem can be sketched as
follows. There is an unobservable parameter 6. Corresponding to each
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0, there is a known probability distribution Py for an observable ran-
dom quantity X. (This family of probability distributions is a “statisti-
cal model” for X, with parameter 6.) There is a set of possible “deci-
sions”; there is a “loss function” L(d, 8) which tells you how much is lost
by making the decision d when the parameter is really 6. (For example, d
might be an estimate of 6, and loss might be squared error.) You have to
choose a “decision rule,” which is a mapping from observed values of X
to decisions. Your objective is to minimize “risk,” that is, expected loss.

A comparison with the setup in note 11 may be useful. The “state
of nature” seems to consist of the observable value of X, together with
the unobservable value 6 of the parameter. The “consequences” are the
decisions, and “acts” are decision rules. (The conflict in terminology is
regrettable, but there is no going back.) The utility function is replaced
by L, which is given but depends on 6 as well as d.

The risk of a Bayes’ procedure cannot be reduced for all values of 9;
any “admissible” procedure is a limit of Bayes’ procedures (“‘the complete
class theorem”). The maximum-likelihood estimator is “efficient”; and its
sampling distribution is close to the posterior distribution of 6 by the
“Bernstein—von Mises theorem,” which is actually due to Laplace. More
or less stringent regularity conditions must be imposed to prove any of
these results, and some of the theorems must be read rather literally;
Stein’s paradox and Bahadur’s example should at least be mentioned.

Standard monographs and texts include Berger (1985), Berger and
Wolpert (1988), Bickel and Doksum (1977), Casella and Berger (1990),
Ferguson (1967), Le Cam (1986), Lehmann and Casella (2003), Lehmann
and Romano (2005), and Rao (1973). The Bernstein—von Mises theorem
is discussed in Le Cam and Yang (1990) and Prakasa Rao (1987). Of
course, in many contexts, Bayes procedures and frequentist procedures
will go in opposite directions; for a review, see Diaconis and Freedman
(1986). These references are all fairly technical.

13. Diaconis and Freedman (1980a,b; 1981) review the issues and the
mathematics. The first-cited paper is relatively informal; the second gives
a version of de Finetti’s theorem applicable to a finite number of observa-
tions, with bounds; the last gives a fairly general mathematical treatment
of partial exchangeability, with numerous examples, and is more tech-
nical. More recent work is described in Diaconis and Freedman (1988,
1990).

The usual hyperbole can be sampled in Kreps (1988, p. 145): de
Finetti’s theorem is “the fundamental theorem of statistical inference—
the theorem that from a subjectivist point of view makes sense out of most
statistical procedures.” This interpretation of the theorem fails to distin-



20 I. STATISTICAL MODELING: FOUNDATIONS AND LIMITATIONS

guish between what is assumed and what is proved. It is the assumption
of exchangeability that enables you to predict the future from the past,
at least to your own satisfaction—not the conclusions of the theorem or
the elegance of the proof. Also see Section 1.5. If you pretend to have an
exchangeable prior, the statistical world is your oyster, de Finetti or no de
Finetti.

14. The equation holds for quite a large range of weights. With large
enough weights, a quadratic term will be needed in equation (1). More-
over, beyond some point, the spring passes its “elastic limit” and snaps.
The law is named after Robert Hooke, England, 1653—-1703.

15. The residual e; is observable, but is only an approximation to the
disturbance term ¢; in (1); that is because the estimates a and b are only
approximations to the parameters a and b.

16. Such equations are suggested, somewhat loosely, by “human capital
theory.” However, there remains considerable uncertainty about which
variables to put into the equation, what functional form to assume, and
how error terms are supposed to behave. Adding more variables is no
panacea: Freedman (1983) and Clogg and Haritou (1997).

17. For more discussion in the context of real examples, with citations
to the literature of model validation, see Freedman (1985, 1987, 1991
[Chapter 3], 1997). Many recent issues of Sociological Methodology
have essays on this topic. Also see Oakes (1990), who discusses mod-
eling issues, significance tests, and the objectivist-subjectivist divide.

18. Some legal citations may be of interest (Kaye and Freedman 2000):
Waisome v. Port Authority, 948 F.2d 1370, 1376 (2d Cir. 1991) (“Social
scientists consider a finding of two standard deviations significant, mean-
ing there is about 1 chance in 20 that the explanation for a deviation could
be random”); Rivera v. City of Wichita Falls, 665 F.2d 531, 545 n.22 (5th
Cir. 1982) (“A variation of two standard deviations would indicate that the
probability of the observed outcome occurring purely by chance would
be approximately five out of 100; that is, it could be said with a 95%
certainty that the outcome was not merely a fluke.”); Vuyanich v. Republic
Nat’l Bank, 505 F. Supp. 22 271 (N.D. Tex. 1980), vacated and remanded,
723 F.2d 1195 (5th Cir. 1984) (“if a 5% level of significance is used, a
sufficiently large z-statistic for the coefficient indicates that the chances
are less than one in 20 that the true coefficient is actually zero.”).

An example from the underlying technical literature may also be
of interest. According to (Fisher 1980, p. 717), “in large samples, a
t-statistic of approximately two means that the chances are less than
one in twenty that the true coefficient is actually zero and that we are



FOUNDATIONS OF STATISTICS 21

observing a larger coefficient just by chance. ... A z-statistic of approx-
imately two and one half means the chances are only one in one hundred
that the true coefficient is zero....” No. If the true coefficient is zero,
there is only one chance in one hundred that |¢| > 2.5. (Frank Fisher
is a well-known econometrician who often testifies as an expert witness,
although I do not believe he figures in any of the cases cited above.)
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Statistical Assumptions
as Empirical Commitments

With Richard A. Berk

ABSTRACT. Statistical inference with convenience samples is a risky
business. Technical issues and substantive issues overlap. No amount of
statistical maneuvering can get very far without deep understanding of
how the data were generated. Empirical generalizations from a single data
set should be viewed with suspicion. Rather than ask what would happen
in principle if the study were repeated, it is better to repeat the study—
as is standard in physical science. Indeed, it is generally impossible to
predictvariability across replications of an experiment without replicating
the experiment, just as it is generally impossible to predict the effect of
intervention without actually intervening.

2.1 Introduction

Researchers who study punishment and social control, like those who
study other social phenomena, typically seek to generalize their findings
from the data they have to some larger context: In statistical jargon, they

Law, Punishment, and Social Control: Essays in Honor of Sheldon Mes-
singer (2005) 2nd edn. T. G. Blomberg and S. Cohen, eds. Aldine de
Gruyter, pp. 235-54. Copyright (©) 2003 by Aldine Publishers. Reprinted
by permission of AldineTransaction, a division of Transaction Publishers.
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generalize from a sample to a population. Generalizations are one impor-
tant product of empirical inquiry. Of course, the process by which the data
are selected introduces uncertainty. Indeed, any given data set is but one
of many that could have been studied. If the data set had been different,
the statistical summaries would have been different, and so would the
conclusions, at least by a little.

How do we calibrate the uncertainty introduced by data collection?
Nowadays, this question has become quite salient, and it is routinely
answered using well-known methods of statistical inference, with stan-
dard errors, ¢-tests, and P-values, culminating in the “tabular asterisks” of
Meehl (1978). These conventional answers, however, turn out to depend
critically on certain rather restrictive assumptions, for instance, random
sampling.!

When the data are generated by random sampling from a clearly de-
fined population, and when the goal is to estimate population parameters
from sample statistics, statistical inference can be relatively straightfor-
ward. The usual textbook formulas apply; tests of statistical significance
and confidence intervals follow.

If the random-sampling assumptions do not apply, or the parameters
are not clearly defined, or the inferences are to a population that is only
vaguely defined, the calibration of uncertainty offered by contemporary
statistical technique is in turn rather questionable.?

Thus, investigators who use conventional statistical technique turn
out to be making, explicitly or implicitly, quite restrictive behavioral as-
sumptions about their data collection process. By using apparently famil-
iar arithmetic, they have made substantial empirical commitments; the
research enterprise may be distorted by statistical technique, not helped.
At least, that is our thesis, which we will develop in the pages that follow.

Random sampling is hardly universal in contemporary studies of
punishment and social control. More typically, perhaps, the data in hand
are simply the data most readily available (e.g., Gross and Mauro 1989;
MacKenzie 1991; Nagin and Paternoster 1993; Berk and Campbell 1993;
Phillips and Grattet 2000; White 2000). For instance, information on the
use of prison “good time” may come from one prison in a certain state.
Records on police use of force may be available only for encounters in
which a suspect requires medical attention. Prosecutors’ charging deci-
sions may be documented only after the resolution of a lawsuit.

“Convenience samples” of this sort are not random samples. Still,
researchers may quite properly be worried about replicability. The gen-



