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1 Introduction

Philosophy of econometrics is concerned with the systematic (meta-)study of general
principles, strategies and philosophical presuppositions that underlie empirical mod-
eling with a view to evaluate their effectiveness in achieving the primary objective of
‘learning from data’ about economic phenomena of interest. In philosophical jargon
it is a core area of the philosophy of economics, which is concerned primarily with
epistemological and metaphysical issues pertaining to the empirical foundations of
economics. In particular, it pertains to methodological issues having to do with the
effectiveness of methods and procedures used in empirical inquiry, as well as ontolog-
ical issues concerned with the worldview of the econometrician. Applied econometri-
cians, grappling with the complexity of bridging the gap between theory and data,
face numerous philosophical/methodological issues pertaining to statistical/empirical
inference/modeling in their endeavors to transform noisy and incomplete data into
reliable evidence for or against a hypothesis or a theory.
The main aim of this paper is to attempt a demarcation of the intended scope of a

philosophy of econometrics with a view to integrate its subject matter into the broader
philosophy of science discourses. An important objective is to bring out the poten-
tial value of a bidirectional relationship between philosophy of science and applied
fields in the social sciences. Econometrics can benefit from the broader philosophical
discussions on ‘learning from data’, and philosophy of science can enrich its perspec-
tive by paying more attention to the empirical modeling practices in disciplines like
econometrics.
The philosophy of econometrics, as an integral part of economic modeling, is cur-

rently at its infancy, with most econometricians being highly sceptical about the
value of philosophical/methodological discussions in empirical modeling. The focus
in the econometric literature since the early 1960s has been primarily on technical
issues concerned with extending estimation and testing propositions (asymptotically
‘optimal’) associated with the Classical Linear Regression (CLR) model in a number
of directions. These modifications/extensions are motivated primarily by (a) inher-
ent problems such as endogeneity/simultaneity, heterogeneity, heteroskedasticity and
non-linearity, and (b) different types of data (time series, cross-section and panel);
see Greene (2000).
Discussions of econometric methodology have been primarily ‘local’ affairs (see

Gilbert, 1988, Granger, 1990, Hendry et al, 1990, Hendry, 1993, Leamer 1988, Pagan,
1987, Spanos, 1988, 1989), where no concerted effort was made to integrate the discus-
sions into the broader philosophy of science discussions concerning empirical model-
ing; some notable recent exceptions are Hoover (2002, 2006), Keuzenkamp (2001) and
Stigum (2003). In certain respects, other social sciences, such as psychology, sociology
or even political science have been more cognizant of philosophical/methodological is-
sues pertaining to statistical inference and modeling; see Morrison and Henkel (1970),
Lieberman (1971) and Harlow et al (1997).
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The methodology of economics literature, although extensive, so far has focused
primarily on issues such as the status of economic assumptions, the structure of
economic theories, falsification vs. verification, Kuhnian paradigms vs. Lakatosian
research programs, the sociology of scientific knowledge, realism vs. instrumentalism,
‘post-modernist’ philosophy, etc.; see Backhouse (1994), Blaug (1992), Davis et all
(1998), Maki (2001, 2002) and Redman (1991). Even in methodological discussions
concerning the relationship between economic theories and economic reality, econo-
metrics is invariably neglected (Caldwell, 1994, p. 216) or misrepresented (Lawson,
1997). Indeed, one can make a case that, by ignoring the philosophical issues per-
taining to empirical modeling, the literature on economic methodology has painted a
rather lopsided picture of the relevance of the current philosophy of science in availing
philosophical/methodological problems frustrating economics in its efforts to achieve
the status of an empirical science. When assessing the current state of philosophy
of science and its value for economic methodology Hands (2001) argued that phi-
losophy of science is "currently in disarray on almost every substantive issue" and
provides "no reliable tool for discussing the relationship between economics and sci-
entific knowledge." (p. 6). I consider such admonitions unhelpful and believe that
parts of current philosophy of science focusing on ‘learning from data’ (see Chalmers,
1999, Hacking, 1983, Mayo, 1996) have a lot to contribute toward redeeming the
credibility of economics as an empirical science.
The current empirical foundations of economics render Popper’s (1959) picturesque

metaphor of "piles in a swamp" seem charitable, because a closer look at the published
empirical evidence over the last century reveals heaps of untrustworthy estimates and
test results which (a) provide a tenuous, if any, connection between economic theory
and observable economic phenomena, and (b) facilitate no veritable learning from
data; see Spanos (2006a). This state of affairs has played an important role in the
decision concerning to choice of themes to be discussed in this paper.
In section 2, a simple empirical example is used to bring out the diversity and

multiplicity of philosophical/methodological issues raised by such modeling attempts
in applied econometrics. To set the scene for the discussion that follows several philo-
sophical/methodological issues raised by the current textbook approach to econo-
metrics are highlighted. Section 3 attempts to provide a summary of 20th century
philosophy of science focusing primarily on aspects of that literature that pertain
to empirical modeling. Section 4 discusses the philosophical foundations of statis-
tical inference paying particular attention to the form and structure of statistical
induction as envisioned by Fisher, Neyman and Pearson during the first half of the
20th century, and discusses some of the philosophical/methodological issues that have
confounded statistical testing since the late 1930s. A modification/extension of the
Fisher-Neyman-Pearson approach to statistical induction, known as error-statistics,
is briefly discussed in section 5 in an attempt to show how it can be used to address
some of the inveterate philosophical/methodological mentioned in section 4. The
error-statistical approach is then used in section 6 to reflect briefly on certain impor-
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tant problems in philosophy of science, such as curve-fitting and Duhem’s problem.
The same error-statistical perspective is used in section 7 to shed new light on a num-
ber of philosophical/methodological problems in econometrics pertaining to certain
‘error-fixing’ strategies practiced by textbook econometrics.

2 What philosophical/methodological issues?

To get some idea as to the kind of philosophical/methodological issues raised by
empirical modeling in economics, let us consider the following basic question:
When do data z0 provide evidence for or against a hypothesis or a theory H?

In econometric modeling it is often insufficiently realized how many different philo-
sophical/methodological issues such a question raises, or how difficult it is to give a
satisfactory answer. To bring out some of these issues let us revisit Moore’s (1914)
estimated ‘statistical demand’ curve for corn:

yt =7.219
(2.175)

− 0.699
(.083)

xt + but, R2=.622, s=14.447, n=45, (1)

based on annual observations for the period 1866-1911, where xt=
100(pt−pt−1)

pt
and

yt=
100(qt−qt−1)

qt
, pt− average price per bushel, qt− production in bushels; standard

errors in brackets; ibid. pp. 62-88.
Can one consider the empirical results in (1) as providing confirmatory evidence

for the ‘demand schedule’:

QD = β0 + β1P, β0 > 0, β1 < 0, (2)

in its simplest form? Taking the empirical results in (1) at face value, the estimates:
(i) indicate statistically significant coefficients:

τ(bβ0)=7.219
2.175

=3.319⇒ β0 6=0, τ(bβ1)= .699
.083
=8.422⇒ β1 6=0, (3)

(ii) have the "correct" signs (bβ0 > 0, bβ1 < 0), and
(iii) and the goodness-of-fit is reasonably high (R2=.622).
Taken together, (i)-(iii) are often construed as providing confirmation for the

demand schedule (2). Such a confirmation claim, however, is premature and unwar-
ranted before one assesses the reliability of these inferences by probing the different
ways they might be in error and ascertaining that such errors are absent.
Error source 1. A first serious source of potential error is statistical inadequacy.

The statistical inference results (i)-(iii) are reliable only when the estimated model
in (2) is statistically adequate: the probabilistic assumptions:

[1] utvN(., .), [2] E (ut)=0, [3] V ar (ut)=σ2, [4] E (utus)=0, t6=s, t, s=1, ..., n,

comprising the underlying Linear Regression model, are valid for the particular data
z0:={(xt, yt), t=1, ..., n}. A typical set of Mis-Specification (M-S) tests (see Spanos
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and McGuirk, 2001) is reported in table 1, with the p-values in square brackets.

Table 1 - Misspecification tests
Non-Normality: D0AP = 3.252[.197]
Non-linearity: F (2, 41)=19.532[.000001]∗

Heteroskedasticity: F (2, 41)=14.902[.000015]∗

Autocorrelation: F (2, 41)=18.375[.000011]∗

(4)

The tiny p-values indicate serious departures from assumptions [2]-[4], rendering the
inferences concerning the sign and the magnitude of the coefficients (β0, β1) unwar-
ranted. In view of the M-S testing results, the estimated model in (1) constitutes an
unreliable basis for inference and the claims (i)-(iii) are unwarranted. The unrelia-
bility of the inference arises from the fact that when any of the assumptions [1]-[4]
are invalid, the relevant nominal and actual error probabilities are likely to be very
different. Applying a .05 significance level t-test, when the actual type I error is .98,
renders the test highly unreliable; see Spanos and McGuirk (2001). The question
that naturally arises at this stage is ‘how many published applied econometric papers
over the last 50 years are likely to pass the statistical adequacy test?’ The surpris-
ing answer is ‘very few, if any’, raising serious doubts about the trustworthiness of
the mountains of evidence accumulated in econometrics journals during this period;
see Spanos (2006a). Indeed, in most cases the modeler is not even aware of all the
probabilistic assumptions constituting the statistical model used as a basis of his/her
inference. What makes matters worse is that statistical inadequacy is only one of
several potential sources of error that could render empirical evidence untrustworthy.
Error source 2. A second source of potential error is inaccurate data: data

z0 are marred by systematic errors imbued by the collection/compilation process;
see Morgenstern (1963). Such systematic errors are likely to distort the statistical
regularities and give rise to misleading inferences. The discussion of the data in Moore
(1914) gives enough clues to suspect that inaccurate data is likely to be another
serious source of error contributing to the unreliability of any inference based on
(1). In particular, the averaging of different prices over time and taking proportional
differences is likely to introduce systematic errors into the data; see Abadir and
Talmain (2002).
Error source 3. A third source of potential error is incongruous measurement:

data z0 do not adequately quantify the concepts envisioned by the theory. This,
more than the other sources of error, is likely to be the most serious one ruining
the trustworthiness of Moore ‘statistical demand’ in (1). Moore’s contention that
xt=

100(pt−pt−1)
pt

and yt=
100(qt−qt−1)

qt
can provide adequate quantification for the theo-

retical variables ‘quantify demanded’ (QD) and the corresponding ‘price’ (P ) is alto-
gether unconvincing. The gap between, on one hand, the intentions to buy QD

it , at
some point in time t, and the set of hypothetical prices Pit, i=1, 2, ...,m, and, on the
other, the quantities transacted qt and the corresponding observed prices pt, over time
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t=1, 2, ..., n, cannot possibly be bridged by the ‘proportional change’ transformation;
Spanos (1995) for further discussion.
Error source 4. A fourth source of potential error is substantive inadequacy

(external invalidity): the circumstances envisaged by the theory in question differ
‘systematically’ from the actual data generating mechanism. This inadequacy can
easily arise from impractical ceteris paribus clauses, missing confounding factors,
false causal claims, etc.; see Guala (2005), Hoover (2006). Substantive adequacy
concerns the extent to which the estimated model ‘captures’ the aspects of the reality
it purports to explain, shedding light on the phenomenon of interest, i.e. ‘learning
from data’. Given the potentially grievous detrimental effects of the other sources of
error on the trustworthiness of the inference based on (1), raising questions about its
substantive inadequacy seems rather gratuitous.
In view of the seriousness of all these errors, taking the estimated regression in

(1) at face value and drawing inferences seems like a very bad idea. An interesting
question to consider is how a textbook econometrician is likely to proceed when faced
with the empirical results reported in (1).

2.1 Reflecting on textbook econometrics

In practice, the issues relating to probing for potential errors that could potentially
render the inference unreliable raised above are usually ignored because the method-
ological framework adopted in traditional econometric modeling does not include
such probing as part of the accepted rules and strategies for learning from data. Un-
fortunately, this methodological framework, referred to as textbook econometrics, is
implicit and it’s usually adopted without examination as part and parcel of learning
econometrics.
The emphasis in textbook econometrics is not in probing for potential errors at

each stage of the modeling, but in adopting the weakest possible probabilistic struc-
ture that would ‘justify’ a method yielding ‘consistent’ estimators of the parameters of
interest. In particular, the cornerstone of the textbook approach, the Gauss-Markov
(G-M) theorem — as well as analogous theorems concerning the ‘optimality’ of Instru-
mental Variables (IV), Generalized Method of Moments (GMM) and non-parametric
methods — distance themselves from strong probabilistic assumptions, in particular,
Normality, in an attempt to gain greater generality for certain inference propositions.
The rationale is that the reliance on weaker probabilistic assumptions will render OLS,
IV and GMM-based inferences less prone to statistical misspecifications and thus more
reliable. This rationale raises very interesting philosophical/methodological questions
that need to be discussed and appraised. For instance:
— what does one accomplish, in terms of generality, by not assuming Normality

in the Gauss-Markov (G-M) and related theorems?
— can one use the G-M theorem as a basis for reliable inferences?
— how do weaker assumptions give rise to more reliable inferences?
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— how does one ensure the reliability of an inference when the premises are
not testable, as in the case of non-parametric inference? and

— Does reliance on consistent and asymptotically Normal estimators
suffice for reliable inferences?"

In view of this textbook econometric perspective, the question that naturally
arises is "what would a traditional econometrician do when faced with the empirical
results in (1)?" An ostensible diagnostic checking that relies on a small number of
traditional M-S tests, such as the skewness-kurtosis (S-K), the Durbin-Watson and
the White heteroskedasticity (W) tests (see Greene, 2000):

S-K=2.186[.335], D−W=2.211, W (2, 42)=15.647[.000], (5)

reveals a clear departure from assumption [3]. In textbook econometrics, when any
of the error assumptions [1]-[4] are found wanting, conventional wisdom recommends
a sequence of ‘error-fixing’ procedures which are designed to remedy the problem; see
Greene (2000). A textbook econometrician faced with the results in (5) is likely to
count his blessings because they do not seem to show devastating departures from
assumptions [1]-[4]. The presence of heteroskedasticity, according to the conventional
wisdom, will only affect the efficiency of (bβ0, bβ1). This is supposed to be ‘accounted
for’ by employing the so-called heteroskedasticity consistent (HC) standard errors.
In view of the fact that HCSE(bβ0)=2.363, HCSE(bβ1)=.108, these inferences appear to
be robust to the departure from [3].
These conventional wisdom recommendations raise many interesting philosoph-

ical/methodological problems with a long history in philosophy of science, such as
double-use of data, curve-fitting, pre-designation vs. post-designation. Interesting
questions raised by the above textbook strategies are:
— how thorough should M-S testing be to avert any data mining charges?
— how does one decide what M-S tests are the most appropriate to apply in

a particular case?
— why does a mixture of statistical significance and theoretical meaningfulness

renders a model "best"?
— are the various specification searches justified statistically?
— are the ‘error-fixing’ procedures justified on statistical grounds?
— is ‘error-fixing’ the best way to respecify a statistically inadequate model?
— how do we distinguish between legitimate and illegitimate double-use of data?
— what kind of robustness/reliability does the use of HC standard errors bring

about?
Another set of issues likely to be raised by practitioners of textbook econometrics

relate to the simultaneity problem between yt and xt. The contention is that the
endogeneity of xt (arising from the demand/supply theory) calls into question the
substantive validity of (1), and the only way to render the empirical results meaningful
is to account for that. This amounts to bringing into the modeling additional variables
Wt, such as rainfall and the prices of complementary and substitute commodities,
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theorized to potentially influence the behavior of both xt and yt. This reasoning gives
rise to an implicit reduced form:

yt = π10 + π
>
11wt + ε1t, xt = π20 + π

>
21wt + ε2t, t∈N. (6)

Again, this modeling strategy raises interesting methodological issues which are often
neglected. For example:
— in what sense does (6) alleviate the statistical inadequacy problem?
— how does the substantive information in (6) relate to the statistical

information unaccounted for by (1)?,
— how does one chooses the ‘optimal’ instrumentsWt in (6)?
— what conditions would render the IV-based inference for (β0, β1) any

more reliable than OLS-based inference in (1)?
The above textbook arguments stem from adopting an implicit methodological

framework that defines the fundamental ideas and practices which demarcate econo-
metric modeling, and determine the kind of questions that are supposed to be asked
and probed, how these questions are to be structured and answered, and how the re-
sults of scientific investigations should be reported and interpreted; it establishes the
‘norms’ of scientific research — what meets the ‘standards’ of publication in learned
journals and what does not. An important task of philosophy of econometrics is to
make all these implicit methodological presuppositions explicit, as well as evaluate
their effectiveness.

3 Philosophy of science and empirical modeling

From the perspective of the philosophy of econometrics, a central question in 20th
century philosophy of science has been (see Mayo, 1996):
How do we learn about phenomena of interest in the face of uncertainty and error?

More specifically:
(a) Is there such a thing as a scientific method?
(b) What makes an inquiry scientific or rational?
(c) How do we appraise a theory vis-a-vis empirical data?
(d) How do we make reliable inferences from empirical data?
(e) How do we obtain good evidence for a hypothesis or a theory?
These are some of the most crucial questions that philosophy of science has grab-

bled with during the 20th century. For the discussion that follows, it will be convenient
to divide 20th century philosophy of science into several periods: 1918-1950s: logical
positivism/empiricism (Hempel, Nagel), 1960s-1980s: the downfall of logical empiri-
cism (Quine, Kuhn, Popper, Lakatos), 1980s-1990s: miscellaneous turns (historical,
naturalistic, sociological, pragmatic, feminist etc.), 1990s- : new experimentalism.
The following discussion is ineluctably sketchy and highly selective with the em-

phasis placed on philosophical/methodological issues and problems pertaining to em-
pirical modeling. For a more balanced textbook discussion of current philosophy of
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science see Chalmers (1999), Dewitt (2004), Giere (1999), Godfrey-Smith (2003), La-
dyman (2002), Machamer and Silberstein (2002), Newton-Smith (2000); for a more
economics-oriented perspective see Caldwell (1994), Hands (2001), Redman (1991).

3.1 Logical positivism/empiricism

The tradition that established philosophy of science as a separate sub-field within phi-
losophy during the first half of the 20th century was that of logical positivism/empiricism.
Its roots can be traced back to the 19th century traditions of positivism and empiri-
cism, but what contributed significantly in shaping logical positivism into a domi-
nating school of thought were certain important developments in physics and math-
ematics in the early 20th century.
In physics the overthrow of Newtonian mechanics by Einstein’s theory of relativity

(special and general), as well as the predictive success of quantum mechanics, raised
numerous philosophical problems and issues that were crying out for new insights and
explanations concerning scientific methods and the nature of knowledge; how do we
acquire attested knowledge about the world? The re-introduction of the axiomatic
approach to mathematics by Hilbert and the inception and development of proposi-
tional and predigate logic by Frege, Russel, Whitehead and Wittgenstein, provided
a formal logico-mathematical language that promised to bring unprecedented clarity
and precision to mathematical thinking in general, and to foundational inquiry in
particular. The new formal language of first order predicate logic, when combined
with the exhaustive specification of the premises offered by the axiomatic approach,
appeared to provide a model for precise and systematic reasoning, and thus an ideal
tool for elucidating the many aspects of scientific reasoning and knowledge.
These developments called into question two of the most sanctified pillars of knowl-

edge at the time, Newtonian mechanics and Euclidean geometry. The combination of
general relativity and Hilbert’s axiomatization of Euclidean geometry left no doubts
that our knowledge of geometry cannot be synthetic a priori in Kant’s sense.
It’s no coincidence that the founding group of logical positivism (Schlick, Hahn,

Waismann, Carnap, Neurath, Frank, Reichebach) were primarily mathematicians and
physicists who aspired to use physics as their paradigmatic example of a real scientific
field. Their aspiration was that this formal logico-mathematical language will help
to formalize the structure of scientific theories as well as their relationship to experi-
ential data in precise ways which would avoid the ambiguities and confusions of the
natural language. The idea being that a philosophy of science modeled on physics
could then be extended and adapted to less developed disciplines, including the social
sciences. Not surprisingly, the early primary focus of logical positivism/empiricism
was on the form and structure of scientific theories as well as epistemology, which
is concerned with issues and problems about knowledge (meaning, nature, scope,
sources, justification, limits and reliability), evidence and rationality. The strong
empiricist stance adopted by this tradition marginalized metaphysics, which is con-

9



cerned with issues and problems about the nature and structure of reality. At the
same time it elevated empirical meaningfulness to a demarcation criterion between
scientific and non-scientific statements and put forward a Hypothetic-Deductive (H-
D) form of reasoning as the way science is grounded in observation and experiment,
as well as how we acquire knowledge about the world from experience. Viewing a
theory h as empirically interpretable (via correspondence rules) deductive axiomatic
system, H-D reasoning,in its simplest form, boils down to assessing the empirical va-
lidity of certain observational implications e of h. If e turns out to be true, it provides
confirmatory evidence for the (probable) validity of h :

If h then e
e,

∴ (probably) h is true
(7)

The above argument is deductively invalid (known as affirming the consequent fal-
lacy), but it provided the basis of (inductive) confirmation for logical empiricists; see
Nagel (1961), Hempel (1965).
From the perspective of empirical modeling, a major weakness of the logical em-

piricist tradition was its failure to put forward a satisfactory explanation of how we
learn from experience (induction). The tradition’s simplistic confirmation reasoning
in (7) as a means to assess the truth of a hypothesis h, in conjunction with the inad-
equacy of the inductive logics devised to evaluate the relative support of completing
hypotheses, contributed significantly to the tradition’s demise by the 1970s. Their
attempts to formalize induction as primarily a logical relationship C(e, h) between
evidence e — taken as objectively given — and a hypothesis h, failed primarily because
they did not adequately capture the complexity of the relationship between h and
e in scientific practice. Indeed, an enormous amount of hard work and ingenuity go
into fashioning a testable form h of a hypothesis of interest, and establishing expe-
riental facts e from noisy, finite and incomplete data x0, as well as relating the two.
Their view of theory confirmation as a simple logical argument which involves two
readily given statements, h - the hypothesis of interest and e — the experiential facts,
was not just overly simplistic, but misleading in so far as neither h or e are straight
forward nor readily available in actual scientific practice. Moreover, hypotheses or
theories expressed as a set of sentences in an axiomatic system of first order logic
are not easily amenable to empirical analysis. Not surprisingly, the inductive logics
of logical empiricists were plagued by several paradoxes (ravens, grue), and they had
little affinity to the ways practicing scientists learn from data. This was particularly
true of learning from data in statistical induction as developed by Fisher in the early
1920s and extended by Neyman and Pearson in the early 1930s, to which we will
return below.

3.2 The downfall of logical empiricism
Part of the appeal of logical positivism/empiricism stemmed from the fact that there
was something right-headed about their presumption that the distinguishing features
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of science, as opposed to other forms of human activity, can be found in observation
and experiment; that knowledge about the world is secure only when it can be tested
against observation and experiment. However, their answers to the above crucial
questions (a)-(e) in the first half of the 20th century turned out to be inadequate
and unconvincing. The tradition’s undue reliance on formal logics, axiomatization,
the analytic-synthetic and theoretical-observational distinctions, were instrumental
in undermining its credibility and its leadership role in philosophy of science. The
view that scientific theories and research activity can be codified in terms of these
idealized tools turned out to be overly optimistic. By the early 1970s there was general
consensus that logical empiricism was not only inadequate but also untenable. The
downfall of logical empiricism was hastened by critics such as Quine, Popper and
Kuhn who pinpointed and accentuated these weaknesses.
Quine (1953, 1960) contributed to the downfall of logical empiricism in a number

of ways, but the most influential were: (i) his undermining of the analytic-synthetic
distinction, (ii) his reviving and popularizing of Duhem’s (1906) theses that (a) ‘no
hypothesis can be tested separately from an indefinite set of auxiliary hypotheses’ and
(b) ‘crucial experiments that could decide unequivocally between competing theories
do not exist’, and (iii) his initiating the naturalistic turn.
His revisiting of Duhem’s theses became known as the Quine-Duhem problem

which gave rise to an inveterate conundrum:
(I) The underdetermination of theory by data — the view that there will
always be more than one theory consistent with any body of empirical data.
Naturalism constitutes an epistemological perspective that emphasizes the ‘con-

tinuity’ between philosophy and science in the sense that the methods and strategies
of the natural sciences are the best guides to inquiry in philosophy of science; there is
no higher tribunal for truth and knowledge than scientific practice itself. Philosophy
should study the methods and findings of scientists in their own pursuit of knowledge,
while heightening its evaluative role.
Popper (1959, 1963, 1972) replaced the confirmation argument in (7) with a

falsification argument, based on modus tollens (a deductively valid argument):

If h then e
not-e,

∴ not-h is true
(8)

His falsificationism was an attempt to circumvent the problem of induction as posed
by Hume, as well as replace confirmation as a demarcation criterion with falsifiability:
a hypothesis h is scientific if and only it’s falsifiable by some potential evidence e,
otherwise it’s non-scientific.
Popper’s falsificationism was no more successful in explaining how we learn from

experience than the inductive logics it was designed to replace for a variety of reasons.
The most crucial was Duhem’s problem: the premises h entailing e is usually a
combination of a primary hypothesis H of interest and certain auxiliary hypotheses,
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say A1, A2, ..., Am. Hence, not-h does not provide a way to distinguish between not-
H and not-Ak, k=1, ...,m. As a result, one cannot apportion blame for the failure
to observe e to any particular sub-set of the premises (H,A1, A2, ..., Am). Second,
Popper’s falsification does not allow one to learn anything positive about h using
the data. When several ‘genuine’ attempts to refute h fail to do so, one cannot
claim that h is true, or justified, or probable or even reliable. A Popperian can
only claim that hypothesis h is the "best tested so far" and that it is rational to
accept it (tentatively) because it has survived ‘genuine’ attempts to falsify it. Third,
any attempt to measure the degree of ‘corroboration’ — credibility bestowed on h
for surviving more and more ‘genuine’ attempts to refute it — brings back the vary
problem of induction falsificationism was devised to circumvent.
Despite the failure of falsificationism to circumvent induction as capturing the way

we learn from experience, there is something right-minded about Popper’s intuition
underlying some of his eye-catching slogans such as "Mere supporting instances are as
a rule too cheap to be worth having", "tests are severe when they constitute genuine
attempts to refute a hypothesis" and "we learn from our mistakes". This intuition
was garnered and formalized by Mayo (1996) in the form of severe testing, but placed
in the context of frequentist statistical induction.
Kuhn (1962, 1977) undermined the logical empiricist tradition by questioning

the wisdom of abstracting scientific theories and the relevant experiential data from
their historical and a social context, arguing that the idealized formal models did
not capture the real nature and structure of science in its ever-changing complexity.
Partly motivated by Duhem’s problem he proposed the notion of a scientific paradigm
to denote the set of ideas and practices that define a scientific discipline during a
particular period of time, and determine what is to be observed and scrutinized, the
kind of questions that are supposed to be asked and probed, how these questions are
to be structured, and how the results of scientific investigations should be interpreted.
Using the notion of normal science within a paradigm, Kuhn questioned the positivist
account of cumulative growth of knowledge, arguing that old paradigms are overrun
by new ones which are usually ‘incommensurable’ with the old.
As a result of the extended controversy that ensued, Kuhn’s ideas had an impor-

tant influence on the development of philosophy of science to this day, and his legacy
includes a number of crucial problems such as:
(II) Theory-dependence of observation. An observation is theory-laden,
if, either the statement expressing the observation employs or presupposes
certain theoretical concepts or knowing the truth of the observation statement
requires the truth of some theory.
The theory-ladeness of data problem has to do with whether data can be con-

sidered an unbiased or neutral source of information when assessing the validity of
theories, or whether data are usually ‘contaminated’ by theoretical information in a
way which prevents them from fulfilling that role.
(III) Relativism refers to the view that what is true or a fact of nature is so
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only relative to some overarching conceptual framework of which the truth
of fact of the matter is expressible or discoverable. The idea that the truth
of justification of a claim, or the applicability of a standard or principle,
depends on one’s perspective.
(IV) The social dimension of science. What makes science different form
other kinds of inquiry, and renders it especially successful, is its unique
social structure. This unique social structure has an important role to play
in establishing scientific knowledge.
Kuhn’s move to ‘go large’ from a scientific theory to an all-encompassing scientific

paradigm was followed by Lakatos (1970) and Laudan (1977) who proposed the
notions of a scientific research programme and a research tradition, respectively, in
their attempts to avoid the ambiguities and unclarities, as well as address some of
the failings of Kuhn’s original notion of a scientific paradigm.
Despite the general understanding that logical empiricism was no longer a viable

philosophical tradition, by the 1980s there was no accord as to which aspects of logical
empiricism were the most problematic, or how to modify/replace the basic tenets of
this tradition; there was no consensus view onmost of the crucial themes in philosophy
of science including the form and structure of theories, the nature of explanation,
confirmation , theory testing, growth of knowledge, or even if there is such a thing
as a scientific method; see Suppe (1977). This disagreement led to a proliferation of
philosophical dictums like "anything goes", "evidence and confirmation are grounded
on rhetoric or power", which began to gain appeal in certain disciplines, but especially
in the social sciences where rock-solid scientific knowledge is more difficult to establish.
This was part of the broader movement of miscellaneous turns (historical, sociological,
pragmatic, feminist, social constructivist, discursivist, etc.) aspiring to influence the
tradition that will eventually emerge to replace logical empiricism; see Hands (2001).

3.3 The new experimentalism

By the 1980s, the combination of Duhem’s problem, the underdetermination conun-
drum and the theory-dependence of observation problem, made theory appraisal using
empirical data seem like a hopeless task.
As mentioned above, establishing e (or not-e) as observational facts constitutes

one of the most difficult tasks in scientific research because the raw data x0 (exper-
imental and observational) contain uncertainties, noise and are never in plenitude
necessitated. Indeed, the raw data x0 usually need to be discerningly modeled to
separate the systematic (signal) from the non-systematic (noise) information, as well
as provide a measure of the reliability of inference based on x0. Such modeling is
often vulnerable to numerous errors that would render e far from being ‘objectively
given facts’.
The first concerted effort in philosophy of science to study the process generat-

ing the raw data x0 and establish observational facts e (or not- e) was made by
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the "new experimentalism" tradition; Hacking (1983), Franklin (1986), Ackermann
(1985), Mayo (1996, 1997) — see Chalmers (1999) for an excellent summary. Using
the piece-meal activities involved and the strategies used in successful experiments,
Hacking (1983) argued persuasively against the theory-dominated view of experi-
ment. He made a strong case that in scientific research an experiment can have a
‘life of its own’ that is independent of ‘large-scale theory’, and thus alleviating the
theory-dependence of observation problem. In addition, scientists employ a panoply
of practical step-by-step strategies for eliminating error and establishing the ‘factual
basis of experimental effects’ without ‘tainting’ from large-scale theory.
Mayo (1996) proposed a formalization of these research activities and strategies for

detecting and eliminating errors using the Neyman-Pearson testing as the quintessen-
tial inductive framework, supplemented with a post-data evaluation of inference based
on severe testing reasoning. Contrary to the Popperian and growth of knowledge
traditions’ call for ‘going bigger’ (from theories to paradigms, to scientific research
programs and research traditions), in order to deal with such problems as theory-
laden observation, underdetermination and Duhem-Quine, Mayo argues that theory
testing should be piece-meal and thus we should ‘go smaller’:
“. . . in contrast to the thrust of holistic models , I take these very problems to show

that we need to look to the force of low-level methods of experiment and inference.
The fact that theory testing depends on intermediate theories of data, instruments,
and experiment, and that the data are theory laden, inexact and “noisy”, only un-
derscores the necessity for numerous local experiments, shrewdly interconnected.”
(Mayo, 1996, p. 58)
Mayo’s attempt to put forward an epistemology of experiment includes, not only

how observational facts e are established using experimental controls and learning
from error, but also how the hypothesis of interest h is fashioned into an estimable
form appropriate to face the tribunal of observational facts. This comes in the form
of a hierarchy of models aiming to bridge the gap between theory and data in a
piecemeal way that enables the modeler to ‘learn from error’ at each stage of the
modeling:
“For each experimental inquiry we can delineate three types of models: models

of primary scientific hypotheses, models of data, and models of experiment that link
the others by means of test procedures.” (p. 128)
In her proposed framework an integral component of the modeling procedure

includes questions about ‘what data are relevant’, ‘how the data were generated’,
‘how can the relevant data be adequately summarized in the form of data models’
etc. The reliability of evidence is assessed at all three levels of models by using
error-statistical procedures based on learning from error reasoning. The primary
tool for these assessments is the notion of severity, which assesses, not the degree of
support for a hypothesis, but rather the ability of the testing procedure to detect
discrepancies from that hypothesis. Probability attaches not to hypotheses but to
testing procedures, to inform us of their probativeness and capacity to detect errors.
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Mayo (1996) made a strong case that there is a domain of ‘experimental knowledge’
that can be reliably established independent of high-level theory and the continuity
of scientific progress consists in part of the steady build up of claims that pass severe
tests. The answers she provided to the questions (a)-(e) posed above are distinctly
different from those of logical empiricism as well as the other post-received view
‘large-scale theory’ traditions.
What makes the error-statistical approach appropriate as a methodological frame-

work for empirical modeling is primarily because it provides a framework which ad-
equately captures the complexity of the gap between theory and observation in sci-
entific practice and focuses on the ‘learning from error’ procedures that underlie the
fashioning of a testable form of a hypothesis of interest H, as well as establishing
experiental facts (reliable inferences) e from noisy, finite and incomplete data x0. In
addition, it proposes a general way to bridge the gap between theory and data using a
chain of complecting models (primary, experimental, data), and harnesses the power
of modern statistical inference and modeling to bear upon the problems and issues
raised by our attempt to come to grips with learning from experience, including the
question ‘When do data x0 provide evidence for or against H?
The fundamental intuition underlying the error-statistical account is that:
if a hypothesis H ‘passes’ a test T with data x0, but T had very low capacity to
detect departures from H when present, then x0 does not provide good evidence
for the verity of H; its passing T with x0 is not a good indication that H is true.

To appreciate the formalization of this intuition the discussion next focuses on sta-
tistical induction where hypothesis H, test T and data x0 are clearly defined in the
context of a statistical modelM describing the process that generated x0.

4 Statistical inference: philosophical foundations

Modern frequentist statistics was founded by Fisher (1921, 1922) and extended by
Neyman and Pearson (1933). Although the technical aspects of frequentist inference
methods like estimation (point and interval), hypothesis testing and prediction were
more or less in place by the late 1930s, their philosophical foundations were a source of
tension, unclarity and heated discussions among the protagonists well into the 1950s;
see Fisher (1955, 1956), Pearson (1955, 1966), Neyman (1956) and Lehmann (1993).
The dispute was primarily focused on the form of inference in hypothesis testing with
Fisher arguing in favor of his significance testing reasoning using the p-value (in-
ductive inference), and Neyman favoring a more behavoristic interpretation founded
upon the type I and II error probabilities and defined in terms of the accept/reject
rule (inductive behavior). Fisher disdained these pre-data error probabilities viewing
them as inextricably bound up with the ‘long-run’ metaphor of repeating the exper-
iment under identical conditions, and thus only relevant in the case of acceptance
sampling. Even though each side of this argument had its merits, neither account of
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inductive reasoning provided an adequate account for addressing the question ‘when
do data x0 provide evidence for (or against) a hypothesis H?’
Despite these foundational tensions, unclarities and problems, frequentist statis-

tics was widely adopted as a primary tool for empirical modeling in numerous applied
fields, including all the social sciences; for a historical/methodological perspective on
the common roots and parallel developments between statistics and economics see
Spanos (2007c). Indeed, statistics textbooks in the social sciences, especially psy-
chology and sociology glossed over these tensions and presented hypothesis testing as
a hybrid of both approaches; see Gigerenzer (1993). This hybrid approach interprets
the p-value as a post-data type I error probability which provides more information
than the accept/reject rule, but does not resolve the underlying tension. In order to
shed light on this tension let us discuss the form and structure of frequentist induction.

4.1 Statistical Induction
Fisher (1922) pioneered a recasting of statistical induction fromKarl Pearson’s induction-
by-enumeration in the context of an inverse probability (Bayesian) setup, to a model-
based induction in the context of a purely frequentist frame-up. His recasting in-
cluded two interrelated innovations. The first was to replace the inverse probability
approach, giving rise to a posterior distribution, with a frequentist approach based
on the sampling distributions of relevant statistics; the comparison with Bayesian
inference will not be discussed in this paper (see Mayo, 1996, Cox and Mayo, 2007).
This changeover is well-known and widely discussed; see Stigler (1986, 2005), Hald
(1998, 2007). The only aspect of the recasting that it’s still somewhat controver-
sial is the extent to which the frequency definition of probability is circular or not
(see Keuzenkamp, 2001), an issue that will be touched upon below. The second,
was to transform the primitive form of induction-by-enumeration, whose reliability
was based on a priori stipulations, into a refined model-based induction with ‘ascer-
tainable error probabilities’ evaluating its reliability. In particular, Fisher initiated a
general way to quantify the uncertainty associated with inference by (a) embedding
the material experiment into a statistical model, and then (b) use the latter to as-
certain the (frequentist) error probabilities associated with particular inferences in its
context. The form of induction envisaged by Fisher is one where the reliability of
the inference stems from the ‘trustworthiness’ of the procedure used to arrive at the
inference. A very similar form of model-based induction was proposed much earlier
by Peirce (1878), but his ideas were way ahead of his time and did not have any direct
influence on either statistics or philosophy of science; see Mayo (1996).

4.1.1 Induction by enumeration vs. model-based induction
Induction by enumeration seeks to generalize observed events, such as ‘80% of
A’s are B’s’, beyond the data in hand. In particular, the form of inference based on
it takes the form:
“Straight-rule: if the proportion of red marbles from a sample of size n
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is (m/n), infer that approximately a proportion (m/n) of all marbles in
the urn are red” (see Salmon, 1967, p. 50)
The reliability of this inference is thought to depend on the a priori stipulations

of (i) the ‘uniformity’ of nature and (ii) the ‘representativeness’ of the sample (Mills,
1924, pp. 550-2). In addition, there was an emphasis on ‘large enough samples’
stemming from the fact that under (i)-(ii) one can show that, as n → ∞, the ob-
served proportion (m/n) converges in probability to the true proportion θ; see Pearson
(1920).
Fisher’s model-based statistical induction extends the intended scope of induction-

by-enumeration by replacing its focus on events and their probabilities with modeling
themechanism that underlies the generation of the observed data, and thus capturing
all possible events and their probabilities. For example, the statistical model underly-
ing the above example is the simple Bernoulli model where the outcomeX=1 denotes
the event ‘the marble is red’, with P(X=1)=θ, and X=0 the event ‘the marble is not
red’, with P(X=0)=1−θ, i.e.

Xk v BerIID (θ, θ(1−θ)) , k∈N, (9)

where ‘BerIID’ reads ‘Bernoulli, Independent and Identically Distributed’. The data
x0:=(1, 0, 0, ..., 1) are interpreted as a ‘typical’ realization of the sampleX :=(X1,X2, ...,Xn)
generated by the process in (9).
The inference concerning the proportion θ of red marbles in the urn amounts to

choosing the point estimator: bθn(X) = 1
n

Xn

k=1
Xk, (10)

as yielding a representative value for θ; note that the estimate bθn(x0)= ¡mn ¢. The
claim that (m/n) converges in probability to θ is more formally stated in terms ofbθn(X) being a consistent estimator of θ :

lim
n→∞

P
³
|bθn(X)− θ| < �

´
= 1, for any � > 0. (11)

Viewed fromFisher’s model-based perspective the straight-rule inference is fraught
with potential unreliability problems. First, the inference in the form of a point
estimate is rather weak without some measure of reliability; one needs to calibrate the
qualifier ‘approximately’. Second, reliance on consistency alone provides no assurance
for reliable inference for a given sample size n. Third, the soundness of the premises
of inference, upon which the reliability of inference depends, relies on the validity of
the priori stipulations (i)-(ii).
Fisher’s recasting of statistical induction addresses these issues in an most effective

manner. Starting with the last weakness, the explicit specification of the underlying
statistical model in (9) replaces the stipulations (i)-(ii) with probabilistic assumptions,
[1] Xk v Ber(., .), [2] {Xk, k∈N} is Identically Distributed, and [3] {Xk, k∈N}
is Independent, which are testable vis-a-vis data x0. Hence, the soundness of the
premises is no longer a matter of faith in stipulations (i)-(ii), but it can, and should,
be empirically established a posteriori ; see Fisher (1922), p. 314.
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Having specified the statistical model explicitly, Fisher would proceed to derive
the sampling distribution f(bθn(x)) of the estimator bθn(X) under assumptions [1]-[3],
yielding: bθn(X) v Bin³θ, θ(1−θ)

n

´
, (12)

for any n > 1, where ‘Bin’ stands for a ‘Binomial’ distribution. f(bθn(x)), for all x∈Rn
X

gives a complete description of the probabilistic structure of bθn(X), and provides the
basis for addressing both of the other weaknesses of induction-by-enumeration.
Consistency can now be seen as a minimal property of an estimator, which, by

itself, does not ensure the reliability of inference. Although (11) invokes the sampling
distribution of bθn(X), it only concerns its behavior as n → ∞, providing at best
crude upper bounds for the uncertainty associated with any inference concerning
θ. In contrast, using the finite sampling distribution in (12) one can invoke more
pertinent finite sample properties (valid for any n > 1) to assess the optimality ofbθn(X) as an estimator of θ, such as unbiasedness, sufficiency and full efficiency; see
Cox and Hinkley (1974). More importantly, the uncertainty associated with any
inference concerning θ can now be ‘quantified’ in terms of the ascertainable error
probabilities. For example, instead of a point estimate bθn(x0)= ¡mn ¢ one can define
the two-sided Confidence Interval (CI) for θ :

P
µbθn(X)− cα

2

q
θn(1−θn)

n
≤ θ ≤ bθn(X) + cα

2

q
θn(1−θn)

n

¶
= 1−α,

which quantifies the relevant ‘approximation’ invoked by the straight rule via the
coverage probability 1−α. For instance, if n = 10, and m = 2, i.e. bθn(x0) = .2,
the straight-rule inference can be shown to be unreliable (imprecise), despite being
consistent, because the observed 95% Confidence Interval (CI) for θ is [−.048 ≤ θ ≤
.448]; for simplicity we use cα

2
=1.96 (Normal approximation) and ignore some of the

problems associated with this interval (see Agresti, 2002). The width of this observed
CI (0.496) indicates that the point estimate is not very precise and the fact it includes
0 suggests that on the basis of this data θ is statistically indistinguishable from zero;
see Lehmann (1986).
Before we consider some other aspects of Fisher’s recasting of statistical induction

it is important to digress briefly in order to consider the question of the frequentist
interpretation of probability.

4.1.2 The frequency interpretation of probability
There has been a continuing discussion concerning the credibleness of the frequentist
interpretation of probability going back to Fisher (1921) and von Mises (1928). The
basic formal result invoked for this interpretation is the Strong Law of Large Numbers
(SLLN); a stronger version of (11). This theorem states that under certain restrictions
on the probabilistic structure of the process {Xk, k∈N} it follows that:

P( lim
n→∞

( 1
n

Pn
k=1Xk) = p) = 1. (13)
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The first SLLN was proved by Borel in 1909 in the case of a Bernoulli, IID process,
but since then the result in (13) has been extended to hold with much less restrictive
probabilistic structure, including {Xk, k∈N} being a martingale difference process;
see Spanos (1999), pp. 476-481.
This result in (13) can be used to define the frequentist probability of an event

A:={X=1} via:
P (A) := lim

n→∞
( 1
n

Pn
k=1Xk) = p. (14)

To what extent does this provide a justification of the frequentist interpretation of
probability? The issue often raised is that this justification is circular : it uses prob-
ability to define probability! For example, Lindley (1965) argues:

“... there is nothing impossible in m
n
differing from p by as much as 2�, it is merely

rather unlikely. And the word unlikely involves probability ideas so that the attempt at a
definition of ‘limit’ using mathematical limit becomes circular.” (p. 5)
This is denied by some notable mathematicians including Renyi (1970, p. 159)

who draws a clear distinction between the intuitive description in (14), and the purely
a mathematical result in (13), dismissing the circularity charge as based on conflating
the two. Hence, the justification of the above frequentist interpretation of P (A) = p,
is not derived from any a priori stipulations such as (i)-(ii) above, but stems from the
appropriateness of the probabilistic assumptions needed to prove (13); assumptions
which are testable vis-a-vis a realization of the process {Xk, k∈N}.

4.2 The nature of different forms of statistical inference

To understand the problem concerning the proper form of inductive reasoning in
frequentist statistics and the issues raised, it is important to bring out the differences
in the nature of induction between alternative forms of inference. With that in mind,
consider x0=(x1, x2, ..., xn) being a ‘typical realization’ of the simple Normal model
as specified in table 1.

Table 1 - The simple Normal model
Statistical GM: Xk = μ+ uk, k∈N,
[1] Normal: Xk v N(., .), for all k∈N,
[2] Constant mean: E(Xk) = μ, for all k∈N,
[3] Constant variance: V ar(Xk) = σ2, for all k∈N,
[4] Independence: {Xk, k∈N} - independent process.

(15)

It is well known (Cox and Hinkley, 1974) that in this case the statistics:

X = 1
n

Xn

k=1
Xk, s2 = 1

(n−1)
Pn

k=1(Xk−X)2, (16)

constitute ‘optimal’ estimators of (μ, σ2), with sampling distributions:

X v N
³
μ, σ

2

n

´
, (n−1)s2

σ2
v χ2(n−1), (17)
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where χ2(n−1) denotes the chi-square distribution with (n−1) degrees of freedom.
Moreover, for testing the hypotheses:

H0 : μ = μ0 vs. H1 : μ 6= μ0, (18)

the test statistic τ(X)=
√
n(X−μ0)

s
, with a sampling distribution:

τ(X) =
√
n(X−μ0)

s

H0v St(n−1), (19)

where St(n−1) denotes the Student’s t distribution with (n−1) degrees of freedom.
When τ(X) is combined with a rejection region C1(α) where:

C1(α)={x : |τ(x)| > cα}, C0(α)={x : |τ(x)| ≤ cα}, (20)

one can define the well-known t-test; see Lehmann (1986).
Using the well-known duality between hypothesis testing and interval estimation

based on the acceptance region C0(α) (Lehmann, 1986), one can specify the two-sided
Confidence Interval (CI) for μ :

P
³
X − cα

2
( s√

n
) ≤ μ ≤ X + cα

2
( s√

n
)
´
= 1− α. (21)

Prediction differs from the above inferences in so far as it is concerned with finding
the most representative value of Xk beyond the observed data, say Xn+1. A good
predictor for Xn+1 in the case of (15) is given by bXn+1 = X.
How are these inference procedures (estimation, testing and prediction) different?
It turns out that their differences arise primarily from the nature of induction

involved; the questions posed and the answers being elicited from the data. The
traditional statistical literature distinguishes between estimation (point and interval)
and hypothesis testing. Chatterjee (2003) describes to the former as open induction
and to the latter as hypothetic induction paraphrasing approvingly the philosopher
Day (1961): “Some philosophers regard hypothetic induction more important than
open induction for the progress in science ..., since one can give free play to one’s
imagination in framing the hypothesis.” (ibid. p. 65). This is a very interesting point
that it is not widely appreciated in statistics.

4.2.1 Inductive reasoning in estimation
In point estimation one selects the most ‘representative’ value of the unknown pa-
rameter θ; representativeness being formalized in terms of optimal properties such
as unbiasedness, efficiency, sufficiency, consistency etc. The form of reasoning that
underlies estimation is that of factual reasoning, where these properties are defined in
terms of the sampling distribution of such estimators evaluated under the ‘true state
of nature’ (TSN):

X
TSNv N

³
μ∗,

σ2∗
n

´
, (n−1)s2

σ2∗

TSNv χ2(n−1), (22)

where (μ∗, σ
2
∗) denote the ‘true’ values of (μ, σ

2) , whatever those happen to be; (22)
is more accurate than (17). The main problem with this form of inductive inference
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is that defining error requires one to know (μ∗, σ
2
∗) . To circumvent this problem error

probabilities in point estimation, such as Mean Square Error (MSE), are usually
defined in terms of a quantifier that involves all possible values of θ :

MSE(bθ − θ) = E(bθ − θ)2, for all θ∈Θ.
There is something wrong-headed about such a definition because the quantifier gives
rise to absurd results likeX is not uniformly better than eμ = 7405926 as an estimator
of μ;MSE(X−μ) SMSE(eμ−μ) for μ∈R, even though eμ ignores the data completely.
As a result, ensuring that an estimator is consistent, unbiased, sufficient or even fully
efficient, does not provide one with enough information to evaluate the reliability of
a point estimate inference.
Interval estimation attempts to rectify this deficiency by providing a way to eval-

uate the relevant error probabilities associated with an interval estimator covering
the true value θ∗ of the unknown parameter θ :

P
³
X − cα

2
( s√

n
) ≤ μ ≤ X + cα

2
( s√

n
);μ=μ∗

´
=1−α, (23)

where ‘μ=μ∗’ indicates that the evaluation of the relevant probabilities are under the
TSN; note that P

³
X − cα

2
( s√

n
) ≤ μ ≤ X + cα

2
( s√

n
);μ 6= μ∗

´
=α is the coverage error

probability, the relevant pivot being:
√
n(X−μ∗)

s

TSNv St(n−1). (24)

The important difference with point estimation is that (23) holds, whatever the true
value μ∗ is.

4.2.2 Inductive reasoning in hypothesis testing
The questions posed in estimation and testing, as well as the answers elicited, differ
because the form of reasoning underlying these procedures are dissimilar. Hypothesis
testing poses more probative questions, i.e. whether particular hypothetical values
of θ are warranted in view of the data. In contrast to estimation, the reasoning
underlying hypothesis testing is counterfactual. The sampling distribution of a test
statistic is evaluated under several hypothetical scenarios. In particular, what would
the sampling distribution of the test statistic be if the null or the alternative hy-
potheses are true? In the above case these scenarios give rise to the counterfactual
sampling distribution results:

τ(X)=
√
n(X−μ0)

s

H0v St(n−1),
√
n(X−μ0)

s

H1v St(δ;n−1), for any μ1>μ0, (25)

where St(δ;n−1) denotes the non-central Student’s t distribution with (n−1) degrees
of freedom and non-centrality parameter δ=

√
n(μ1−μ0)

σ
. Using (25) one can define the

type I and II error probabilities via:

P
¡
|τ(X)| > cα

2
; H0

¢
=α, P

¡
|τ(X)| ≤ cα

2
; H1(μ1)

¢
=β(μ1), for μ1>μ0. (26)
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Related to the type II error probability is the power of the test:

π(μ1) = P(τ(X) > cα; H1(μ1))=1−β(μ1), for all μ1 > μ0,

in terms of which the optimality of a test is defined. In this case the above test can
be shown to be Uniformly, Most Powerful Unbiased; see Lehmann (1986), Cox and
Hinkley (1974). A N-P test is defined in terms of a test statistic (distance function)
τ(X) and a rejection region (see (20)) giving rise the accept/reject rule:

accept H0 if x0 ∈ C0(α), reject H0 if x0 ∈ C1(α). (27)

The difference in the nature of reasoning between estimation and testing has
caused numerous confusions in the literature, especially as it relates to the relevant
error probabilities of different procedures (estimation, testing prediction), as well as
the interpretation of the inference results. The optimality of inference methods in
frequentist statistics is defined in terms of their capacity to give rise to valid inferences
(trustworthiness), evaluated in terms of the associated error probabilities: how often
these procedures lead to erroneous inferences. The trustworthiness of a Confidence
Interval (CI) is ascertained in terms of a single error probability known as the coverage
error probability: the probability that the interval does not contain the true value
of the unknown parameter(s). In the case of hypothesis testing the is ascertained in
terms of two error probabilities, type I (II): the probability of rejecting (accepting)
the null hypothesis when true (false); see Cox and Hinkley (1974).
The factual nature of reasoning in estimation gives one no flexibility in posing

questions to the data, but the counterfactual reasoning in testing allows one avid
flexibility to pose sharper questions using particular (hypothetical) values for μ; "[it]
can give free play to one’s imagination in framing the hypothesis". That often elicits
more informative answers from the data. To see this, let the statistical model be
denoted byMθ(x) = {f(x;θ), θ∈Θ}, where f(x;θ), x∈X :=Rn

X , is the distribution
of the sample; X and Θ being the sample and parameter space, respectively. In
general,Mθ(x) constitutes a subset of the set of all possible models, say P(x), that
could have given rise to the data x0. In point estimation, an optimal estimator bθ of
θ, reduces the subsetMθ(x) to a pointMθ(x) = {f(x;bθ)}, but leaves the question of
the uncertainty associated with this choice open. A confidence interval quantifies that
uncertainty by yielding a subset Mθ±�(x)={f(x;θ), bθ − ² ≤ θ ≤ bθ + ²} ⊂Mθ(x),
but treats all θ inside the interval on par and provides no measure of uncertainty
associated with the models within the observed CI; it is well-known that one cannot
attach the pre-data coverage probability (1− α) to the observed CI.
Hypothesis testing, partitions the original statistical modelMθ(x) into two subsets

Mθ0(x) ={f(x;θ), θ∈Θ0} and Mθ1(x) ={f(x;θ), θ∈Θ1}, and poses the question
whether the data x0 were generated by Mθ0(x) or Mθ1(x). By narrowing down
Θ0 hypothesis testing can pose sharp questions to the data and potentially elicit
more incisive answers. However, the Neyman-Pearson accept/reject decision does
not give the sought after incisive answer to the question of which subset generated
the data. Accepting H0 : θ∈Θ0 does not necessarily mean that that data x0 provide
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evidence forMθ0(x) because the test might have had very low power to detect any
substantive departures of interest that were present. Similarly, rejecting H0 : θ∈Θ0

does not necessarily mean that that data x0 provide evidence for Mθ1(x) because
the test might have been oversensitive to minor departures from the null. These two
scenarios give rise to the well known acceptance (rejection) fallacy: interpreting the
acceptance (rejection) of the null as evidence for the null (alternative). A variant of
the rejection fallacy is the well-known confusion between statistical and substantive
significance.

4.2.3 Inductive reasoning in prediction
Prediction differs from estimation (point and interval) and hypothesis testing in so
far as it is not posing any questions concerning the data generating mechanism vis-
a-visMθ(x). Instead, it takes the estimated modelMθ(x) as given and seeks a best
guesstimate for observable events beyond the observation period, say Xn+1=xn+1,
in the form of a predictor bXn+1 = h(X). The prediction error is defined by en+1 =

(Xn+1− bXn+1), and its sampling distribution is evaluated under the true state of nature
(TSN), as in the case of estimation.
Example. In the case of the simple Normal model (table 1), the prediction error

takes the form:

en+1=(Xn+1−X)
TSNv N
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¢
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n
) providing a measure of the uncertainty associated with predicting the

event {Xn+1=xn+1} using bXn+1=X. This can be used to construct a prediction CI of
the form:
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´
=1−α. (28)

In summary, in hypothesis testing the probativeness of a test is assessed in terms of
its capacity (power) to reject (accept) the null when false (true), with the relevant type
I and II errors appraising its imperfectibility to do that, respectively. The relevant
error in the case of interval estimation concerns the imperfectibility of the CI interval
to cover the true value of the parameter in question. Similarly, in prediction the error
concerns the imperfectibility of the CI to cover the realized value of Xn+1.

4.3 Statistics and its foundational problems circa 1955

Fisher (1922, 1925, 1935) used the notion of a sampling distribution to construct
an almost complete optimal theory of point estimation which included the maxi-
mum likelihood method, the finite sample properties of unbiasedness, full efficiency,
sufficiency and the asymptotic properties of consistency and asymptotic Normality.
However, his significance testing based on the p-value was incomplete. A more com-
plete optimal hypothesis testing was proposed by Neyman and Pearson (1933) as
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a modification/extension of Fisher’s theory. Neyman (1937) used a duality result
between hypothesis testing confidence interval estimation to propose an optimality
theory for the latter.
Neyman (1950) superseded Fisher’s metaphor of an ‘infinite population’ as a basis

of a statistical model, with the notion of a ‘stochastic (chance) mechanism’, which
extended the intended scope of statistical modeling beyond IID samples. He described
the stages of statistical modeling as follows:
“There are three distinct steps in this [statistical modeling] process:
(i) Empirical establishment of apparently stable long-run relative frequencies ...
of events judged interesting, as they develop in nature.
(ii) Guessing and then verifying the ‘chance mechanism’, the repeated operations
of which produces the observed frequencies. This is a problem of ‘frequentist
probability theory’. Occasionally, this step is labelled ‘model building’. Naturally,
the guessed chance mechanism is hypothetical.
(iii) Using the hypothetical chance mechanism of the phenomenon studied to
deduce rules of adjusting our actions (or decisions) to the observations so as
to ensure the highest ‘measure of success’. (Neyman, 1977, p. 99)
In (i) Neyman demarcates the domain of statistical modeling to stochastic phe-

nomena which exhibit chance regularity, in the form of the long-run stability of
relative frequencies from observational data. In (ii) he provides a clear statement
concerning the nature of specification and model validation, and in (iii) he brings out
the role of ascertainable error probabilities in assessing the optimality of inference
procedures.
In summary, the crucial features the Fisher-Neyman-Pearson model-based statis-

tical induction can be summarized as follows:
(i) it models the data generating mechanism itself, ensuring the ampliative
nature of the inference,
(ii) it renders the premises testable vis-a-vis the data in hand,
(iii) it provides a way to assess the reliability of inference via the error
probabilities derived from the relevant sampling distributions,
(iv) it extends the intended scope of statistical modeling by broadening the
notion of a statistical model to include non-IID samples (stochastic processes)
(v) it formalizes various alternative forms of inference: estimation, confidence
intervals, hypothesis testing, prediction.

4.3.1 Philosophical/methodological tensions in statistics

Gigerenzer (1993) described the textbook discussion on hypothesis testing forged in
the 1960s as an ‘infelicitous hybrid’ of two fundamentally different approaches to
testing, the Fisher and Neyman-Pearson approaches. This hybrid testing adopted
the basic N-P framework but supplemented it with the p-value notion. Returning to
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the simple Normal model and the hypotheses in (18), the p-value:

P (|τ(X)| > |τ(x0)|; H0)=p(x0), (29)

was used to modify the accept/reject rule (27) into:

accept H0 if p(x0) > α, reject H0 if p(x0) ≤ α. (30)

This forged hybrid would have incensed both Fisher and Neyman, but practitioners
felt that the difference (p(x0) − α) T 0 could be intuitively interpreted as shedding
additional light on the ‘strength of evidence’ for or against H0. For example, a p-
value p(x0) = .00001, indicates much stronger evidence against H0 than p(x0) = .048.
Although there is an element of truth in this intuition, the p-value does not provide
an adequate resolution to bridging the gap between the coarse accept/reject rule and
an evidential interpretation of the inference result; see Barnett (1999).
The underlying problem is that accepting H0 in a N-P test does not warrant the

claim that data x0 provide evidence for H0. Also, rejecting H0 does not warrant the
claim that data x0 provide evidence for H1. Doing so gives rise to the well-known
fallacies of acceptance and rejection, respectively, which have bedeviled hypothesis
testing since the mid 1930s.
Similarly, a p-value of p(x0) = .125 could not be interpreted as data x0 providing

evidence forH0 because its falsifying-orientation renders such an affirmative evidential
interpretation unwarranted. Moreover, although a small p-value, say p(x0) = .01
provides some evidence for a discrepancy from H0, its dependence on the sample size
n renders such an interpretation susceptible to a particular instantiation of the fallacy
of rejection: statistical significance might not indicate the presence of substantive
significance; see Mayo (2005).
These problems gave rise to a numerous debates (see Harper and Hooker, 1976),

which were especially heated in the social sciences like psychology, sociology and
education; see Morrison and Henkel (1970), Lieberman (1971); more recently re-
discovered in economics (McCloskey, 1985). As a result of this debates social sci-
entists are currently making a concerted effort aided by journal editors to persuade
practitioners to reduce their reliance on p-value significance testing and use confidence
intervals (CIs) instead; see Harlow et al (1997), Altman et al (2000). The justifica-
tion underlying these efforts is that CIs are more informative than p-values and are
less susceptible to some of the fallacies and confusions that have befuddled hypoth-
esis testing. The only perceived drawback is that observed CIs cannot discriminate
among the values of the unknown parameter within that interval.
Hacking (1965) went further in criticizing the Neyman-Pearson testing arguing

that this theory is clearly incomplete. The pre-data (before-trial) error probabilistic
account of inference, although adequate for assessing optimality, is inadequate for
a post-data (after-trial) evaluation of the inference reached; see ibid., pp. 99-101.
He questioned the role of error probabilities post-data because they are inextricably
bound up with the frequentist ‘long-run’ metaphor of repeating the experiment under
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identical conditions, and put forward an after-trial likelihood-based support theory.
He changed his mind about the appropriateness of the latter in Hacking (1980).
In addition to the problem of:
(a) the proper form of inductive reasoning underlying frequentist inference, and
(b) the various fallacies the N-P approach is vulnerable to,

statistical modeling has been bedeviled by several additional outstanding philosoph-
ical/methodological issues including:
(c) the role of substantive subject matter information,
(d) statistical model specification vs. model selection,
(e) data mining, pre-test bias, double-use of data,
(f) multiple hypotheses in testing and the relevant error probabilities,
(g) model validation.
According to Rao (2004):
“The current statistical methodology is mostly model-based, without any specific

rules for model selection or validating a specified model.” (p. 2)
It turns out that most of the above issues depend crucially on being able to spec-

ify the relevant error probabilities unequivocally under a variety of different circum-
stances and assess the reliability of the inference in question. Addressing these prob-
lems depends crucially on finding an adequate post-data interpretation of Neyman-
Pearson testing that will enable one to give unambiguous answers to the question
‘when do data x0 provide evidence for (or against) H?’ Such a post-data interpre-
tation was proposed by Mayo (1991, 1996) in the form of severe testing reasoning.
Using this perspective Spanos (2000, 2001, 2006a-c, 2007b) discusses (c)-(e); Mayo
and Cox (2006) discuss (e)-(f).

5 The Error-Statistical approach

The term error-statistics was coined by Mayo (1996) in order to describe a refined
modification/extension of the Fisher-Neyman-Pearson frequentist approach to infer-
ence which can be used addresses some of the inveterate problems mentioned above.
In particular, the error-statistical approach emphasizes the learning from data ob-
jective and supplements the Neyman-Pearson testing framework with a post-data
evaluation of inference component based on severe testing reasoning. The term is
chosen to reflect the central role error probabilities play in assessing the reliability of
inference, both pre-data as well as post-data.
The post-data supplement enables one to address Hacking’s (1965) pre-data opti-

mality vs. post-data evaluation of inference issue, as well as deals effectively with the
various testing fallacies (acceptance, rejection) alluded to above. In addition, it deals
with Gigerenzer’s (1993) ‘infelicitous hybrid’ problem by accommodating Fisher’s sig-
nificance testing reasoning in the same statistical framework, interpreting the p-value
as a post-data error probability. The presence/absence of an alternative renders the
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Fisher and the N-P approaches to testing complementary and gives rise to no contra-
dictions. As argued in Spanos (1999), testing the validity of the premises of inferences
(Mis-Specification (M-S) testing) is more akin to the Fisher testing than to N-P test-
ing. M-S testing is particularly important for the error-statistical approach because
it enables one to secure the statistical adequacy of the model: the assumptions con-
stituting the statistical model are valid for data x0. Statistical adequacy constitutes
a necessary condition for the reliability of inference because it ensures that the ac-
tual error probabilities are approximately equal to the nominal ones; any discrepancy
between them is likely to give rise to misleading inferences. When a 5% nominal sig-
nificance level t-test (τ(X), C1(.05)) turns out to have a 95% actual significance, it
is highly likely that it will give rise to unreliable inferences; see Spanos and McGuirk
(2001), Spanos (2005).
Using statistical adequacy as the exclusive criterion for the choice of a statistical

model vis-a-vis data x0, goes a long way toward addressing another inveterate prob-
lem in empirical modeling, that of model selection based on goodness-of-fit criteria,
including Akaike type information criteria. In traditional accounts statistical model
specification, as envisaged by Fisher (1922), is often conflated with model selection.
The latter, however, is always viewed as based on comparing a number of different
prespecified models on some criterion or other, which is a relativist comparison. In
contrast, statistical adequacy is a non-relativist criterion because it concerns how well
a particular statistical modelMθ(x) captures the systematic information in data x0.
Model selection makes statistical sense only when one is comparing between different
statistical models whose adequacy has already been established; see Spanos (2007b).
The error-statistical approach also elucidates the comparisons between p-values

and CIs and can be used to address the problem of ‘effect sizes’ (see Rosenthal et
al, 1999) sought after in some applied fields like psychology and epidemiology; see
Spanos (2004).

5.1 Severe testing reasoning

5.1.1 Post-data error probabilities

It is well-known that one cannot attach the coverage probability (1−α) to the observed
CI:

[x− cα
2
( s√

n
), x+ cα

2
( s√

n
)]; (31)

see Arnold (1990). The reason is that what constitutes error in this case cannot even
be defined post-data since the underlying factual reasoning would require one to know
the true value μ∗. Moreover, even if that were possible the post-data coverage error
probability will be either zero or one, depending on whether the true value μ∗ of the
parameter lies or does not lie within the observed CI (31). Hence, factual reasoning
does not lend itself to defining post-data error probabilities.
In contrast, counterfactual reasoning can be easily adapted to give rise to post-

data error probabilities. Indeed, the p-value in (29) can be legitimately viewed as
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such. What makes it a post-data error probability is the fact that it can only be
defined post-data and its evaluation is based on the same sampling distribution as
that of type I error. Reflecting on these two error probabilities, it is clear that,
post-data, the de facto relevant threshold is no longer the pre-designated cα

2
, but

the observed value of the test statistic |τ(x0)|. The difference between factual and
counterfactual reasoning and the associated error probabilities can be used to explain
why the various attempts to relate p-value and observed confidence interval curves
(see Birnbaum, 1961, Kempthorne and Folks (1971), Poole, 1987) were unsuccessful;
see Spanos (2004).
Users of significance testing have long felt that the smaller the p-value the better

the accord of x0 with H1, but the dependence of p(x0) on the sample size made that
intuition very difficult to flesh out correctly. A way to formalize this intuition and
bridge the gap between the coarse accept/reject rule and the evidence for or against
a hypothesis warranted by the data was proposed by Mayo (1991) in the form of a
post-data evaluation of inference using the notion of severity.

5.1.2 Severe testing

A hypothesis H passes a severe test T with data x0 if,
(S-1) x0 agrees with H, and
(S-2) with very high probability, test T would have produced a result that
accords less well with H than x0 does, if H were false.
The inferential interpretation stems from the fact that H passing test T provides

good evidence for inferring H (is correct) to the extent that T severely passes H with
data x0. By evaluating the severity of a test T , as it relates to claim H and data
x0, we learn about the kind and extent of errors that T was (and was not) highly
capable of detecting, thus informing one of errors ruled out and errors still in need
of further probing. Thus, from the thesis of learning from error, it follows that a
severity assessment allows one to determine whether there is evidence for (or against)
claims; see Mayo (1996).
In order to see how the above notion of severity can be formalized let us return

to the simple Normal model (table 1) and, to simplify the notation, consider the
one-sided hypotheses:

H0 : μ = μ0 vs. H1 : μ > μ0. (32)

It is well-known that Tα:={τ(X), C1(α)} (see (25), (20)) defines a Uniformly Most
Powerful (UMP) test; see Lehmann (1986). Depending on whether this test has given
rise to accept or reject H0 with data x0, the post-data evaluation of that inference
takes the form of:

Sev(Tα;x0;μ ≤ μ1) = P(τ(X) > τ(x0);μ ≤ μ1 is false)=P(τ(X) > τ(x0);μ > μ1),

Sev(Tα;x0;μ > μ1) = P(τ(X) ≤ τ(x0);μ > μ1 is false)=P(τ(X) ≤ τ(x0);μ ≤ μ1),
(33)
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respectively, where μ1=μ0+γ, for γ ≥ 0. The severity evaluation introduces a dis-
crepancy parameter in order to define the relevant inferential claims associated when
accepting (μ ≤ μ1) or rejecting H0 (μ > μ1). In the case of accept, the idea is to
establish the smallest discrepancy γ from H0, and in the case of reject establish the
largest discrepancy γ from H0, that is licensed by data x0. The discrepancy parame-
ter γ plays a crucial role in the severity assessment because it reflects what Fisher
called the ‘strength of evidence’ for or against the null warranted by data x0.
Viewed from the severity perspective the p-value can be interpreted as a crude

post-data error probability that lacks the discrepancy parameter refinement. To see
this let us consider a severe-testing interpretation of using a small p-value, say p = .01,
to infer that data x0 provide evidence against H0.

5.1.3 Severe testing and the p-value

Such a small p-value indicates that x0 accords with H1, and the question is whether
it provides evidence for H1. The severe-testing interpretation suggests that H1 has
passed a severe test because the probability that test Tα would have produced a result
that accords less well with H1 than x0 does (values of τ(x) less than τ(x0)), if H1

were false (H0 true) is:

Sev(Tα;x0;μ > μ0)=P(τ(X) ≤ τ(x0);μ ≤ μ0) =1−P(τ(X) > τ(x0);μ=μ0)=.99,

and is very high. The severity construal of the p-value brings out its most cru-
cial weakness: it establishes the existence of some discrepancy γ ≥ 0, but provides
no information concerning the magnitude of the discrepancy γ licensed by data x0.
Moreover, the dependence of the p-value on the sample size can belie the warranted
discrepancy. The severity evaluation addresses both of these problems (Mayo and
Spanos, 2006).
The severity assessment allows for a post-data objective interpretation of any

N-P test result that bridges the gap between the coarse accept/reject decision and
the evidence for or against the null warranted by the data; it can be applied to any
(properly defined) N-P test. When the severity evaluation of a particular inferential
claim, say μ ≤ μ0+γ, is very high (close to one), it can be interpreted as indicating
that this claim is warranted to the extent that the test has ruled out discrepancies
larger than γ; the underlying test would have detected a departure from the null as
large as γ almost surely, and the fact that it didn’t suggests that no such departures
were present. Viewing N-P tests from the severe testing perspective, suggests that the
value of confining error probabilities at small values is not only the desire to have a
good track record in the long run, but also because of how this lets us severely probe,
and thereby learn about, the process that gave rise to data x0. This emphasizes the
learning from errors by applying highly probative procedures. Severity takes the pre-
data error probabilities as calibrating the generic capacity of the test procedure and
custom-tailors that to the particular case of data x0 and the relevant inferential claim
H, rendering the post-data evaluation test-specific, data-specific and claim-specific,
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hence the notation in (33). This can be used to provide unambiguous answers to the
question posed earlier:
When do data x0 provide evidence for or against a hypothesis H?
The chronic fallacies associated with N-P testing, alluded to above, can also be

addresses using Mayo’s post-data severe testing reasoning; see Mayo (1996), Mayo
and Spanos (2006).

5.1.4 Statistical vs. substantive significance

Of particular interest in econometrics is special case of the fallacy of rejection where
statistical significance is misinterpreted as substantive significance; it is interesting
to note that this problem was first raised by Hodges and Lehmann (1954), but their
attempt to address it was not successful. In the case of the hypotheses in (32),
rejecting H0 only establishes the presence of some discrepancy from μ0, say δ > 0,
but it does not provide any information concerning the magnitude of δ. The severity
evaluation Sev(Tα;x0;μ > μ1) associated with the claim that μ > μ1=μ0+γ, for some
γ ≥ 0, can be used to establish the warranted discrepancy γ∗, and then proceed to
assess whether γ∗ is also substantively significant or not. More generally, the severity
evaluation provides a sharper answer to the original question whether the data x0
were generated byMθ0(x) orMθ1(x), and addresses the lacuna left by the observed
CI, by replacing its factual reasoning with the counterfactual reasoning associated
with severe testing; see Mayo and Spanos (2006) for the details.

5.2 Statistical adequacy

Perhaps the most crucial feature of error-statistics is its reliance on error probabil-
ities, pre-data, to evaluate the trustworthiness of an inference procedure, and post-
data the evidential warrant of a claim. For such evaluations to be reliable, however,
one needs to ensure the validity of the underlying statistical modelMθ(x) (e.g. ta-
ble 1) demarcating the premises of inference when viewed in conjunction with data
x0:=(x1, x2, ..., xn). A crucial precondition for ensuring statistical adequacy is a com-
plete specification of a statistical model in terms of testable assumptions. Statistical
adequacy is tantamount to affirming the assumption that data x0 constitute a ‘truly
typical realization’ of the stochastic process represented by Mθ(x). In the context
of the error-statistical approach statistical adequacy is assessed using thorough Mis-
Specification (M-S) testing: probing for departures from the probabilistic assumptions
comprisingMθ(x) vis-a-vis data x0.
Denoting the set of all possible models that could have given rise to data x0 by

P(x), the generic form of M-S testing takes the form:

H0 : f∗(x)∈Mθ(x), vs. H1 : f∗(x)∈ [P(x)−Mθ(x)], (34)

where f∗(x) denotes the ‘true’ joint distribution of the stochastic process {Xt, t∈N}.
The specification of the null and alternatives in (34) indicates most clearly that M-S
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testing is probing outside the boundaries ofMθ(x), in contrast to N-P testing which
is searching within this boundary.
The problem that needs to be addressed for (34) to be implementable is to particu-

larizeMθ(x):= [P(x)−Mθ(x)] representing the set of all possible alternative models.
This can be as specific as a broader statistical modelMψ(x) that parametrically en-
compassesMθ(x), or as vague as a direction of departure fromMθ(x), which might
only implicitly determined; the latter is similar to a goodness-of-fit test.
The counterfactual reasoning underlying M-S tests is similar to Fisher’s signifi-

cance test reasoning: data x0 provide evidence for a departure from a null hypothesis
H0 in so far as x0 is ‘improbably far’ from what would have been expected if H0

were true. The difference is that in a M-S test H0 is always the statistical model in
questionMθ(x). ‘Improbably far’ is evaluated in terms of a distance function d(X)
whose form is related to the particularized version ofMθ(x). In the case where this
is an encompassing modelMψ(x), d(X) can be chosen using power, but in the case
whereMθ(x) is not explicitly specified, the chosen form of d(X) defining ‘improbably
far’, defines the implicit alternative to be the direction of departure fromMθ(x) with
maximum power. Even in the case whereMθ(x) is parametrically nested within the
alternative modelMψ(x), a M-S test is unlike a N-P test in so far as the validity of
the latter model is not a stipulation; for a N-P test to be reliable — the nominal and
actual error probabilities are approximately equal —Mθ(x) needs to be statistically
adequate. In a M-S test the primary role for the particularized alternative is to de-
termine the form of the distance function, and hence the power of the test. Hence,
rejection of the null in an M-S test cannot (should not) be interpreted as evidence
for the particularized alternative, implicit or explicit. The validity of a particularized
alternative such asMψ(x) needs to be established on its own merit;Mψ(x) shown
to be statistically adequate vis-a-vis data x0. Therefore, accepting the particular-
ized (explicit) alternative in a M-S test constitutes a classic example of the fallacy of
rejection.
How to choose (or create) a battery of M-S tests to probe for possible departures

from Mθ(x) as thoroughly as possible, and at the same time avoid circularity or
infinite regress, raises both philosophical/methodological and technical issues and
problems beyond the scope of this paper; see Spanos (1999), Mayo and Spanos (2004,
2006).
When any departures from the statistical model assumptions are detected, the

next step is to respecifyMθ(x), by choosing a different modelMϕ(x) which accounts
for the systematic information left unaccounted for by the original model. For all three
facets of statistical modeling, specification,M-S testing and respecification, data plots
(t-plots, scatter plots, P-P and Q-Q plots), as well as non-parametric methods, play
a crucial role in guiding one through the type of statistical regularities exhibited by
the data; see Spanos (1999, 2000).
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5.3 A chain of complecting models: theory ←→ data

Another aspect of modeling that the error-statistical approach differs appreciably
from the traditional approach is in terms of how the statistical and substantive in-
formation are integrated without compromising the credibility of either source of
information. The problem is viewed more broadly as concerned with bridging the
gap between theory and data using a chain of complecting models, theory (primary),
structural (experimental), statistical (data) built on two different, but related, sources
of information: substantive subject matter and statistical information (chance regular-
ity patterns); see Spanos (2006a) for further discussion. Disentangling the role played
by the two sources of information has been a major problem in modern statistics (see
Lehmann, 1990, Cox, 1990). The error-statistical perspective provides a framework
in the context of which these sources of information are treated as complementary,
and the chain of interconnected models can be used to disentangle their respective
roles. Ab initio, the statistical information is captured by a statistical model and
the substantive information by a structural model. The connection between the two
models is that a structural model acquires statistical operational meaning when em-
bedded into an adequate statistical model. Let us see some of the details in a generic
set up.

5.3.1 How theory links up to a statistical model

The term theory is used generically as any claim hypothesized to elucidate a phenom-
enon of interest. When one proposes a theory to explain the behavior of an observable
variable, say yk, one demarcates the segment of reality to be modeled by selecting the
primary influencing factors xk, aware that there might be numerous other potentially
relevant factors ξk (observable and unobservable) influencing the behavior of yk. A
theory model is used to denote an idealized mathematical representation of a theory,
say:

yk = h∗(xk, ξk), k∈N. (35)
A model, in general, denotes any idealized mathematical representation of a phe-
nomenon of interest, that facilitates ‘learning’ about that phenomenon. The guiding
principle in selecting the variables in xk is to ensure that they collectively account
for the systematic behavior of yk, and the omitted factors ξk represent non-essential
disturbing influences which have only a non-systematic effect on yk. The potential
presence of a large number of contributing factors (xk, ξk) explains the conjuring of
ceteris paribus clauses. This line of reasoning transforms the theory model (35) into
a structural (estimable) model of the form:

yk = h(xk;φ) + �(xk,ξk), k∈N, (36)

where h(.) denotes the postulated functional form, φ stands for the structural pa-
rameters of interest. The structural error term, defined to represent all unmodeled
influences:

{�(xk,ξk) = yk − h(xk;φ), k∈N} , (37)
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is viewed as a function of both xk and ξk. For (37) to provide a meaningful model
for yk the error term needs to be non-systematic: a white-noise (non-systematic)
stochastic process {�(xk,ξk), k∈N} satisfying the properties:

[i] E(�(xk,ξk))=0,
[ii] E(�2(xk,ξk))=σ

2,
[iii] E(�(xk,ξk)·�(xc,ξc)) = 0, k 6=c, k, c∈N,

⎫⎬⎭ ∀(xk,ξk)∈Rx×Rξ. (38)

In addition to [i]-[iii], one needs to ensure (see Spanos, 1995) that the generating mech-
anism (36) is ‘nearly isolated’ in the sense that the unmodeled component (�(xk,ξk))
is uncorrelated with the modeled influences (h(xk;φ)):

[iv] E(�(xk,ξk)·h(xk;φ))=0, ∀(xk,ξk)∈Rx×Rξ.

Looking at assumptions [i]-[iv] it is clear that they are empirically non-testable be-
cause their confirmation would involve all possible values of both xk and ξk. To render
them testable one needs to embed this structural into a statistical model; a crucial
move that often goes unnoticed. Whether a structural model can be embedded into
a statistical model or not depends crucially on the nature of the available statistical
data and their relation to the theory in question; sometimes the gap between them
might be unbridgeable.
The nature of the embedding itself depends crucially on whether the data Z0 :=

(z1, z2, ..., zn) are the result of an experiment or they are non-experimental (observa-
tional) in nature, but the aim in both cases is to find a way to transform the structural
error �(xk,ξk), for all (xk,ξk)∈Rx×Rξ into a generic white noise error process without
the qualifier.
In the case where one can perform experiments, controls and ‘experimental design’

techniques such as replication, randomization and blocking, can often be used to
‘neutralize’ and ‘isolate’ the phenomenon from the potential effects of ξk by ensuring
that the uncontrolled factors cancel each other out; see Fisher (1935). The objective
is to transform the structural error into a generic white noise process:µ

�(xk,ξk)
°° controls,
experim ental

design

¶
= εk v IID(0, σ2), k = 1, ..., n. (39)

This in effect embeds the structural model (36) into a statistical model of the form:

yk = h(xk;θ) + εk, εk v IID(0, σ2), k = 1, 2, ..., n, (40)

where the statistical error term εk in (40) is qualitatively very different from the
structural error term �(xk,ξk) in (36), because εk is no longer a function of (xk,ξk),
and its assumptions are rendered empirically testable; see Spanos (2006a). A widely
used special case of (40) is the Gauss Linear model ; see Spanos (1986), ch. 18.
In contrast to a structural model, which relies on substantive subject matter infor-

mation, a statistical model relies on the statistical information in D(Z1,Z2, ...,Zn;φ)
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— the statistical universe of discourse — that ‘reflects’ the chance regularity patterns
exhibited by the data. Hence, once Zk:= (yk,Xk) is chosen by some theory or theo-
ries, a statistical model takes on ‘a life of its own’ in the sense that it constitutes an
‘idealized’ probabilistic description of a (vector) stochastic process {Zk, k∈N}, giving
rise to data Z0, chosen to ensure that this data represent a ‘truly typical realization’
of {Zk, k∈N}. This statistical information, coming in the form of chance regularity
(recurring) patterns, has an objective ontology which can be independently verified.
Whether the data exhibit temporal dependence and/or heterogeneity is not something
one can fake or falsify, and exists independently of one’s beliefs; see Spanos (1999).
This purely probabilistic construal of a statistical model takes the sting out of the
theory-ladeness of observation charge since theory information is deliberately ignored
when data Z0 are viewed as a realization of a generic stochastic process {Zk, k∈N};
see Spanos (2006a-c) for further details
In this case, the observed data on zt := (yt,xt) are the result of an ongoing actual

data generating process. The embedding in this case is different in the sense that the
experimental control and intervention are replaced by judicious conditioning on an
appropriate information set Dt chosen so as to transform the structural error into a
generic white-noise statistical error:

(ut|Dt) v IID(0, σ2), t = 1, 2, ..., n. (41)

Spanos (1999) demonstrates how sequential conditioning provides a general way to
decompose orthogonally a stochastic process {Zt, t∈N} into a systematic component
μt and a martingale difference process ut relative to a conditioning information set
Dt; a modern form of a white-noise process.
A widely used special case of (41) is the Normal/Linear Regression model given in

table 3, where the testable assumptions [1]-[5] pertain to the probabilistic structure
of the observable process {(yt| Xt= xt), t∈N} and Dt := (Xt= xt). This model can
be formally shown to arise from a probabilistic reduction of the joint distribution
D(Z1,Z2, ...,Zn;φ)Ã

Qn
t=1D(yt| Xt;ψ1); see Spanos (1986).

Table 3 - The Normal/Linear Regression Model

Statistical GM: yt = β0 + β
>
1 xt + ut, t∈N,

[1] Normality: (yt | Xt = xt) v N(., .),
[2] Linearity: E(yt | Xt = xt) = β0 + β

>
1 xt, linear in xt,

[3] Homoskedasticity: V ar(yt | Xt = xt) = σ2, free of xt,
[4] Independence: {(yt | Xt = xt), t∈N} is an independent process,
[5] t-invariance: θ := (β0,β1, σ

2) do not change with t.

It is important to re-iterate that the error-statistical approach promotes thorough
probing of the different ways an inductive inference might be in error, by localizing the

34



error probe in the context of the different models, theory, structural and statistical,
mentioned above; see Spanos (2006a-b).
The above error-statistical perspective can been used to shed light on a num-

ber of methodological issues relating to specification, misspecification testing, and
respecification, including the role of preliminary data analysis, structural vs. statis-
tical models, model specification vs. model selection, and statistical vs. substantive
adequacy; see Spanos (2006a-c).

6 Problems in philosophy of science

In this section we present brief reflections on two problems in philosophy of science
when viewed from the error-statistical perspective.

6.1 Reflecting on curve-fitting

In its simplest form the curve-fitting problem is how to approximate an unknown
functional form between y and x, say y = h(x), by choosing among a family of curves,
say y =

Pm
i=0 αiϕi(x), m=1, 2, ..., which can be fitted through the scatter-plot of data

points z0:={(xk, yk), k=1, . . . , n} in a way that would capture the ‘regularities’ in
the data adequately; see Glymour (1980). The conventional wisdom is that there is
an infinity of possible curves (models) that can be considered to be ‘consistent with
any data’. The crucial problem is how to determine the ‘fittest’ curve if reliability of
inference is an important objective.
Viewed from the error-statistical perspective, the current framework for addressing

the curve-fitting problem is, on the one hand, the undue influence of the mathematical
approximation perspective, and on the other, the insufficient attention paid to the sta-
tistical modeling aspects of the problem. Using goodness-of-fit as the primary guiding
criterion, the mathematical approximation perspective undermines the reliability of
inference objective by giving rise to selection rules which pay insufficient attention
to ‘capturing the regularities in the data’. It is argued that high goodness-of-fit, is
neither necessary nor sufficient for reliable inference. The contention that one can
always fit an (n−1) degree polynomial, say yk =

Pn−1
i=0 αix

i
k, to data z0 (see Skyrms,

2000) is statistically fallacious because it ignores the fact the least-squares estimated
coefficients (bα0, bα1, ..., bαn−1) are inconsistent estimators of (α0, α1, ..., αn−1). There
is one observation for each parameter, rendering inference based on such a model
totally unreliable;see Spanos (2007b)
In the context of the error-statistical approach the fittest curve is the one which,

when embedded in a statistical model, turns out to be statistical adequate: its proba-
bilistic assumptions (say, table 3) are valid for data z0. The validity of these assump-
tions ascertains when a curve ‘captures the ‘regularities’ in the data’ and formalizes
the intuitive notion: the residuals contain no systematic information.
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The reliability of inference in the context of the error-statistical approach is achiev-
able because: (i) the premises of inductive inference are rendered empirically testable,
and (ii) statistically adequate premises ensure that the nominal error probabilities
approximate closely the actual error probabilities. Hence, the relevant error proba-
bilities can be used to assess the reliability of inductive inference. In Spanos (2007b)
the Kepler and Ptolemy models for the motion of the planets are compared in terms
of statistical adequacy and shown that, contrary to conventional wisdom, the two
models do not ‘account for the regularities in the data’ equally well; the former is
statistically adequate but the latter is not.

6.2 Reflecting on Duhem’s problem
Duhem’s problem has been discussed in some detail from the error-statistical per-
spective by Mayo (1997). The purpose of the brief note below is to relate it to the
notion of statistical adequacy.
According to the conventional wisdom in philosophy of science, Duhem’s problem

in testing a hypothesis h using data x0 arises from the fact that the observations
must be interpreted, and that interpretation always invokes auxiliary hypotheses
about phenomena or data, say A:=(A1, A2, ..., Am). Since these are usually part of
the broader premises (h&A), such results cannot provide independent evidence for
or against that hypothesis.
In terms of the simple modus tollens argument, Duhem’s problem takes the form:

If h&A, then e
not-e,
∴ not-h, or not-A

In the context of the error-statistics data x0 are interpreted (as a truly typical real-
ization) in the context of a statistical model A, comprising probabilistic assumptions
(A1, A2, ..., Am), and (h&A) constitutes the embedding of the primary hypothesis of
interest into the statistical model. (h, h) denotes the parameterization of the primary
hypothesis of interest h in the context of A.
Example. Let A represent assumptions [1]-[4] of the simple Normal model (table

1), and the primary hypothesis is parameterized by h : μ=μ0 vs. h : μ6=μ0. The
argument ‘if h&A, then e’ can be viewed as an instance of N-P testing reasoning
where when a test statistic is evaluated under h it is expected to yield e, but if
the p-value indicates that data x0 is ‘improbably far’ from what would have been
expected if h were true, that gives rise to not-e. But it could be that one of the
assumptions in A is false and that might be the source of inferring not-e. However,
in the error-statistical context the purely probabilistic construal of A enables one to
test the validity of assumptions (A1, A2, ..., Am) separately from h, and establish its
statistical adequacy without invoking h. M-S testing enables us, not only to probe
the validity of the assumptions [1]-[4], but also establish which, if any, of them are
false. Assuming that [1]-[4] turn out to be valid, the original modus tollens is now
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modified into: If h&A, then e
A & not-e,
∴ not-h

Severity then enables one to proceed from the inference not-h to establish the war-
ranted evidence for h.

7 Methodological issues in econometrics
In this section the error-statistical perspective is used to shed some new light on a
number of different philosophical/methodological issues in textbook econometrics.

7.1 Reliability/precision of inference and robustness

It is well known in statistics that the reliability of any inference procedure (estima-
tion, testing and prediction) depends crucially on the validity of the premises: the
probabilistic assumptions comprising the statistical model in the context of which the
inference takes place. Based on such premises, the optimality of inference methods in
frequentist statistics is defined in terms of their capacity to give rise to valid inferences
(trustworthiness), which is appraised in terms of the associated error probabilities:
how often these procedures lead to erroneous inferences. The trustworthiness of a
frequentist inference procedure depends on two interrelated pre-conditions:
(a) adopting optimal inference procedures, in the context of
(b) a statistically adequate model.
In frequentist statistics, the unreliability of inference is reflected in the differ-

ence between the nominal error probabilities, derived under the assumption of valid
premises, and the actual error probabilities, derived taking into consideration the par-
ticular departure(s) from the premises. Indeed, this difference provides a measure of
the sensitivity of the inference procedure to the particular departure from the model
assumptions; see Box (1979).
The main argument of this paper is that reliable and precise inferences are the

result of utilizing the relevant error probabilities obtained by ensuring (a)-(b). In prac-
tice, the unreliability of inference problem often stems from the inability to utilize the
relevant error probabilities arising from being unaware of the presence of departures
from the premises. However, even if one were in a position to utilize the actual error
probabilities, that, by itself, does not address the unreliability of inference problem
in general. This is because the presence of misspecification calls into question, not
only the appropriateness of the nominal error probabilities, but also the optimality
of the original inference procedure; without (b), (a) makes little sense. Hence, the
unreliability of inference problem is better addressed by respecifying the original sta-
tistical model and utilizing inference methods that are optimal in the context of the
new (adequate) premises; see Spanos (1986).
The distinctions between nominal, actual and relevant error probabilities is im-

portant because the traditional discussion of robustness compares the actual with
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the nominal error probabilities, but downplays the interconnection between (a) and
(b) above. When the problem of statistical misspecification is raised, the response is
often a variant of the following argument invoking robustness:
“All models are misspecified, to ‘a greater or lesser extent’, because they are mere
approximations. Moreover, ‘slight’ departures from the assumptions will only lead
to ‘minor’ deviations from the ‘optimal’ inferences.”
This seemingly reasonable argument is shown to be highly misleading when one

attempts to quantify ‘slight’ departures and ‘minor’ deviations. It is argued that
invoking robustness often amounts to ‘glossing over’ the unreliability of inference
problem instead of addressing it.
Example. Assume that data x0 constitute a ‘truly typical realization’ of the

stochastic process represented by the simple Normal model (table 1), but it turns
out that assumption [4] is actually invalid. Instead, the following form dependence is
present:

Corr(Xi,Xj) = ρ, 0<ρ<1, i 6= j, i, j = 1, ...n. (42)
As argued above, this is likely to render inference, such as the t-test, based on this
model unreliable. Let μ0 = 0, n = 100, α = .05, cα = 1.66. Table 4 shows that the
presence of even some tiny correlation (ρ = .05) will induce a sizeable discrepancy
between the nominal (α = .05) and actual type I error probability (α∗ = .25); this
discrepancy increases with ρ.

Table 4 - Type I error of t-test
ρ 0.0 .05 .10 .30 .50 .75 .90

α∗-actual .05 .249 .309 .383 .408 .425 .431

Similarly, the presence of dependence will also distort the power of the t-test. As
shown in table 5, as ρ → 1 the power of the t-test increases for small discrepancies
from the null, but it decreases for larger discrepancies. That is, the presence of
correlation would render a powerful smoke alarm into a faulty one, being triggered
by burning toast but not sounding until the house is fully ablaze; see Mayo (1996).

Table 5 - Power π∗(μ1) of the t-test
ρ π∗(.02) π∗(.05) π∗(.1) π∗(.2) π∗(.4)

0.0 .074 .121 .258 .637 .991
.05 .276 .318 .395 .557 .832
.1 .330 .364 .422 .542 .762
.3 .397 .418 .453 .525 .664
.5 .419 .436 .464 .520 .630
.75 .434 .447 .470 .516 .607
.9 .439 .452 .473 .514 .598

The above example illustrates how misleading the invocation of robustness can
be when one has no way of quantifying ‘slight’ departures and ‘minor’ deviations.
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Moreover, once certain departures from the original model assumptions are estab-
lished, the way to proceed is not to use the actual error probabilities, but to respecify
the original model and construct a new optimal inference procedure based on the
respecified model; see Spanos (2005, 2006a).

7.2 Weak assumptions and the reliability of inference

The current approbation in textbook econometrics for using the GMM (Hall, 2005)
and non-parametric methods (Pagan and Ullah, 1999), is often justified in terms of
the rationale that the broad premises assumed by these methods are less vulnerable
to misspecification and thus often lead to more reliable inferences. Indeed, these
methods are often motivated by claims of weak probabilistic assumptions as a way to
overcome unreliability. Matyas (1999, p. 1) went as far as to argue that, “the crises
of econometric modeling in the seventies” ... was "precipitated by reliance on highly
unrealistic strong probabilistic assumptions”, and the way forward is to abandon such
assumptions in favor of weaker ones. As argued in Spanos (2006a), this rationale is
highly misleading in so far as broader premises give rise to less precise inferences
without any guarantee of reliability, because they invariably invoke non-tested and
non-testable (differentiability of density functions and boundedness conditions) as-
sumptions, or/and asymptotic results of unknowable pertinence. Moreover, contrary
to commonly used claims data plots (t-plots, scatter plots, etc.) convey a good deal
of information pertaining to the underlying distributions and associated functional
forms; see Spanos (1999), ch. 5.
The quintessential example of this perspective is the Gauss-Markov (G-M) theo-

rem in the context of the Classical Linear model:
y = Xβ + u,

(1) E(u) = 0, (2) E(uu>) = σ2In, (3) rank(X)=k.
(43)

The G-M theorem establishes that the OLS bβ = (X>X)−1X>y is Best Linear Unbi-
ased Estimator (BLUE) of β under assumptions (1)-(3), without invoking Normality
((4) u v N(.,.)). In addition to BLUE being of very limited value The problem,

however, is that the G-M theorem yields an unknown sampling distribution (
?

D) forbβ, i.e. bβ v ?

D(β,σ2(X>X)−1), which provides a poor basis for hypothesis testing and
other forms of inference. Finite sample inference can only be based on inequalities
like Chebyshev’s and it will be very crude and imprecise; Spanos (1999), ch. 10. As a
result, practitioners usually invoke the central limit theorem to use the approximationbβ w N(β,σ2(X>X)−1), but one has no way of knowing how good this approximation
is for the particular sample size n; unless they prepared to do a thorough job with
probing for departures from the premises of the Linear Regression model as given in
table 3; see Spanos (2006a).
As argued in Spanos (1999), ch. 10, there is a lot of scope for non-parametric

inference in empirical modeling, such as in exploratory data analysis and M-S testing,
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but not for providing the premises of inference when reliability and precision are the
primary objectives.

7.3 Statistical ‘Error-fixing’ strategies and data mining

A number of different activities in empirical modeling are often described as unwar-
ranted ‘data mining’ when the procedures followed undermine the trustworthiness of
the evidence they give rise to.
Typically a textbook econometrician begins with a theory model, more or less

precisely specified, and proceeds to specify a statistical model in the context of which
the quantification will take place, by viewing the theory model as its systematic com-
ponent and attaching a white noise error as its non-systematic component. This
implicitly assumes that the chosen data provide apposite observations for the con-
cepts envisaged by the theory. Usually, the estimated model does not give rise to the
"expected" results in the sense that it often yields ‘wrong’ signs, insignificant coeffi-
cients for crucial variables, as well as indications that some of the model assumptions,
(see (43)) are invalid. What does one do next? According to Wooldridge (2006):
“When that happens, the natural inclination to try different models, different

estimation techniques, or perhaps different subsets of data until the results correspond
more closely to what was expected.” (ibid., p. 688)
This describes the well-known textbook ‘error-fixing’ strategy which takes the

form of estimating several variants of the original model (using OLS, GLS, GMM,
IV), guided by a combination of diagnostic checking and significance testing of the
coefficients, in the hope that one of these variants will emerge as the "best" model,
and then used as a basis of inference. What is "best" is conventionally left vague, but
it’s understood to comprise a combination of statistical significance and theoretical
meaningfulness.
The statistical ‘error-fixing’ strategies are based on a textbook repertoire of rec-

ommendations which arise from relaxing the G-M assumptions (1)-(3) (see (43)) one
at a time, and seeking ‘optimal’ estimators under a particular departure. For exam-
ple, when the no-autocorrelation assumption in (2) is invalid and instead E(uu>) =
Ω 6= σ2In, the recommendation is twofold. Either to retain the OLS estimatorbβ = (X>X)−1X>y but utilize the autocorrelation consistent standard errors for in-
ference purposes, or to use a Feasible Generalized Least Squares (FGLS) estimator
based on the autocorrelation-corrected model where the error terms is assumed to be
an AR(1) process ut = ρut−1 + εt. When the homoskedasticity assumption in (2) is
invalid a similar twofold recommendation is prescribed where one fixes the problem by
either retaining the OLS estimator bβ but uses the heteroskedasticity consistent stan-
dard errors for inference, or estimates the heteroskedastic variances using an auxiliary
regression: bu2t = c0 + c

>
1 zt + vt, (44)

and applies weighted least squares. As argued by Greene (2000), p. 521:
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“It is rarely possible to be certain about the nature of the heteroskedasticity in
regression model. In one respect, the problem is only minor. The weighted least
squares estimator is consistent regardless of the weights [zt] used, as long as the
weights are uncorrelated with the disturbances.”
In practice one is encouraged to try out different forms for the weights zt and pick

the one with the "best" results. When such statistical ‘error-fixing’ recommendations
are tried out, one is supposed to keep one eye on the ‘theoretical meaningfulness’
of the estimated variants and choose between them on the basis of what can be
rationalized both statistically and substantively.
It is widely appreciated that these ‘error-fixing’ strategies constitute problematic

forms of data mining:
“Virtually all applied researchers search over various models before finding the

"best" model. Unfortunately, this practice of data mining violates the assumptions
we have made in our econometric analysis.” (Wooldridge, 2006, p. 688)
The end result is that such ‘error-fixing’ misuses data in ways that ‘appear’ to

provide empirical (inductive) support for the theory in question, when in fact the
inferences are usually unwarranted. These ‘error-fixing’ procedures illustrate the kind
of problematic use of the data to construct (ad hoc) a model to account for an
apparent ‘anomaly’ (departures from model assumptions) that naturally gives rise to
skepticism; this is known as pejorative ‘double-use’ of data.
These strategies, driven by the search for an ‘optimal’ estimator for each different

set of error assumptions (OLS, GLS, FGLS, IV, GMM, etc.), ignore the fact that
model assumptions, such as [1]-[5] (table 3), are interrelated and thus the various
‘anomalies’ are often misdiagnosed, and the ad hoc ‘fixes’ of specific error assump-
tions lead to exacerbating (not ameliorating) the reliability of inference (see Spanos,
1986, 2000, Spanos and McGuirk, 2001). For instance, when autocorrelated residuals
are interpreted as autocorrelated errors, any inference based on the ‘autocorrelation-
corrected’ model’ is likely to be unreliable because the latter model is often as mis-
specified as the original; see Spanos (1986), McGuirk and Spanos (2004). As shown by
Spanos and McGuirk (2001), the autocorrelation/heteroskedasticity consistent stan-
dard errors do very little, if anything, to ameliorate the reliability of inference is prac-
tice. The general reasoning flaw in this respecification strategy is that by adopting
the alternative hypothesis in a misspecification test commits the fallacy of rejection.
More often than not, after such ‘error-fixing’ takes place - by choosing the ‘opti-
mal’ estimator that goes with the new set of error assumptions - one often ends up
(unwittingly) with another misspecified model (see Mayo and Spanos, 2004). This
misspecified model, however, is then used as a basis for deciding the sign and signifi-
cance of key coefficients in order to secure theoretical meaningfulness, giving rise to
unreliable inferences.
Viewed from the error-statistical perspective, each step in the above ‘error-fixing’

strategies fosters further errors, and ignores existing one (see section 2), with the
modeler being oblivious to them, enhancing the overall untrustworthiness of the evi-
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dence it gives rise to. Instead the modeler focuses on ‘saving the theory’ by retaining
the systematic component and ignoring alternative theories which might fit the same
data equally well or even better. By focusing the ‘error-fixing’ strategies the text-
book perspective overlooks the ways the systematic component may be misspecified
and. Moreover, incomplete specifications of statistical models are not conducive to
statistical adequacy; assumption [5] (see table 3) is not explicitly stated or tested in
practice.
This should be contrasted with warranted "data mining" which arises in cases

where, despite appearances to the contrary, the procedure followed enhances the reli-
ability of the inference reached. In the context of the error-statistical framework, the
procedures of specification (choosing the original statistical model), M-S testing and
respecification, as well as the use of graphical techniques, can be shown to constitute
warranted data mining; see Spanos (2000), Mayo and Spanos (2004).

7.4 Substantive ‘error-fixing’ strategies and theory mining

Since the 1970s the question most often posed in seminars to any presenter of an
applied econometrics paper, when discussing the estimation of a linear regression:

yt = β0 + β1xt + ut, t∈N, (45)

is ‘did you account for simultaneity in your model?’ For instance, the estimated
model in (1) provides a perfect target for the cognoscentis of textbook econometrics.
The right answer is supposed to be ‘yes I did and here are my Instrumental Variables
(IV) estimates’. The discussion would invariably move to whether the particular set
of chosen instrumental variables, sayWt, are ‘optimal’ or not and the correct answer
to that is expected to be a good ‘explanation’ of why it is reasonable to assume that:
(i) E(Xtut) 6= 0 in (45), (ii) E(Wtε2t) = 0, (iii) Cov(Wt,Xt) 6= 0 in (6);

conditions (ii)-(iii) ensure that the IV estimator of β1 is consistent. A comparison
between the OLS and IV estimates if often used as an indication of how serious the
simultaneity problem is, and the choice between the two estimators (models) is often
made on the basis of a combination of statistical significance of key coefficients like
β1 and theoretical meaningfulness. With these criteria in mind, the cognoscenti of
textbook econometrics search through several sets of instrumentsWt, and choose as
‘optimal’ the set that meets their expectations, and then they forge an ‘explanation’
for this choice. This is a textbook substantive ‘error-fixing’ strategy which constitutes
theory mining that usually gives rise to unreliable inferences with probability one.
This is because such a procedure is rife with potential errors and one has no way of
detecting or avoiding them.
The problem begins with conditions (i) and (ii) which are clearly unverifiable,

giving the impression that the choice of ‘optimal’ instruments is a matter of rhetoric;
it is not! The choice of instruments is not just a matter of giving a persuasive ‘story’
why the set of instrumentsWt one happens to choose satisfies (i)-(iii). As argued in
Spanos (1986, 2007a) the choice of optimal instruments also depends on the statistical
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adequacy of the system of equations in (6) in conjunction with the confirmation of
(iii) and (iv) Cov(Wt, yt) 6= 0 in its context.
To illustrate these arguments let us return to the estimated model in (1) and

consider the following set of instrumentsWt := (W1t,W2t,W3t,W4t,W5t) where W1t

- price of oats, W2t - output of oats, W3t - price of potatoes, W4t - out of potatoes,
W5t - rainfall; all prices and output series denote proportional changes like (yt, xt).
Re-estimating (1) using the IV method yields:

yt =7.180
(2.179)

− 0.689
(.090)

xt + eut, R2=.622, s=14.450, n=45, (46)

showing only minor differences between the OLS and IV estimates. One could take
this as an excellent indication that the original estimates are robust and simultaneity
is not a problem in this case. However, looking at the overidentifying restrictions
test for (46), F (4, 39)=13.253[.0000007], indicates that such an inference might be
premature; the restrictions are strongly rejected. The truth of the matter is that
none of the t-ratios, and F-statistics invoked in the above arguments is statistically
meaningful unless they are based on statistically adequate models. Not surprisingly,
both estimated equations (1) and (46) are seriously statistically misspecified. More
importantly, the statistical meaningfulness of (46) depends crucially on the statistical
adequacy of the implicit reduced form in (6). Using several M-S tests for this system
of equations (see Spanos, 1986, ch. 24, Spanos, 1990) one can easily verify that
it is misspecified — assumptions [1], [2], [4], [5] (see table 3) are invalid — calling
into question the reliability of all inferences including that of the overidentifying
restrictions test.
Hence, the substantive ‘error-fixing’ strategy of invoking simultaneity and using

IV estimators does is not usually remedy the initial statistical misspecification of (1)
problem, but instead it enhances the unreliability of inference by bringing into the
statistical analysis additional equations which are also statistically misspecified.

7.5 Bias-inducing procedures revisited

In this sub-section, it is argued that certain bias-inducing arguments constitute in-
appropriate formalizations of well-known testing fallacies; the result of conflating
estimation with testing error probabilities.

7.5.1 Pre-test bias

The pre-test bias argument is often used in econometrics to raise questions about the
appropriateness of various model selection methods based on some form of testing;
see Mittelhammer et al (2000). To bring out the gist of the argument consider the
following two alternative models:

M0 : yt = β0 + β1xt + ut,
M1 : yt = β0 + β1xt + ut, ut = ρut−1 + εt,

(47)

43



where the choice between them will be decided on the basis of the Durbin-Watson
(D-W) test for the hypotheses:

H0 : ρ = 0, vs. H1 : ρ 6= 0.
The choice betweenM0 andM1 is viewed as one of choosing between two estimators
of β1 and then formalized in decision-theoretic terms using the pre-test estimator β̈1 :

β̈1 = λbβ1 + (1−λ)eβ1, where λ = ½ 1, if H0 is accepted,
0, if H0 is rejected,

(48)

viewed as a convex combination of the two alternative estimators (bβ1, eβ1); bβ1 is the
OLS estimator underH0 (M0), and eβ1 is the GLS estimator underH1 (M1). It turns
out that the sampling distribution of β̈1 is often non-Normal, suffering from bias and
has a complicated variance; see Mittelhammer et al (2000). The pre-test argument
suggests that when these effects are ignored one uses the ‘wrong’ error probabilities,
giving rise to unreliable inferences.
When the pre-test bias argument, based on (47), is viewed in the context of

the error-statistical approach, it becomes clear that the conceptual foundations of
this argument are questionable. First, adopting the alternative in a M-S test is an
example of the classic fallacy of rejection: evidence against the null is misinterpreted
as evidence for the alternative. The validity of the alternative model M1 needs to
be established separately by testing its own assumptions; see Spanos (2000, 2001).
Second, it misconstrues an M-S testing problem (testing the validity of assumption
[4] table 3) as an estimation problem whose relevant error probabilities are evaluated
using a loss function. As argued in section 4, the error probabilities for estimation
and testing are very different in nature and conflating the two can lead to major
confusions.

7.5.2 Omitted Variables bias

A question that arises from the discussion of the above example is the extent to which
the criticisms of the pre-test bias argument depend on the fact that it was essentially
an M-S testing problem. The short answer is that it does not. The real problem with
the pre-test bias argument is that it conflates two very different error probabilities, by
replacing testing with estimation. To see this consider the classic omitted variables
problem where the following two alternative models are compared:

M0 : yt = β0 + β1x1t + ut, M1 : yt = α0 + α1x1t + α2x2t + εt, (49)

and the decision will be made on the basis of the t-test for the hypotheses:

H0 : α2 = 0, vs. H1 : α2 6= 0;
see Leeb and Potscher (2005). This poses a crucial problem of confounding which
is motivated by concerns that the estimated model M0 could have omitted a certain
potentially important factor X2t misidentifying the influence of X1t on yt, and thus

44



giving rise to misleading inferences. Formulating this problem as one of pre-test es-
timation based on β̈1 = λbβ1 + (1−λ)bα1, where λ is given in (48), (bβ1, bα1) denote
the OLS estimators of (β1, α1) is problematic for several reasons. First, the parame-
terizations of (β1, α1) are very different; one is not estimating the same parameter
in the two cases. Second, the framing of the problem in terms of a choice between
two point estimators is inadequate for the task, because it mechanically interprets
accept and reject as evidence forM0 andM1, respectively; committing both classic
fallacies of acceptance and rejection. Third, the pre-test bias is evaluated in terms
of estimation error probabilities, like the Mean Square Error, but the relevant error
probabilities are the ones associated with testing. Indeed, the most effective way to
address the confounding problem is to treat it as a N-P testing problem and supple-
ment accept/reject with post-data error probabilities associated with severe testing;
see Spanos (2006b).
The comparison of the two models in (47) and (49) differ in so far as the for-

mer concerns statistical adequacy, but the latter concerns substantive adequacy: does
modelM0 provide an adequate explanation for the behavior of yt? One can show that
there are eight alternative scenarios (different answers) to the confounding question in
(49), depending on the non-zero values of Cov(yt, X1t), Cov(yt,X2t), Cov(X1t, X2t),
which can only be probed adequately using hypothesis testing; estimation is too crude
a method. Moreover, the comparison in (49) gives rise to reliable inferences only to
the extent thatM1 in (49) is statistically adequate, ensuring that the N-P tests em-
ployed to distinguish between the different scenarios are reliable; their actual error
probabilities approximate well the nominal ones. No such presupposition is invoked
in the case of (47); see Spanos (2006b).

8 Conclusions

The current state of applied econometrics, viewed as the empirical understructure of
economics, calls for much greater attention to be paid to the philosophical foundations
of empirical modeling. Like political arithmetic towards the end of the 18th century
(see Spanos, 2007b), current econometrics runs a great risk of losing credibility as a
way to provide empirical foundations to economic theorizing and policy analysis. The
accumulation of mountains of untrustworthy empirical evidence in applied economet-
rics over the last century is a symptom of major weaknesses in the methodological
framework for empirical modeling in economics. The current textbook approach to
econometric modeling pays little, if any, attention to ensuring the reliability of in-
ference by probing for all potential errors that could lead the inference astray. The
‘error-fixing’ strategies endanger the trustworthiness of the empirical evidence they
give rise to and often brush aside other forms of potential errors, including the data
inaccuracy, incongruous measurement and substantive inadequacy.
An attempt has been made in this paper to bring out some of these weaknesses

and make constructive suggestions on how the reliability of inductive inference in
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econometrics can be improved by viewing empirical modeling in a richer and more
refined methodological framework known as the error-statistical approach. This ap-
proach derives from both modern frequentist statistics and the philosophy of science
tradition of new experimentalism, and considers the primary objective of empirical
modeling to be ‘learning from data’ about phenomena of interest. Such learning is
achieved by employing reliable procedures with ascertainable error probabilities. The
form of inductive reasoning adopted is based on the notion of severe testing, which
strongly encourages the probing of the different ways an inference might be in error.
The severe testing reasoning can also shed light on several important methodologi-
cal issues which concern the nature, interpretation, and justification of methods and
models that are relied upon to learn from observational data.
In particular, the error-statistical framework: (a) views empirical modeling as

bridging the gap between theory and data, using a chain of complecting models, (b)
affords the data ‘a life of their own’, (c) specifies statistical models in terms of testable
probabilistic assumptions concerning the observable processes, (d) allows for both
statistical and substantive information to play important roles without compromising
the integrity of either, and (e) encourages error probing at all levels (models); see
Spanos (2006a-c). Reliable theory testing can only takes place when a substantive
claim is assessed in the context of a statistically adequate model of the data. Only
then, can ‘learning from data’ contribute significantly towards establishing economics
as an empirical science.
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