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| nt roducti on

In classical hypothesis testing a null hypothesis is posed
against an alternative. A critical significance level (typically
.05) is chosen in advance. If a preselected test statistic is
observed to fall within a prespecified range that under the nul
has a probability equal to the critical significance |evel then
the null hypothesis is rejected in favor of the alternative. |If
the test statistic is observed to fall in a range that has a
probability greater than the critical value, the null hypothesis
“fails to be rejected”; our confidence in the correctness of the
null hypothesis is increased given that the data do not speak
strongly against it.

Under the null, the distribution of test statistics is known.
Their cunulative distributions are given by the nmargina
significance |l evels associated with them a test statistic has an
8 percent chance of falling below the value of the .08
significance |evel. Qur know edge of the distribution of test
statistics allows as to exam ne a set of tests that fail to reject
null hypotheses and ask the following question: does the
distribution of these test statistics conform to what we would
expect if a prespecified fraction of the null hypotheses were in
fact true?

In other words, we can use the results of classical hypothesis
tests toin turn performa classical test of the hypothesis that a
fraction p of null hypotheses are true. W perform such a test,
and find that we can reject at the .05 level the null hypothesis

that nore than about one-third of unrejected null hypot heses--nore



t han one-el eventh of all tested hypotheses--are true. Moreover,
our point estinmate is that none of the unrejected nulls is true.

We consider three prinme contenders as explanations for this
finding. First, “So what? W know that all hypotheses are fal se-
-they are only approxi mations”; second “So what? W all know t hat
data m ni ng negates the classical distribution of the t-statistic,
so why be surprised that test statistics fail to conformto the
distribution classical theory clains they should have?”; third
“Hrm Per haps papers that fail to reject their null hypotheses
survive referees and get published if and only if the null
hypot heses they test are false.” W are synpathetic to all three
views, and all three have significant inplications for the way
econoni sts do and eval uate enpirical research. W, however, argue
that the last provides the nobst inportant explanation for our
fi ndi ngs.

Section Il outlines our basic approach to determning the
fraction of unrejected null hypotheses which are, in fact, false.
Section |11l presents our data. The principal findings are
described in section IV. Section V assesses the three potenti al
explanations for our findings. Section VI summarizes our
concl usi ons, and poses the peculiar dilemma our findings pose for
lines of enpirical research which rely on failures to reject nul

hypot heses as confirmatory evi dence.

1. Qur Approach

Most enpirical work in economcs tests a null hypothesis:

(1) H: f(a) =1



agai nst an alternative:

(2) H: f(a) <1

where a is a vector of paranmeters generating the data, and f() is

sonme function, which we without |oss of generality take to be the
mar gi nal significance | evel of the calculated test statistic, and
thus to be uniformy distributed over [0, 1]. An estinmate a of a
is obtained, and anal yzed using some pre-chosen critical |evel x
(typically set at .05). If:

(3) f(a) £ x
then we say that we reject the null hypothesis Hp—oncl ude

provisionally that it is false—+n favor of the alternative

hypot hesi s Hy, which we provisionally conclude is true. |[f:

(4) f(a) > x
we then say that we have failed to reject the null hypothesis Hp--
and our confidence in Hy i s increased.

As we all learned in our first statistics class, such a
deci sion procedure is subject to two types of errors. First, we
can erroneously reject a true null hypothesis Hp because an
unlikely realization of the underlying randomprocess has led to a
| ow value of f(a). It has becone standard to set the critica
value x at .05, so that when the null hypothesis Hy is true such
type Il errors occur only 5% of the time--the size of the test is
5%

Second, we can erroneously fail to reject a false nul

hypot hesis Hy when the alternative Hy is in fact true. As a rule

the critical value x is not adjusted for the probability of such

type | errors. Typically, the alternative hypothesis Hp is

diffuse and the test statistic f(a) has a different distribution



for each point in Hq. Calculating the distribution of f(a) under

the alternative in order to construct hypothesis tests of a
speci fied high power--and | ow chance of a type |I error--requires,
it is argued, nore know edge of the distribution of f(a) under Hj
t han the data can provide.

Econom sts’ statistical tests, therefore, typically have a
known size of 5% but an unknown power q. There is a tight bound
on the chance of a type Il error. |If the null hypothesis Hy is
true in a fraction p of hypothesis tests, then the fraction of
hypot hesis tests that produce a type Il error--land in the upper
right box of figure 1--is .05p, which nust be |ess than or equal
to .O05. By contrast, there is no anal ogous tight bound on the

chance of a type | error—ef failing to reject a false nul

hypothesis Hy and landing in the |ower left box of figure 1.

Figure 1
Possible Outcomes
Fail to Reject Reject
Hg Hg

Htrue 95p .05p p

Hjtrue | (1-9)(1-p)| a(L-p) (1-p)

1-g+ q+
(a--05p (.05-g)p

In this paper, we examne a |arge nunber of hypothesis tests

t hat have been carried out in the past fewyears in order to | earn

about the fraction p of null hypotheses Hy that are true and about

t he average power g of econom sts’ hypothesis tests. W concl ude



that p is essentially zero: that only a very small fraction of
the null hypotheses in published articles are true. Failures to
reject nulls are therefore al nost always due to |ack of power in
the test, and not to the truth of the null hypothesis tested.

Recal | that if the null hypothesis Hyp is true, the function f()

is uniformy distributed over [0, 1] and satisfies:

(5) P{f(a) * p} =1-p
Under the alternative Hi, f(a) has some unknown cunulative

distribution G

(6) P{f(a) ®* p} =1- (p)

W will assunme that the density g(p) under the alternative is
decreasing in p, sothat [1-Gp)]/[1-p] falls nonotonically froml
at p=0 to g(1) at p=1. This is sinply an assunption that the
hypothesis test is not a biased test--that the chances of
obtaining a value of f(a) below x and rejecting the null are
greater under the alternative than under the null. W require
that for any significance level we be nore likely to reject the
null when it is false than when it is true.

We use (5) and (6) to wite the unconditional distribution of

f(a) interms of the distribution G and the unknown fraction p of

nul | hypotheses Hy that are in fact true:
(7) P(f(a) ® p) =p(l-p) + (1-p)(1 - p))

Since the cumul ative distribution p) £ 1 for all pin [0, 1]:

P(f(a) ° p)
(8) pE

Equation (8) allows the construction of an upper bound on the

fraction p of null hypotheses that are true. For every critical



value p, the fraction of reported test statistics with margina
significance |levels at or above p provides us with an estinate of
the nunmerator of (8); if one-half of all null hypotheses tested
are true, then at | east one-tenth of marginal significance |evels
f(a) ought to be above 0. 8.

The bound (8) is tightest for values of p near one, for their
the density g(p) under the alternative is lowest. The bound (8)
beconmes trivial for values of p fixed near zero: at p=0 equation
(8) becones p £ 1/1, which is always satisfied.

It would not be surprising to find that nost null hypotheses in
econonm cs are false. After all, economsts typically devel op
nodel s which inply that a given paraneter is non-zero, and pit it
as alternative against the null hypothesis that the paraneter is
zero. Thus null hypotheses are formulated in such a way that it
is intended that they be rejected. And nearly three-quarters of
econonmcs articles in our sanple reject their central null.
Therefore in this paper we concentrate on those hypotheses that
the authors concluded were not rejected. W determne the
fraction of these unrejected null hypotheses that were in fact

f al se.

III. Data

W collected our data by reading recent issues of mjor
econonmcs journals to find articles in which the central null
hypot heses set forth by the authors had not been rejected. We
limted ourselves to enpirical papers which tested substantive

econoni ¢ hypot heses: thus we did not include tests of the



“exogeneity of the instrunents” or other specification tests
unless they were the principal test of a substantive economc
hypot hesi s which was the central focus of the paper. Simlarly,
we did not include tests of whether, for exanple, the elasticity
of labor supply was equal to zero unless a theory posited in the
paper suggested this value was of particular interest.

For each paper, we tried to ascertain the nbst central
hypot hesis tested and, when in doubt, chose the first test
presented. Thus if an author first presented COLS results and then
i nstrunmental variables results which she or he argued were to be
preferred, we used the 1V results; but if the IV results were
i ncluded nmerely to show the robustness of the findings, we used
the OLS results. Qccasionally a test statistic was sinply
reported as significant or insignificant; we were unable to make
use of this information.

As much as possible we tried to conformto the author’s sense
of what was the single nost inportant or reliable specification.
The choice of test was, however, to sonme extent arbitrary. This
rai ses the possibility of “coding bias”: perhaps our judgnents of
what was the principal hypothesis test of a paper were unduly
i nfluenced by our expectations of the results of this project. A
better experinmental design--one comon anong psychol ogi sts--woul d
have been to have the data coded by assistants who have no point
of view about or stake in the outcone of the research project.

W began by exam ning what we take to be the four principa

journals read by Anerican econom sts: the Anerican Econonic

Revi ew, Econonetrica, the Journal of Political Econonmy, and the

Quarterly Journal of Econonmics. After examning two years’ worth




of Econonetrica and uncovering only two articles in which the

central null hypothesis failed to be rejected, we substituted the

Revi ew of Econonics and Statistics for Econonetrica. OQur data are

t herefore from the Aneri can Econom ¢ Revi ew (1984- 88),

Econonetrica (1986-87), the Journal of Political Econony (1984-

87), the Quarterly Journal of Econonics (1985-88), and the Review

of Econom cs and Statistics (1986-88). The final sanple consisted

of 94 articles from RESTAT, 81 fromthe JPE, 73 fromthe AER 16
fromthe QE and 12 from ECMA 78 of the total of 276 centra
hypot hesis tests failed to reject the null at the 0.1 |evel.

Wile it was not our objective in collecting these data to
anal yze the general treatnent of hypothesis testing in the
econom cs profession, we did discover sone regularities that we
think are worth reporting in their own right. First, in the vast
majority of cases test statistics significant at the .1 but not
the .05 level are treated as significant rejections of null
hypot heses--often, but not always, justified by the simlarity of
results across specifications or by the finding of a “significant”
coefficient in a subsequent properly-tuned specification. Wile
this practice does not conform to the teachings of classical
statisticians, it may neverthel ess be sensible. Since in practice
0.1 appears to be the critical value for rejecting or failing to
reject nulls, we treated “unrejected nulls” wth marginal
significance levels below 0.1 as rejections.

Per haps the nost striking serendipitous finding to us was the
scarcity of hypothesis testing in the major journals. In the
absence of the RESTAT and the papers and proceedi ngs i ssue of the

AER  papers organized around fornmal tests of central nul



hypot heses woul d be scarce.

V. Results

Table 1 presents the distribution of +the probabilities
associated with the test statistics in the papers we analyzed,
along with the inplied upper bounds on p, the fraction of null
hypot heses which are true. W focus attention on the tighter
bounds obtained for values of p fixed near one at 0.9 and O. 8.
The conclusions are striking. |In our sanple, there are no val ues
of f(a) greater than 0.9. One-tenth of f(a) values should fal
into the range 0.9-1.0 when the null hypothesis Hy is true. The

inplied estinmate of p is therefore zero: no null hypotheses are

true.

A less extrene estinmate conmes from examng the fraction of
unrejected null hypotheses with f(a) > 0.8. Two- ni nt hs  of
unrejected nulls should fall into this category when the null
hypot hesis is true; we actually find that only four out of the
seventy-eight unrejected nulls (and the two hundred seventy-siXx
nulls tested) do so. This produces a point estinate that 6.5
percent of all tested null hypotheses are true--that 23 percent of
unrej ected null hypotheses are true.

Table 1
Distribution of Reported Marginal Significance Levels

Esti mat ed Upper Esti mat ed Upper

Mar gi nal Nurber of Bound on Bound on

Si gni fi cance Hypot hesi s True Nulls/ True Nulls/

Level s Tests Total Hypotheses* Unrejected Nulls*
1.0-0.9 0 0 % 0 %
0.9-0.8 4 6 % 23 %
0.8-0.7 7 11 % 42 %
0.7-0.6 7 13 % 52 %
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0.6-0.5 6 14 % 54 %
0.5-0.4 11 17 % 66 %
0.4-0.3 11 20 % 75 %
0.3-0.2 14 23 % 86 %
0.2-0.1 18 28 % 100 %

*Estimated by the ratio of the nunber of hypotheses with marginal significance
levels in this category or higher to the nunber of hypothesis tests that
should fall in this category or higher if all null hypotheses or al
unrej ected null hypotheses were true.

An alternative way of approaching the issue is to assune that
if each null hypothesis is true the events W= {a | f(a) > 0.9 }
are independently distributed (there is overlap in the data used
in different articles, so the independence axiomis likely to be
vi ol ated; the sanpling distributions derived under this assunption
differ from the actual distributions). Under the null P(W =
P(f(a) > 0.9) =0.1; under the alternative P(W = P(f(a) > 0.9) £
0.1. W can therefore construct a test of the hypothesis that the
unobserved fraction of all null hypotheses that are true is p or
greater for any fixed p. |If nore than twenty-five of the seventy-
ei ght unrejected null hypotheses in the articles in our sanple are
true, the odds of finding no Wevents--no cases in which f(a) >
0.9--given that f(a) > 0.1 are less than .05.

Therefore at conventional |evels of significance we can reject
the hypothesis that nore than 25/78, or a little less than one-
third, of the unrejected null hypotheses (or one-twelfth of tested
null hypotheses) in our sanple are true. (Qur review of
hypot hesi s testing suggests that 0.1 is a nore conventional |evel,
at least for the central null hypothesis under study; at this
significance level we can reject the hypothesis that nore than
one-quarter of unrejected null hypotheses are true).

Qur failure, for p < 1/11, to reject the null hypothesis that a
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fraction p of null hypotheses are true is itself an econonmc
hypot hesis. |If this article is published in an econom cs journal,
the | ogic of our argunment would inply that this null hypothesis is
al so false. Wthout a full-blown Bayesian analysis, we cannot
make precise statenents about our posterior distribution over the
truth or falsity of null hypotheses. It is nevertheless worth
poi nting out that our test does have substantial power: if nore
than five of the seventy-eight unrejected null hypotheses were
true, we would have less than a fifty-fifty chance of finding none

with f(a) > 0.9.

V. Discussion

A rational Bayesian would use our result to draw what seemto
be paradoxical inferences. On reading in a leading economcs
journal an article in which the central null hypothesis Hy was not
rejected, she or he would note that the sanple data thensel ves did
not appear to speak strongly against the null hypothesis. But she
or he would also note that the experinment itself was drawn froma
| arger population--that of the subject matter of published
econonmics articles--in which the null hypothesis is al nost never
true. This prior population information--that alnost all null
hypot heses are fal se--woul d dom nate the posterior evaluation. |If
inastate of relative ignorance before reading the article, after
finishing she or he would be highly confident that the null
hypot hesi s under di scussion was fal se even though the author of
the article has failed to reject and provisionally concluded that

the null hypothesis is true.
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One possible response to this paradox is to say that this was

somet hing econom sts knew all al ong: all null hypotheses are
fal se, because all nul | hypot heses are sinple shorthand
descriptions of a conplex world. The key question instead is

whether a null hypothesis is “good enough” for enpirical work

whet her the deviations between the null and the real world are
sufficiently small as to make concl usi ons reached conditional on
the null reliable guides to the world or are economcally
significant.

There is a good deal to this argunent. It is essentially an
argunment agai nst hypothesis tests and for confidence intervals--
econon sts should report not whether or not they can reject the
null but whether or not their confidence interval excludes (a)
econonmi cal l y-insignificant values or (b) econom cally-significant
val ues. Wth this we agree, and we think that Edward Leaner’s
(1978) and Donal d McCl oskey’s (1987) argunents for reorienting the
rhetoric of econom cs toward focusi ng on confidence intervals have
the truth on their side. Reports of enpirical work shoul d present
the map the data generate frompriors to posteriors, and so shoul d
focus on confidence intervals and on the sensitivity of the
results to small changes in specification (as in Leaner (1983),
Leamrer and Leonard, 1983) even if they do not present their
results within a full-blown Bayesian framework (see Zellner
1971).

It should, however, be noted that for the nost part econom sts
do not act as if they know that their hypotheses are fal se and are
nerely seeking to establish their quality as approxi mations. The

practice of econonetrics suggests that economsts take their



13

hypot heses seriously. As one exanple, recall that the “unit root”
literature has seen a great deal of effort devoted to determ ning
the asynptotic distribution of test statistics under and testing
the null hypothesis that the coefficients in a wunivariate
aut oregressive nodel of U S GNP summed to exactly one. Such a
focus on the exact inplications of a | ower-di nensi onal subspace of
possi bl e paranmeter values for test statistics is difficult to
understand if the null is viewed as only an approxi mation.1

In any event, the fact that all hypotheses are nere
approxi mati ons does not conpletely account for our results.
Economics articles are sprinkled with very low t-statistics--
val ues of f(a) very close to one--on nuisance coefficients. Very
low t-statistics appear when the null hypothesis tested is a
subsidiary one from the standpoint of the main thrust of the
paper. Very lowt-statistics appear to be systematically absent--
and therefore null hypotheses are overwhelmngly fal se--only when
t he uni verse of null hypot heses considered are the central thenes
of published econom cs articles.

This suggests, to us, a publication-bias explanation of our
finding. Wat nakes a journal editor choose to publish an article
which fails to reject its central null hypothesis, which produces
a value of f(a) > 0.1 for its central hypothesis test? The paper
must excite the editor’s interest along sonme dinension, and it
seens to us that the nost likely dinension is that the paper is in

apparent contradiction to earlier work on the sanme topic: either

ln fact, Christiano and Ei chenbaum (1989) argue that the entire literature is
badly posed because it has focused on whether or not processes contain a “unit
root”; they suggest that this issue is seen as uninportant once one recognizes
that the “inplications of a broad class of dynam c nodels are reasonably
robust to whether the forcing variables... are nodeled as trend or difference
stationary.”
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ot hers working along the sanme line have in the past rejected the
same null, or because theory or conventional w sdom suggests a
significant relation

When will there have been earlier papers along the sane |ines
that rejected the null, or strong theoretical argunents that the
null is false? When the null hypothesis is in fact false.
Aut hors therefore face a catch-22: papers that fail to reject
their central null hypothesis will be published only when editors
think they are especially interesting, but editors will think that
they are especially interesting only when the null hypot hesis that
they test really is false. Qur paper can be interpreted as
arguing that this social screening device is in fact quite
powerful, so powerful that at nost a very small proportion of
failures to reject a null hypothesis can be taken at face val ue.

Yet another alternative explanation of our results is that we
have ignored another well-known fact: applied econonetricians do
not follow classical procedures, therefore t-statistics are
m sl eadi ng and reported marginal significance levels incorrect.
Most of us suspect that nost enpirical researchers engage
consciously or unconsciously in data mning. Researchers share a
smal | nunber of conmon data sets; they are therefore aware of
regularities in the data even if they do not actively search for
the “best” specification. There seens to be no practical way of
establishing correct standard errors when researchers have prior
knowl edge of the data, or when they report only their favorite
results--the distribution of the highest of ten t-statistics is

not well known.?1

lgspecial |y sobering is the ease with which Hendry (1980) uses spurious
variabl es to generate close within-sanple fits and accurate beyond-sanpl e
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One possible reaction is to adjust standard errors by sone
mul tiplicative factor which “conpensates” for this abuse of
cl assical procedures. Along these lines, we can use our data to
ask the question: “by what factor would we have to divide
reported t-statistics so that one-ninth of unrejected nulls would
exhibit a marginal significance level of .9 or nore? The answer
is about 5.5. The t-statistic of 2 rule of thunmb would then
suggest that only unadjusted t-statistics of 11 or nore should be
taken seriously, in which case hypothesis testing--especially in
nmacr oeconom cs--woul d becone | argely uni nfornmative, and enpiri cal
work would play only a very minor role in determining the theories
that econom sts believe. Some claim that at present enpirica
wor k does play a very mnor role in determning the theories that
econom sts believe (see Md oskey, 1987).

Wiil e we have synpathy with this reaction--and neither of us
takes reported t-statistics at face value--we do not think that
this is ultimately the proper road to take. VWile we readily
believe that researchers data-mne to produce t-statistics above
1.64 or below 1.96, we see little reason to expect this bias to
perneate results well outside of this range. Qur skepticismis
per haps enhanced by the nihilistic inplications regarding the role
of enpirical work should we set the required | evel of significance

at an unadjusted t-statistic of 11.

VI. Concl usions

At the sinplest |level our findings reinforce previous calls for

predi ctions.
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econoni sts to concentrate on the magnitudes of coefficients, and
to report confidence | evels and not significance tests. |If all or
alnost all null hypotheses are false, there is little point in
concentrating on whether or not an estimate is distinguishable
fromits predicted value under the null. Instead, we wi sh to cast
I ight on what nodels are good approxi mati ons--which requires that
we know ranges of paraneter val ues which are excl uded by enpiri cal
esti mat es.

It appears to us that a nunber of researchers have inplicitly
taken the view that explicit testing of hypotheses convinces no
one, preferring to develop a “persuasive collage” of evidence.
They attenpt to establish a set of enpirical regularities and
interpret them as favorable or unfavorable to a substantive
econonm ¢ hypothesis. Wile we have sone synpathy with this view,
we nevertheless believe that there is a role for hypothesis
testing because of the discipline in places on argunent. But
hypot hesi s test should concentrate on inplications that are robust
to mnor changes in specification. And the key question should
not be: can | reject zero? Instead it should be: can | reject
all small (or all large) values for this paraneter?

Qur findings al so pose a very peculiar epistenol ogi cal problem
for those inter-related literatures which have relied heavily on
the failure to reject point nulls--tests of efficient markets, of
the effects of anticipated variables, and of unit roots. These
three literatures account for about one-third of the unrejected
null hypot heses in our sanple. A rational Bayesian, however,
readi ng each each paper that fails to find effects of anticipated

noney concludes that previous work has given the profession has
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strong priors that anticipated noney has effects and is nore
convinced that anticipated noney does have effects, and reading
each paper that fails to find profitable trading rules is nore
convinced that such profitable trading rules exist. How can one
do convincing enpirical work in support of these null hypotheses
if each published paper that fails to reject the central nulls

only provides evidence to rational readers that they are fal se?
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