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1. INTRODUCTION
When a new potential environmental or health risk arises, reg-

ulatory policy makers typically seek to identify the consequences,
costs and benefits of different regulatory options before determin-
ing on a course of action [9]. In doing so, they usually rely on sci-
entific or epidemiological studies of the effects of the chemical or
activity which poses the potential risk to health or the environment.
These studies normally involve the collection and analysis of sam-
ple data, analyzed using statistical hypothesis testing procedures.
Although such testing procedures are widespread in contemporary
western science, and often required by academic journals and peer-
reviewers, they are not objective; indeed, they encode subjective
relative valuations of the consequences of different alternatives [1,
22]. While this problem has long been recognized, an absence of
formal reasoning machinery has precluded any solution to the prob-
lem. In this note, I show how recent advances in argumentation
theory may be applied to this problem.

2. STATISTICAL HYPOTHESIS TESTS
Statistical inference is not deductively valid: the truth of a state-

ment made about a sample (for example, that the mean of the sam-
ple lies within a certain range) provides us with no guarantees of the
truth of the same statement when made about the population from
which the sample was drawn. This is the case even when we know
that the sample was selected randomly from the population. A ma-
jor achievement of mathematical statistics in the twentieth century
was to place bounds on the possibility of error when we infer from
sample to population. We still cannot say that statements about the
population are true; however, under certain assumptions about the
distribution of the variables of interest in the population and about
the sampling procedures used, we can say that such statements,
when made repeatedly, will only be false at most an estimated per-
centage of times.

Thus, in the terminology of Jerzy Neyman and Egon Pearson
[16], the probability of a Type I error, that of wrongly rejecting an
hypothesis of no effect, can be guaranteed (under suitable assump-
tions) to be less than some pre-determined levelα, while that of a
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Type II error, that of wrongly accepting an hypothesis of no effect,
can be guaranteed to be less than another pre-determined levelβ.
Thus,α is the proportion of “false positive” results, andβ the pro-
portion of “false negative” results. These two values are called the
critical levelsof the test. The challenge is that for any given sample
size, the values ofα andβ are inversely-related: we cannot reduce
both values simultaneously without an increase in the sample size,
n. Moreover, the type II error typically depends on which alterna-
tive hypothesis is in fact true: the value ofβ will be a function of
the difference between the true alternative and the hypothesis of no
effect, typically declining as this difference increases.1

So, at what levels should we setα andβ? A rational determina-
tion of these two error bounds would take into account the conse-
quences of each type of error, relative to the costs of undertaking
samples of different sizes. Indeed, Neyman and Pearson in their
original paper [15] refer explicitly to determining the error bounds
based on consideration of error consequences. This idea was taken
up most prominently in the statistical decision theory of Abraham
Wald [24], and applied to industrial quality control applications,
where quantification of the consequences of inference errors is usu-
ally straightforward. However, the primary application considered
by Neyman and Pearson was not industrial quality control, but sci-
entific experiments, and here the approach they adopted was an
informal consideration of the consequences of inference errors: If
the null hypothesis is the hypothesis of no scientific effect, then it is
more important (they argued) not to reject it wrongly than to accept
it falsely, i.e. better to err on the side of knowledge-revision-caution
than to wrongly assert evidence for the presence of scientific causal
mechanisms where there are none. Such an approach leads to the
setting ofα at low levels (typically 5% or 1%), and, for a given
sample size, choosing an hypothesis-testing procedure which min-
imizesβ. This can result inβ being much greater thanα. Due its
dominance across the sciences in the 75 years since then, we might
call this thestandard approachto determining the error bounds,
and the resulting levels ofα andβ thestandard levels.

The main application of statistical hypothesis testing in the 1920s
and 1930s was for agricultural experiments testing new crop vari-
eties following the post-Great War famines [11], and for these ap-
plications, Neyman and Pearson’s informal reasoning seems appli-
cable. Indeed, one can view the error bounds from an information-
theoretic perspective as acting to control the extent of noise in a
scientific communications network [5]: the level ofα is an upper
bound on the proportion of falsely positive reports circulated by
scientists to each other across the network. From this perspec-
tive, the standard levels ofα and β are set appropriately. Al-
though many scientists now present their work withp-values [18],
most biomedical scientists still view the values of 5% and 1% as



decision-thresholds, both for publication decisions and for the revi-
sion of the corpus of scientific knowledge. Irwin Bross [5] presents
a compelling case why such decision-thresholds are desirable for
a scientific communications network, by describing practices in
pharmacology before the widespread use of standard hypothesis
testing procedures in clinical trials. Moreover, even if scientists
usep-values and so avoid themselves making a decision, anyone
else using the research results, such as an environmental policy-
maker, still needs to assume specific critical levels in order to make
a decision.

3. ENVIRONMENTAL REGULATION
Although the standard decision thresholds may be appropriate

for tests of scientific hypotheses when there are only scientific con-
sequences, they are not necessarily rational when other consequences
are involved. For example, in hypothesis tests undertaken as part of
a determination of environmental regulatory policy process, there
are usually many more legal, social and economic consequences for
each error. Moreover, as Talbot Page argued almost three decades
ago [17], in assessing the impacts of chemicals on human health
or the environment the consequences of the two types of error may
be markedly asymmetric: consequences may differ in their nature,
incidence, location, extent, timings, duration, impact and intensity.
Indeed, not all these consequences may be negative for those people
impacted, as for example when an existing chemical is banned and
the manufacturers of substitute products enjoy an increase in de-
mand. Even if the consequences were to be symmetric and equal,
those people affected by each may differ greatly in their relative
political, economic or social power; society may therefore, or for
other reasons, place different value on the impacts falling on the
different groups. Using the standard values uniformly across all
cases ignores such case-specific detail.

Indeed, dissatisfaction with the use of the standard levels in risk
regulation decision-making may motivate much of the recent inter-
est in the Precautionary Principle [4, 19]: it is precisely because
scientists and risk regulators havenot adequately considered the
consequences of falsely negative results, proponents argue, that we
have suffered serious health and environmental effects from new
chemicals and substances. Some (e.g., [12, 20]) have even argued
that the consequences of regulation based on false positive results
(e.g., imposition of a regulatory burden on an industry when none
was required) are invariably far less serious than the consequences
of regulation based on false negative results (e.g., illness or death
due to use of a chemical wrongly thought to be safe). Such a view
argues for a direct reversal of the standard approach, namely for
settingβ first and at a low level, while accepting possibly much
greater levels ofα. Proponents of an extreme version of the Precau-
tionary Principle would ban all new technologies unless and until
proven safe, thus settingβ theoretically at zero.

Both this approach and the standard approach, however, are mis-
taken in believing that one determination of the critical levels is
appropriate for all risk decisions. As Frank Cross [6], among oth-
ers, has argued, even regulations outlawing chemicals or technolo-
gies so as to protect public health may have adverse public health
impacts. A rational approach — rational in the sense of seeking to
maximize society’s overall welfare — would decide the critical lev-
els, and hence the decision thresholds, for risk regulation decisions
on a case-by-case basis, taking into account the consequences of
the two different errors, and society’s respective valuations of these
consequences at the time of the decision.

In fact, such a case-by-case determination of hypothesis-testing
decision thresholds is in fact what good statistical practice recom-
mends, as described for example in [23]. But such deliberation, if it

occurs at all, occurs only informally, and uses no explicit represen-
tation of consequences or their valuations. In earlier work [14], the
use of formal argumentation was proposed for tackling this prob-
lem without identifying any specific formalism. In this position pa-
per, I now identify a specific argumentation framework appropriate
to this domain.

4. PROPOSAL
In previous work [10, 2], my colleagues and I have developed

a general framework for arguments over proposals for action, in
which the values promoted or demoted by the consequences of ac-
tions are made explicit. In this framework, a proposal for some
action A intended to take the world from the present stateR to
a specified future stateS, where some goalG will be true, the
achievement of which will promote a valuev, is represented as
follows:

R
A→ S |= G ↑ v

The goalG is some well-formed formulae which is true in the state
S; we do not identify it withS as it may not include all the propo-
sitions which are true inS. Our reason for separatingG from the
valuev is to distinguish those elements of the consequences of the
actionA which are objectively true and therefore can, at least in
principle, be verified (namely, goalG), from those elements which
involve subjective evaluation of the state brought about by the ac-
tion A (namely, valuev). At present, this framework does not
incorporate uncertainty regarding the consequences of actions, or
regarding their evaluation.

I propose to use the same representation for comparison and
evaluation of the consequences of errors in hypothesis tests. Here
we begin with two alternative actions, corresponding to Neyman
and Pearson’s classical formulation:

• A1: Rejecting an hypothesis of no effect.

• A2: Accepting an hypothesis of no effect.

To assess the consequences of each of these actions, we need to rec-
ognize that the outcomes of the actions differ according to the true
stateR of the world when the action is taken. We therefore have
four alternative actions whose four separate consequential states
need to be assessed:

• R1
A1→ S1,1 Rejecting an hypothesis of no effect, when it is

in fact false.

• R2
A1→ S2,1 Rejecting an hypothesis of no effect, when it is

in fact true. (Type I Error)

• R1
A2→ S1,2 Accepting an hypothesis of no effect, when it is

in fact false. (Type II Error)

• R2
A2→ S2,2 Accepting an hypothesis of no effect, when it is

in fact true.

Assessment would involve defining the possible relevant con-
sequences (desirable and undesirable) in each state, defining the
beneficiaries or victims of these consequences, and then seeking to
quantify the magnitude of their benefits or losses. Even without
quantification, a qualitative valuation would be possible, to deter-
mine which social values are enhanced or demoted by the realiza-
tion of each consequence. Deciding between the alternative actions
would then involve attempting to impose a preference ordering over
the different values impacted, as in the value-based argumentation
framework of [3].



5. EXAMPLE
I now present an example to illustrate these ideas. In the 1970s

and 1980s, the Australian Government faced pressure from Aus-
tralian veterans for the Second Indochinese War to provide com-
pensation for the effects of exposure to the herbicide “Agent Or-
ange”, a mixture of 2,4,5-trichlorophenoxyacetic acid and 2,4--
dichlorophenoxyacetic acid. Veterans claimed a number of ill-effects,
particularly an increase in the proportion of their offspring born
with birth defects. To assess these claims, statistical studies were
proposed to compare the proportions of birth defects in the popula-
tion of veterans with those in the population as a whole, the control
population.2 Here, the hypothesis of no effect is:

H0: There is no difference in the proportion of offspring born
with birth defects in the two populations.

Let us consider each hypothesis-testing action in turn. The first
action (A1) involves rejecting the hypothesis of no effect. What
would be the consequences of such an action? One could imag-
ine many consequences, ranging from the banning of the chemi-
cal, compensation being paid to the veterans, and efforts expended
to minimize or mitigate the health effects believed present. The
beneficiaries of these efforts would include the veterans, their off-
spring, the health and welfare industry, and manufacturers of alter-
native herbicides. In contrast, the manufacturers and distributors of
Agent Orange would presumably suffer from its banning. All of
these statements would be true in statesS1,1 andS2,1. But sup-
pose this action were taken wrongly, i.e, suppose we are in state
S2,1. Then, these beneficiaries would all receive compensation and
benefits when they should not.

Similarly, the second action (A2) involves accepting the hypoth-
esis of no effect. What would be the consequences of this action?
We could imagine that the chemical would remain in use, and that
veterans and their offspring would receive no compensation or ben-
efits. These statements would be true in statesS1,2 andS2,2. But if
this action were taken in error (i.e., we are actually in StateS1,2),
then the real ill-effects of the chemical would not be recognized,
and those who suffer these effects would not be compensated.

Which error is to be more preferred, or which more avoided?
The answer depends upon one’s relative valuations of these con-
sequences. The standard critical levels would putα at say 0.05,
with β dependent upon which alternative hypothesis is in fact true.
In the case of birth defects in western countries, the background
population rate is in fact very small (of the order of 2% of births
aggregated across all defects, with much smaller rates for each spe-
cific defect), and so the probability of incorrectly accepting the null
hypothesis may be high.3 Let us suppose thatβ = 0.4, and that all
the outcomes above are realized. We therefore have a 5% chance
of veterans receiving compensation for the ill-effects of exposure to
Agent Orange when they should not, and a 40% chance of them not
receiving compensation when they should. I believe that most citi-
zens in a western democracy would find these relative proportions
unjust and unacceptable. Consequently, any democratic determina-
tion of the critical levels would likely not use the standard levels.

6. CONCLUSIONS
I have presented a proposal to represent the evaluated conse-

quences of errors in hypothesis testing in environmental risk reg-
ulation. This is intended as the first step in the development of
a formal argumentation procedure for comparing such evaluated
consequences in order to determine appropriate values for the crit-
ical levels used in the tests of scientific hypotheses which under-

pin contemporary risk regulation. By explicit representation of the
consequences of these errors and their valuation, such a procedure
would assist regulatory decision-makers in balancing competing
valuations, and ensure full evidential support for their trade-off de-
cisions. Such procedures are consistent with recent proposals for
deliberative democracy in environmental decision-making, e.g., [7,
25].

There are, of course, major challenges involved in implement-
ing such a framework in determination of regulatory policy. One
challenge is that of identifying all the consequential outcomes of
different errors. Clinical trials were conducted, for example, on
both human and animals subjects prior to the commercial release
of Thalidomide, but none of these trials involved pregnant subjects
[21], presumably because no one thought of the possibility that
there may be adverse effects specific to such subjects. The chal-
lenge of identifying all possible consequences of proposed actions
has received some attention in the Artificial Intelligence commu-
nity, under the names ofpossibilistic risk assessment[13], although
this work is still very preliminary.

The second challenge to case-by-case determination of critical
levels is quantification: assessing the likelihoods of different out-
comes, assessing their positive and negative impacts, and assessing
the valuations (or utilities) that those affected and society would
place on these impacts. For most new substances and activities, ev-
idence to support an objective assignment of quantitative values to
these variables is scarce or non-existent. Subjective quantification
(e.g. assignment of subjective probabilities) is always possible, but
that simply magnifies the third challenge, that of reaching agree-
ment between the different parties involved. Different participants
are likely to have very different values, and different preference-
orderings over values. This will mean that making regulatory de-
cisions using such a formal framework will require policy-makers
to strike a balance between the different interests involved, with the
result being that any decision is ultimately a political one. However,
this is already the case and understood as such in the environmental
regulation domain [17, 22].
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Notes
1We would expect the probability of wrongly accepting the null

hypothesis if it is in fact false to be small if the true alternative is
very different from the null hypothesis.

2Note that an argument could be made that the appropriate con-
trol population should be people of similar gender, age and educa-
tional background to the veteran population.

3This is especially so if the sample sizes are small. A study
of 71 clinical trials of new medical treatments estimated that 50%
of the trials hadβ > 0.74 when the true difference was a 25%
improvement in the efficacy of the treatment [8]. In other words,
half these trials had at least a 74% probability of not detecting a
25% health improvement arising from the medical treatment.


