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Corballis [Corballis, M. C. (2009). Comparing a single case with a control sample: Refinements and
extensions. Neuropsychologia] offers an interesting position paper on statistical inference in single-case
studies. The following points arise: (1) Testing whether we can reject the null hypothesis that a patient’s
score is an observation from the population of control scores can be a legitimate aim for single-case
researchers, not just clinicians. (2) Counter to the claim made by Corballis [Corballis, M. C. (2009). Com-

Is(_ey Vl"ords’ ihod paring a single case with a control sample: Refinements and extensions. Neuropsychologia], Crawford
];ir;foec'i;‘isjn?e ods and Howell’s [Crawford, ]. R., & Howell, D. C. (1998). Comparing an individual’s test score against norms

derived from small samples. The Clinical Neuropsychologist, 12, 482-486] method does test whether we
can reject the above null hypothesis. (3) In all but the most unusual of circumstances Crawford and
Howell's method can also safely be used to test whether the mean of a notional patient population is
lower than that of a control population, should neuropsychologists wish to construe the test in this
way. (4) In contrast, the method proposed by Corballis is not legitimate for either of these purposes
because it fails to allow for uncertainty over the control mean (as a result Type I errors will not be
under control). (5) The use of a mixed ANOVA design to compare a case to controls (with or without the
adjustment proposed by Corballis) is beset with problems but these can be overcome using alternative
methods.
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1. Introduction

Caramazza and McCloskey (1988) noted that, if single-case stud-
ies are to provide sustainable advances in cognitive theory, they
“. .. must be based on unimpeachable methodological foundations”
(p. 519). Although the logical basis of the single-case approach has
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been the subject of detailed scrutiny (e.g., Coltheart, 2001; Shallice,
1988), questions surrounding the statistical analysis of single-case
data have received much less attention. Therefore, the position
paper offered by Corballis (2009) is to be welcomed and will hope-
fully generate a debate that goes beyond this current response. It
is also the case that Neuropsychologia is an appropriate forum for
such a debate as, notwithstanding the existence of journals spe-
cialising in single-case research (e.g., Cognitive Neuropsychology,
Neurocase), it probably publishes more single-case studies than any
other neuroscience journal. However, although we agree that the
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issues raised in the paper are of fundamental importance for single-
case research, we disagree with most of the conclusions drawn and
the solutions proposed.

2. Two forms of null hypothesis when comparing a single
case to controls

Corballis (2009) states that, “Crawford and Howell implicitly
assume that the investigator wishes to make inferences about
the population to which the case belongs, whereas the aim may
be simply to determine whether the case itself belongs in the
control population” (p. 3). He also proposed a modification to
the Crawford and Howell method as a means of achieving this
second aim and suggested that this modified method would pri-
marily be of relevance to clinical practice, rather than single-case
research.

We agree with Corballis that there are two possible forms
of null hypothesis when comparing a case to controls. It is also
true that the method proposed by Crawford and Howell has been
construed by some authors as a test for a difference in popula-
tion means, both in a broader context (Sokal & Rohlf, 1995) and
specifically when comparing a patient’s score to a control sam-
ple (Mycroft, Mitchell, & Kay, 2002). However, this is decidedly
not the position taken by Crawford and colleagues (Crawford,
Garthwaite, Howell, & Gray, 2004). For example, Crawford and
Garthwaite (2006) state, “Crawford and Howell’s (1998) method
poses the following question: is the patient’s score sufficiently
below those of the controls to allow us to reject the null hypothe-
sis that the patient is an observation from the control population?
Therefore, for this method, it is neither necessary nor appro-
priate to be concerned with a notional patient population” (p.
891).

Crawford and colleagues were primarily motivated to adopt
this position by statistical considerations. However, a number of
influential theorists have come to exactly the same conclusion
based on neuropsychological and theoretical considerations (e.g.,
Caramazza, 1986; Caramazza & McCloskey, 1988; Coltheart, 2001).
They argue that because (a) the functional architecture of cogni-
tion is enormously complex; and (b) there is substantial variability
in the site and extent of naturally occurring lesions, each single-
case should be considered to be unique (Vallar, 2000). McCloskey
(1993) provides an unequivocal expression of this position when he
states, “In the single-patient approach, patients are not identified
as members of patient populations” (p. 729).

The above discussion demonstrates two points: First, it makes it
clear that the Crawford and Howell method need not be seen as a
test for a difference in population means, and second, it highlights
that testing whether a patient’s scores are observations from a pop-
ulation of control scores can be a legitimate aim for the cognitive
neuroscientist, not just the clinician.

If, as is common among advocates of the single-case approach,
we are willing to make the assumption of a universal cognitive
architecture (Caramazza, 1986; Caramazza & McCloskey, 1988),
then the performance of a single-case can constitute a Popperian
“Black Swan”. For example, a patient may exhibit a dissociation
between two tasks and this single piece of evidence is sufficient
to overturn any amount of prior evidence that the tasks measure
a unitary (i.e., non-dissociable) function. That is, we do not need
to be able to generalize such a result to a notional population of
patients for it to have implications for cognitive theory. Of course,
we must be confident that the black swan is genuine, rather than
a white swan that has had a chance encounter with an oil slick. In
other words, the logic may be sound but we must be sure that our
inferential statistical methods are rigorous (this issue is discussed
in a later section).

3. Testing for a difference in population means

As noted above, we view Crawford and Howell’s method as test-
ing whether we can reject the null hypothesis that a patient’s score
is an observation from the population of control scores. However,
it is worth considering whether this method could also be seen as
a legitimate test of whether the mean of a notional patient popu-
lation is lower than that of the control population (i.e., can we use
it to test the null hypothesis of equivalence of means against the
directional hypothesis that the patient population mean is lower?)

As Corballis (2009) points out, the problem is that, although we
have an estimate of the variance of the control population, we only
have a single patient in hand and so we do not have an estimate
of the variance of the notional patient population. He also suggests
that researchers must be willing to make the assumption that this
latter variance is equal to the variance of the control population if
the Crawford and Howell method is to be used to test for a difference
in means. Moreover, Mycroft et al. (2002) have suggested that this
assumption will not hold: rather we should expect the variance
of a notional patient population to be (considerably) larger than
the control population. They argue that the Crawford and Howell
method will therefore fail to control Type I errors in this scenario.
That is, the method will incorrectly conclude that the patient mean
is lower than the control mean at a rate greater than the nominal
rate set by the investigator.

In view of the foregoing, the prospects for using the Crawford
and Howell method to test for a difference in population means do
not look good. However, these apparent problems are paper tigers.
The first point to appreciate is that we need only be concerned with
increased variance in the notional patient population when this
occurs in the absence of a difference in the population means. If
the patient population mean is lower than the control mean then
(regardless of how minimal this difference may be) the issue of a
Type I error does not arise: There is a difference in the means and
the question becomes one of the power to detect it. Therefore, the
only scenario in which we need be concerned with inflated Type I
errors is when the variance of the patient population is increased
without a corresponding lowering of the patient population mean
relative to the control mean.

Fortunately, this scenario is very unrealistic: neurological dam-
age would have to have the effect of increasing the variability of
patients’ scores relative to matched controls without producing
even a minimal lowering of the patient mean. Thus, every patient
who suffers impairment on a given cognitive task would need to
be balanced by another patient for whom neurological damage
enhanced their performance to a comparable degree (if the impair-
ments and enhancements of performance are not in balance then,
as noted, the means will differ and the concern over Type I errors
evaporates). It can be concluded therefore that, although we do not
construe the Crawford and Howell method as testing whether a
patient population mean is lower than that of controls, it can be
used for this purpose without being concerned with Mycroft et al.’s
misplaced warnings over inflation of the Type I error rate.

4. The Crawford and Howell method versus the Corballis
method: statistical theory

It is still quite common in single-case studies for inferences to be
based on converting a patient’s raw score to a z-score and obtaining
a probability for this z from a table of areas under the normal curve
(or algorithmic equivalent). The problem with this method is that
the mean and standard deviation of the control sample are both
inappropriately treated as population parameters. In contrast, the
Crawford and Howell method treats both the mean and standard
deviation as what they are: sample means and standard deviations.



2692 J.R. Crawford et al. / Neuropsychologia 47 (2009) 2690-2695

The formula for this test is

t:& (])

s\/(n+l)/n’

where x” is the patient’s score, X and s are the mean and standard
deviation of scores in the control sample, and n is the size of the
control sample. If the t-value obtained is negative and its magni-
tude exceeds the one-tailed 5% critical value for t on n— 1 degrees
of freedom, then it can be concluded that the patient’s score is suf-
ficiently low to enable rejection of the null hypothesis that it is an
observation from the scores of the control population (the patient is
therefore considered to exhibit an impairment on the task in ques-
tion). The method proposed by Corballis (2009) differs only in that
it omits the right hand term in the numerator, i.e.,

n+1
o

(2)

With the omission of this term the formula reduces to that for a
z-score although, in common with Crawford and Howell’s method,
it is proposed that the result is evaluated against a t distribution on
n — 1 df, rather than against a standard normal distribution.

What then is the effect of dropping the term in (2)? For controls,
the population mean and standard deviation are u and o, while
the sample mean and sample standard deviation are x and s. The
observed value for the case is x” and we suppose the population dis-
tribution is normal. Suppose X is the value for a randomly selected
control. One of the following three quantities should be calculated
to decide if x" is too far from the population/sample mean to be the
value of X.

1. If u and o are both known:
PriX—pu > |x*—u|):Pr(z> W)

2. If u is known but ¢ is unknown:

Pr(X—M>|x*—/L|)=Pr(z> IXS;MI)

3. i and o are both unknown:

PrX—%> I —x)=Pr|t> X=X
sy/(n+1)/n

Thus the test statistics for these three tests are:

Xl X = H onde = X" —X]

o s s\/(n+1)/n

The first of these is the z-score given by Corballis in his Eq. (1)
and the third is the test statistic given by the Crawford and How-
ell method, i.e., Eq. (1) in this commentary and Eq. (3) in Corballis.
The second test statistic, t=(x" — j)/s, appears in neither paper, but
replacing u by X in this formula gives t = (x* — X)/s, which is the test
statistic recommended by Corballis. That is, the effect of dropping
the term in (2) is to treat the sample mean, X, as though it were the
population mean, i. The other obvious consequence from dropping
the termin (2)is to increase the value of the test statistic, by the fac-
tor 4/(n + 1)/n. This will make the case’s value seem more unusual
than is warranted.

It can be seen then that by omitting the term in (2) the Corballis
method ignores the uncertainty over the population mean when
comparing the case to controls. Given the control sample sizes that

zZ=

typify single-case research, this uncertainty can be considerable
(i.e., the sample mean will often provide a poor estimate of the
population mean). The upshot is that the Type I error rate for the
Corballis method will be inflated. That is, the method will incor-
rectly reject the null hypothesis that the case’s score is drawn from
the population of scores of controls at a rate greater than the rate
specified by the investigator (for example, if an investigator sets
alpha at the conventional level of 5%, the actual rate will be above
5%).

The difference in the results provided by the two methods will
be relatively modest but there is no reason why a sound test should
be replaced with an approximate test, particularly when the exist-
ing method does not require complicated calculations. (Moreover,
for Crawford and Howell’s test, a computer program relieves the
neuropsychologist of the need to perform any of the calculations
involved; see Crawford and Garthwaite (2002) for details).

In summary, when z is used to draw inferences concerning the
score of a single-case there is a failure to allow for the uncertainty
over the control population mean and standard deviation. Although
the Corballis (2009) method allows for the uncertainty over the
population standard deviation, it fails to allow for the uncertainty
over the population mean. In contrast, Crawford and Howell’s
method allows for both uncertainties. In passing, note that a fur-
ther method for drawing inferences concerning an individual case
has been proposed by Bridges and Holler (2007) that “completes
the set”. That is, the method attempts to allow for the uncertainty
over the control mean whilst ignoring the uncertainty over the con-
trol standard deviation; see Crawford and Garthwaite (2008) for a
mathematical and empirical critique of this latter method.

5. Crawford and Howell method versus the Corballis
method: empirical evaluation using Monte Carlo simulation

The foregoing treatment indicates that the method proposed by
Corballis (2009) is flawed in that it will not maintain the Type I error
rate at the specified level. However, for neuropsychologists with
a limited knowledge or interest in statistical matters, an empir-
ical comparison of the performance of the Crawford and Howell
and Corballis methods may be more convincing than an appeal to
statistical theory alone. Therefore, in this section, a Monte Carlo
simulation is performed to evaluate control of the Type I error rate
for both methods.

The simulation was conducted using control sample sizes of 3,
5,10, 20, and 50. For each of these five sample sizes, four million tri-
als were performed in which the requisite number of controls were
drawn from a normal distribution which (with no loss of generality)
had amean of 50 and standard deviation of 10. On each trial a further
observation (representing a case) was drawn from the same distri-
bution. Crawford and Howell’s test and the Corballis test were then
applied: the number of trials in which the case was significantly
(p<0.05, one-tailed) below the controls was recorded separately
for each test. Note that, in this simulation, both the control sam-
ple and the case were drawn from the same population. Therefore,
any statistically significant results constitute a Type I error (the null
hypothesis, that the case’s score is an observation from the popu-
lation of control scores, has incorrectly been rejected). It can also
be seen that this simulation directly tests the assertion of Corballis
that his method tests “whether the case itself belongs in the control
population” (p. 3).

In the foregoing section on statistical theory it was suggested
that the Corballis method will fail to control the Type I error rate
because it fails to allow for the uncertainty in estimating the popu-
lation mean for controls from a sample mean. To demonstrate that
this is indeed the cause of its problems a further simulation was
run in which, on each trial, the population mean of 50 was substi-
tuted for the sample mean for that trial. That is, the population mean
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Fig. 1. Type I error rates (nominal error rate =5%) estimated by Monte Carlo simu-
lation for the methods of Crawford and Howell (1998) and Corballis (2009).

was subtracted from the case’s score and the result divided by the
sample standard deviation; the figure thus obtained was evaluated
against a t-distribution on n — 1 df. If the problem with the Corbal-
lis method has been correctly identified then the Type 1 error rate
should be 5% for this modified version at all sample sizes.

The results of the main simulation are plotted in Fig. 1 and are
also presented in Table 1. This table records the percentage of Type
I errors that occurred at each control sample size for both meth-
ods; the results of the second simulation are also presented (these
will be discussed later). If the tests are sound then the error rates
should closely match the specified Type I error rate of 5% for all
sample sizes. It can be seen that the results for the Crawford and
Howell test equal the specified rate to two decimal places (a minor
exception occurs for a control sample size of 20, but discrepancies
of this magnitude are attributable to Monte Carlo variation). For the
Corballis method the Type I error rate is inflated above the specified
rate at all sample sizes. It can be seen, however, that the effects are
not severe and that the error rates converge on the specified rate
as sample size increases. This convergence occurs because, when n
grows large, the term in (2) approaches 1 and therefore the effects
of omitting it are attenuated.

When the Corballis method was modified by substituting the
control population mean for the sample mean it can be seen (from
the last row of Table 1) that, for all sample sizes, the Type I error
rates are at, or very close to, the specified rate. Thus, this second
simulation provides an empirical demonstration that the inflation
of the error rate for the standard Corballis method occurs because

Table 1

Results of Monte Carlo simulation: percentage of Type I errors for two methods of
comparing a case to controls, in which the null hypothesis is that the case’s score is
an observation from the population of control scores (results are also shown for a
variant of the Corballis method in which the population mean is substituted for the
sample mean).

Control sample size

3 5 10 20 50
Crawford and Howell (1998) 5.00 5.00 5.00 4.98 5.00
Corballis (2009) 6.37 6.17 5.71 537 5.16

Corballis (2009) - substituting u for X 5.02 5.00 5.01 4.99 4.99

the method fails to account for the uncertainty over the population
mean. Note that the modification made to the Corballis formula
in this second simulation was introduced purely for didactic rea-
sons and should not be seen as “fixing” the method. In practice, a
researcher does not know the value of the population mean.

6. Estimating the proportion of the population with lower
scores than a case

A very useful feature of Crawford and Howell’s method is that
the p-value obtained from the test is also the optimal point esti-
mate of the proportion of the control population that will obtain
a lower score (it is probably more convenient to multiply this pro-
portion by 100 to express it as a percentage). That is, the method
provides a point estimate of the level of abnormality of a patient’s
score (Crawford et al., 2004). Thus, for example, if the p-value is
0.023, then 2.3% of the control population are expected to obtain
lower scores. For a mathematical proof that the p-value serves this
dual function see Crawford and Garthwaite (2006).

It has been shown that the Corballis method does not yield the
same results as the Crawford and Howell method and so it follows
that it cannot provide this optimal point estimate. Were the p-
value from the Corballis test to be used for such a purpose it would
exaggerate the abnormality of a case’s score. As was the case for
the significance tests, this effect will be relatively modest, even for
modest control sample sizes. However, again it makes no sense to
replace a method that performs correctly with an incorrect method.

Before leaving this topic note that the point estimate of the
abnormality of the patient’s score provided by Crawford and
Howell’s (1998) method can be supplemented with an interval esti-
mate using methods developed by Crawford and Garthwaite (2002).
The provision of these interval estimates is in keeping with the
contemporary emphasis in psychology on the use of confidence
limits in research (APA, 2001). Moreover, the methods developed in
Crawford and Howell (1998) and Crawford and Garthwaite (2002)
are classical statistical methods but recent work has shown that a
Bayesian analysis of this problem yields the same results (Crawford
& Garthwaite, 2007). This convergence is reassuring regardless of
whether aresearcher is classical, Bayesian, or eclectic in their orien-
tation. In contrast, the Corballis method does not provide interval
estimates, nor will it exhibit convergence with the results from a
Bayesian analysis.

7. Extension of the Corballis method to ANOVA

Corballis (2009) suggests extending the principal of adjust-
ing the Crawford and Howell formula to more complex ANOVA
designs (e.g., mixed factorial designs). As the term in (2) is applied
automatically to the Mean Squares when running an ANOVA, mul-
tiplying the Mean Squares by this term would cancel it out. The
F-values required to test for the significance of effects would then
be calculated using these adjusted Mean Squares. The suggestion
of Corballis is that, as was the case for the proposed adjustment
to the Crawford and Howell method, this will allow researchers to
test whether the patient’s score, or combination of scores, were
drawn from the control population, rather than test whether there
are differences between control and patient populations.

However, this proposal suffers from exactly the same problem
as those outlined earlier. This is most easily appreciated by taking
the simplest case of a one-way ANOVA comparing the score of a
patient to controls. The p-value obtained from the standard ANOVA
will be identical to the p-value obtained from application of Craw-
ford and Howell’s method, because F on [1, n— 1] df equals t2 on
n—1 df. Similarly, the p-value obtained from the ANOVA with the
Corballis adjustment will be identical to the p-value obtained from
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Demonstration of the problems in using the interaction term from a mixed ANOVA comparing a patient with controls to test for a dissociation in the single-case; in all
scenarios the control sample n was 20, the correlation (r) between the tasks was 0.5, and a two-tailed test was employed.

Scenario Control sample statistics Case’s raw scores Case’s z-scores ANOVA results
Mean X Mean Y SDx SDy Task X Task Y Task X Task Y F p

A 100 100 10 10 90 70 -1.0 -3.0 3.81 0.066

B 100 1000 10 100 90 700 -1.0 -3.0 8.80 0.008

C 1000 1000 10 100 990 700 -1.0 -3.0 8.80 0.008

D 1000 1000 10 100 970 700 -3.0 -3.0 7.63 0.012

the Crawford and Howell method with the Corballis adjustment.
Therefore, the Type I error rate for this adjusted ANOVA will not
be maintained at the specified rate and, as Corballis proposes mak-
ing exactly the same adjustment to the Mean Squares for factorial
ANOVAs, the same holds for more complicated designs.

8. Of cows and canaries: the use of factorial ANOVA
(without the Corballis adjustment) to test for dissociations
in the single-case

Having seen that the ANOVA adjustment Corballis (2009) sug-
gests is not sound, attention is now given to his broader suggestion
that the interaction term from a mixed ANOVA (without the Corbal-
lis adjustment) provides a means of drawing inferences concerning
a single-case. Consider the simplest example of such a design: A
two-factor mixed ANOVA with a between-subjects factor (group,
i.e., case vs. controls) and a within-subjects factor (Task X vs. Task
Y). A significant interaction between group and task could be inter-
preted as demonstrating that the case performed significantly more
poorly on (say) Task Y than on Task X. That is, it could be claimed
that the case exhibits a dissociation.

This is indeed a tempting prospect for the single-case researcher
given that (a) dissociations have a central role in neuropsychology
(Crawford, Garthwaite, & Gray, 2003), and (b) as Corballis points
out, ANOVAs can easily be set up and run in all standard statistical
packages. However, as detailed below, the use of a mixed ANOVA
for this purpose is beset with problems.

In single-case research it will typically be the case that the con-
trol sample standard deviations for the two tasks will differ, and
often these differences will be substantial. For example, a neuropsy-
chologist may wish to test for a dissociation between performance
on say a measure of executive functioning (suppose this task has a
mean of 100 and a standard deviation of 15) and a Theory of Mind
task (suppose this latter task has a mean of 20 and standard devia-
tion of 5.5). Although in these circumstances it is obvious that the
main effect of task is meaningless, it might be thought that the
interaction term can still safely be interpreted because it is some-
how immune to the effects of the differences between the task’s
standard deviations. This is decidedly not the case and is an exam-
ple of a more general problem that Capitani, Laiacona, Barbarotto,
and Cossa (1999) label the “Cows and Canaries Problem”. When
two tasks vary in their standard deviations, the task with the larger
standard deviation will exert a larger effect on the distribution of
difference scores derived from them. Indeed, when the difference in
standard deviations is extreme, the difference scores will be almost
perfectly correlated with scores on the task having the larger stan-
dard deviation (it is the difference in the standard deviations that
is the root of the problem, not the difference in means).

The problems this causes for attempts to detect dissociations
using a mixed ANOVA are best illustrated with concrete examples.
Table 2 presents examples of data from a control sample and a
single-case for two tasks (Tasks X and Y). Without loss of generality
the control sample size is 20 and the correlation between tasks in
the controls is 0.5 in all these examples. In scenario A the means

(100) and standard deviations (10) of the controls are the same for
both tasks and the patient is one standard deviation below the mean
on Task X and three standard deviations below the mean on Task Y.
Analysis of these data using a mixed ANOVA yields a non-significant
F-value for the group by task interaction (p >0.05). Scenario B is
identical in every respect except that, on Task Y, the control mean
is 1000 and the control standard deviation is 100. The interaction
is highly significant (p <0.01). Note that, crucially, the standing of
the patient relative to controls on both tasks is identical in these
two examples (see the columns presenting the patient’s z-scores
on the tasks), and yet radically different results are obtained. Note
also that Scenarios A and B could be obtained from exactly the same
experiment, Scenario B would be obtained if a neuropsychologist
chose to award a credit of 10 points for each item passed on Task
Y, Scenario A would be obtained if only one point was awarded per
item.

Scenario Cis designed to provide a concrete illustration that the
Cows and Canaries Problem stems from differences in the control
sample standard deviations, and not from differences in means. In
this scenario the control means are identical on the two tasks, only
the standard deviations differ. It can be seen that the F-value and
its associated probability value is identical to Scenario B (in which
both the standard deviations and means differed).

By far the most striking illustration of the problem is provided by
Scenario D. Here, unlike the three previous examples, the patient’s
standing on the two tasks is identical: The patient’s scores are three
standard deviations below the mean on both Task X and Task Y. Thus,
there is absolutely no evidence of a dissociation in this case. How-
ever, the mixed ANOVA yields a significant interaction (p=0.012).
This result occurs because the interaction term is simply reflecting
the fact that the patient has performed poorly on Task Y.

The scenarios set out in Table 2 were intentionally chosen to be
extreme so that they provide a clear illustration of the problems
associated with the use of mixed ANOVA to detect dissociations.
However, these problems will occur, albeit in an attenuated form,
whenever the standard deviations of the two tasks (or k tasks) differ.
That is, a neuropsychologist may face a “Cows and Sheep” problem,
or even just a “Cows and Smaller Breed of Cows problem”, but it is
still a problem.

A potential solution to this problem has probably already sug-
gested itself to most readers: The scores of the controls and patient
should be standardized (that is converted to z-scores), in both cases
using the mean and standard deviation of the control sample to
achieve this. The ANOVA would then be performed on these trans-
formed scores. It can be seen that this “pre-standardized” ANOVA
would prevent the entirely unsatisfactory outcome observed for
Scenario D because the data would carry the fact that the patient’s
standing relative to controls is identical on both tasks (indeed the
F-value for the interaction would be 0).

Standardization improves matters but has its own problems.
By standardizing the scores of the patient using the control mean
and standard deviation we introduce additional uncertainty. The
patient’s z-scores are, in reality, t-variates (because they have
been obtained using sample means and standard deviations rather
than population means and standard deviations). As a result the
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interaction for the “pre-standardized” mixed ANOVA will have an
inflated Type I error rate.

Fortunately there are solutions to these problems, one based
on classical statistics, the other based on a Bayesian approach.
Considering the classical solution first: it was noted above that,
following standardization, the patient’s scores are t-variates. There-
fore, a method is required that tests for a difference between
two t-variates. This was the approach adopted by Crawford and
Garthwaite (2005) in developing the Revised Standardized Dif-
ference Test (RSDT). The test is based on asymptotic expansions
performed to obtain the standard error for such differences
(Garthwaite & Crawford, 2004). This is a useful test and Monte
Carlo simulations demonstrate that it successfully controls the Type
I error rate (Crawford & Garthwaite, 2005).

However, an even better solution is to use a Bayesian method
developed by Crawford and Garthwaite (2007), the Bayesian Stan-
dardized Difference Test (BSDT). The RSDT is solely concerned with
the standardized difference between the patient’s scores and is
blind as to how such a difference was obtained. For example, sup-
pose the difference between a patient’s standardized scores was
2.0; this difference could be obtained if the patient was one stan-
dard deviation above the control mean on Task X and one standard
deviation below the mean on Task Y. However, it could also be
obtained if the patient was two standard deviations below the mean
on Task X and four standard deviations below on Task Y.

In the latter scenario there is more uncertainty over the patient’s
standardized scores. To appreciate this, consider the situation in
which the control mean and standard deviation for a task is 100 and
10, respectively and suppose that a patient obtains a score of either
98 or 80. These convert to z-scores of —0.2 and —2.0. The control
standard deviation is a sample standard deviation and hence the
real standing of the patient’s score in the control population may
have been underestimated (if the population standard deviation is
larger than the sample standard deviation) or overestimated (if the
population standard deviation is smaller than the sample standard
deviation). Error in estimating the population standard deviation
will have a larger effect on the more extreme z-score. For example,
if the population standard deviation is actually 11 (in the interest
of simplicity we suppose that by chance the sample mean equalled
the population mean) then the z-score of —0.2 should actually be
—0.18 (a modest difference), whereas the z-score of —2 becomes
—1.8 (a much larger difference).

Fortunately using Bayesian Monte Carlo methods (as imple-
mented in the BSDT) it is relatively straightforward to allow for
the fact that the uncertainty over the z-scores varies as a function
of their extremity (in contrast, classical statistical methods cannot
cope with this variation in the degree of uncertainty).

Thus, in concluding this section, we suggest that the BSDT should
be the test of choice when testing for a dissociation between
a patient’s performance on two tasks. (Simple to use software
for performing a BSDT is freely available at www.abdn.ac.uk/
~psy086/dept/BayesSingleCase.htm.) In contrast to the BSDT, the
“unstandardized” mixed ANOVA suggested by Corballis (2009) will
suffer from the Cows and Canaries Problem, the “pre-standardized”
variant will fail to control Type I error rates, and the RSDT (although
it does control the overall error rate for a standardized differ-
ence) does not allow for the variation in uncertainty over a
patient’s standardized scores as a function of the extremity of the
scores.

9. Conclusion

It is to be hoped that the interesting position paper by Corballis
(2009) will encourage single-case researchers to take a deeper
interest in the inferential methods they employ. In addition, as
mixed ANOVA designs have been used to draw inferences concern-
ing single-cases, it is very useful to see the rationale for their use
spelled out explicitly. However, the issues involved in the analy-
sis of the single-case (particularly those surrounding the detection
of dissociations) are much more complex than Corballis (2009)
acknowledges and the methods he proposes are unsound. For-
tunately, alternative methods provide solutions to the problems
identified in earlier sections of the present paper.
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