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Abstract

In neuropsychological single-case research inferences concerning a patient’s cognitive status are often based on referring the patient’s te
score to those obtained from a modestly sized control sample. Two methods of testing for azdefita fnethod proposed by Crawford and
Howell [Crawford, J. R. & Howell, D. C. (1998). Comparing an individual's test score against norms derived from small samples. The Clinical
Neuropsychologist, 12, 482—-486]) both assume the control distribution is normal but this assumption will often be violated in practice. Monte
Carlo simulation was employed to study the effects of leptokurtosis and the combination of skew and leptokurtosis on the Type | error rates
for these two methods. For Crawford and Howell's method, leptokurtosis produced only a modest inflation of the Type | error rate when the
control sampleV was small-to-modest in size and error rates were lower than the specified rates avldmgeontrast, the combination of
leptokurtosis and skew produced marked inflation of error rates for svaallVith a specified error rate of 5%, actual error rates as high as
14.31% and 9.96% were observed faand Crawford and Howell's method respectively. Potential solutions to the problem of non-normal
data are evaluated.
© 2005 Elsevier Ltd. All rights reserved.
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1. Introduction for the patient’s score prior to testing (i.e., that the patient’s

score will be below the control sample mean), then a score
In neuropsychological single-case research, inferencesthat fell below—1.645 would be considered statistically sig-

concerning a patient’s cognitive status are commonly basednificant (p <0.05) and would be taken as an indication that

on referring the patient’s test scores to a control sample. Thethe patient had a deficit on the task in question.

most common method of forming inferences about the pres-  One potential problem with this approach is that it treats

ence of a deficit in such scenarios is to convert the patient’s the control sample as if it was a population; i.e., the mean and

score on a given task to ascore based on the mean and standard deviation are used as if they wereimeters rather

S.D. of the control sample and then refer this score to a tablethan sample statistics. This is not a problem if the control

of the areas under the normal cuntéofvell, 2003. Thus, sample is large as then the sample statistics should provide

if a neuropsychologist has formed a directional hypothesis sufficiently accurate estimates of the parameters. However,
the control samples in single-case studies in neuropsychology
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of this size it is not appropriate to treat the mean and S.D. assimulation was used to examine the effects of skew on
though they were parameters. The effect of ugiwith small the Type | error rate for and for Crawford and Howell’s
control samples is to exaggerate the rarity/abnormality of a method. For both tests, skew produced an inflation of the
patient’s score and to inflate the Type | error r&@esfwford & Type | error rate but the effects were surprisingly modest;
Garthwaite, 2005gin this context a Type | error occurswhen for Crawford and Howell's method the use of a more
a case that is drawn from the control population is incorrectly conservative critical value kept the error rate at or below 5%
classified as not being a member of this population; i.e., they in all of the scenarios examined. In contrast, the Type | error
are incorrectly classified as exhibiting a deficit. rate forz was unacceptably high when the control sample
A solution to the problem outlined above is to use amethod N was small to modest in size. However, this was largely
proposed byrawford and Howell (1998hat treats the con-  attributable to the inappropriate treatment of the control

trol sample statistics as sample statistics (seeGiaaford & sample statistics as parameters; the presence of skew further
Garthwaite, 200R This method, based dbokal and Rohlf inflated the error rate but this effect was relatively modest.
(1995) uses the-distribution (withn — 1 degrees of free- Another potential problem that will arise in the conduct

dom), rather than the standard normal distribution, to estimate of single-case research is that the distribution of control data
the abnormality of the patient’s scores and to test whether it will be overly peaked and have heavier tails than a normal
is significantly lower than the scores of the control sample. distribution. That is, in practice, the distribution of the con-

The formula for this test is trol data may be leptokurtic. An illustration of a leptokurtic
P distribution, superimposed on a normal distribution, is pro-
t — s 1 . . - . -
BV CESAIL 7 (1) vided inFig. 1 It can be seen frorkig. la that leptokurtic

distributions (shaded) are more peaked than a normal dis-
wherex” is the patient’s score, ands the mean and standard  tribution (unshaded) and have thinner “shouldefsy. 1b
deviation of scores in the control sample, arid the size of shows the same leptokurtic distribution with the right-hand
the control sample. tail area magnified to show the heavy tails.

The p value obtained when this test is applied is used  Leptokurtic distributions are pervasive in many areas of
to test significance, but it also simultaneously provides an scientific enquiry including psychology, economics, and biol-
unbiased point estimate of tldnormality of the patient’s ogy (Lange, Little, & Taylor, 1989 For example, 1Q tests
score; that is, it is an estimate of the proportion of the control would be regarded as prototypical examples of normally dis-
population that would obtain a lower score. A formal proof tributed psychological data; moreover, transformations are
of this statement is provided in Appendix 1©@fawford and routinely applied to these tests to force them to conform to a
Garthwaite (2005b)As a concrete example, if the one-tailed normal distribution. Despite this, 1Q tests have been shown
pis0.013 thenwe know that the patient’s score is significantly to exhibit highly significant leptokurtosi®8(irrt, 1963.

(p<.05) below the control mean and that it is estimated that ~ Leptokurtosis is of concern because of the danger of inflat-
0.013 (i.e., 1.3%) of the control population would obtain a ingthe Type | error rate when parametric tests are applied to
score lower than the patient’s. data that possess this characteristic. Leptokurtic distributions

An assumption underlying the use of bathind Crawford are associated with the presence of outliers and one potential
and Howell’s method is that the control samples against method of reducing leptokurtosis is to simply remove cases
which a case is compared have been drawn from a normalthat meet some criterion for an outlier. An argument against
distribution. However, it is not at all uncommon for the such a course of action is that, if outliers have not arisen from
scores of controls on neuropsychological tests to departcoding errors, then they are a genuine characteristic of the
from normality Capitani & Laiacona, 20Q0Crawford & phenomenon under investigation and should be incorporated
Garthwaite, 2005a It is therefore important to examine the in any analysis.
effects of departures from normality on these methods to  Inthe present context, that of a neuropsychologist attempt-
examine whether they are robust. That is, there is the dangeling to make inferences concerning an individual patient, there
that the Type | error rate will be inflated when the assumption are even more compelling reasons not to remove outliers. For
of normality is violated. (As noted, in this context, a Type example, suppose a single-case researcher sets out to obtain
I error would occur if we wrongly classified a case as not support for their hypothesis that a patient is impaired on mea-
having been drawn from the control population; i.e., we sureX, and obtains data from a sample of healthy controls.
incorrectly conclude they have a deficit.) Data on the effects Further, suppose that the researcher finds that some controls
of departures from normality would either provide reassur- perform unexpectedly poorly on this measure such that their
ance for researchers, should the effects be mild, or serve ascores approach that of the patient and would be classed
a warning, should the effects be substantial (in the latter sce-as outliers if referred to a normal distribution. Removing
nario strategies for dealing with the problem should also be these cases would be dubious from both a scientific and eth-
addressed). ical point of view unless additional, independently obtained,

Unfortunately, to date, little empirical work has addressed evidence of previously unsuspected pathology is uncovered.
these important issues. An exception is the recent study byThus, if leptokurtosis is liable to be a common feature of neu-
Crawford and Garthwaite (2005&) which Monte Carlo ropsychological data and there are reasons not to deal with it
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Fig. 1. Graphical illustration of a leptokurtic distribution (shaded area) superimposed upon a normal distribution (in (b) the right-hanchts! laeea
magnified to illustrate the heavy tails).

by removing outliers, we should atleast study its likely effects kurtosis for as-distribution on 4 d.f. is even more extreme
on inferential methods for testing for a deficit and, should it but is undefined (because the denominator in the formula
prove to be problematic, implement alternative strategies for for kurtosis requires subtracting 4 from the d.f. and is hence
dealing with it. Zero).
Monte Carlo simulations were run on a PC and imple-
mented in Borland Delphi (Version 4). The simulations were

2. Study 1 run with five different values oN (the size of the control
sample): 5, 10, 20, 50 and 100. For each of these values of

2.1. The effects of leptokurtosis in the control population N, 1,000,000 samples of observations were drawn from a

on Type I error rates standard normal distribution. Each observation was divided

by \/x2/7 or\/ x2/4 wherey? is a random draw from a chi-

As noted, a large literature indicates that leptokurtosis is a square distribution on 7 or 4 degrees-of-freedom respectively.
pervasive feature of data in many areas of scientific enquiry. The resultant quantities are observations fresfistributions
However, its effects on inferential methods used in single- on 7 or 4 d.f.; thatis they are observations that are drawn from
case studies have not been examined. In Study 1, Monte Carlanoderately or severely leptokurtic distributions. The fivst
simulation is employed to estimate Type | error rates for both observations in each sample were taken as the control sample
methods of testing for a deficit and Crawford and Howell's  and the observation was taken as the individual control

method) when the control data are leptokurtic. case.
On each Monte Carlo trialCrawford and Howell (1998)
2.1.1. Method test was applied to compare the control case with the con-

The most common approach to modelling the effects of trol sample and-values that were negative (i.e., where the
leptokurtic distributions on test statistics is to sample from control case was below the control sample) and exceeded
t-distributions Lange et al., 1989 This is potentially confus-  the one-tailed critical value faron the appropriate degrees
ing as Crawford and Howell's method uses thdistribution of freedom f— 1) were recorded as Type | errorswas
to test for a significant difference between the case and con-also computed and the result recorded as a Type | error if it
trols. However, as noted, the assumption in applying this exceeded the one-tailed critical value-o.645. One-tailed
test statistic is that the controls were drawn from a normal tests were employed because, in the vast majority of cases,
distribution; in the present study we examine the effects of the (directional) hypothesis tested by neuropsychologists is
violating this assumption by drawing controls from leptokur- that their patient’s score is below that of controls.
tic distributions and it so happens thadlistributions have For comparison purposes we also repeated the above pro-
this required characteristic. cedure but sampled frommrmal distribution; the results

In the present study we sampled frontlistributions from this latter simulation provide reference values for inter-
on 7 (moderate leptokurtosis) and 4 (severe leptokurtosis) preting the effects of leptokurtosis. Thus, in total, 15 million
degrees-of-freedom. Kurtosig) is 5 for az-distribution on Monte Carlo trials were run;i.e., 1 million trials for each com-

7 d.f. compared to a value of 3 for a normal distribution; the bination of five sample sizes and three types of distribution.
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Table 1
Simulation results: percentage of Type | errors (i.e., percentage of control cases classified as exhibiting a deficendstrgwford and Howell’s method
for a specified error rate of 5% when sampling from leptokurtic distributions

ControlN Normal distribution Moderate leptokurtosis Severe leptokurtosis
z Crawford and Howell z Crawford and Howell b4 Crawford and Howell
5 10.36 5.02 10.42 5.42 10.34 5.64
10 7.53 4.98 7.47 5.23 7.42 5.39
20 6.26 5.01 6.10 5.06 5.88 4.97
50 5.48 4.99 5.20 4.80 491 4.59
100 5.23 4.98 4.93 4.73 4.53 4.37
2.1.2. Results and discussion As noted, a probability distribution has greater leptokur-

The results of the Monte Carlo simulation are presented tosis if it has thicker tails and is more peaked. It follows
in Table 1 The first two columns provide the results when that, between the tails and the peak, the distribution must be
sampling from a normal distribution. It can be seen that, as is lower (the total area under the distribution must equal one);
predicted by theory and by results from previous simulations that is, a leptokurtic distribution has thinner shoulders than
(Crawford & Garthwaite, 2009athe Type | error rate is con-  a normal distribution (se€ig. 1b). In some of the present
trolled when Crawford and Howell’s test is applied. That is, scenarios where we (a) compare an individual with a sample
the specified error rate was set at 5% and the observed errorather than compare two groups, (b) employ a one-tailed test
rates cleave closely to this value for all valuesvgthe small and (c) set alpha at 0.05 (rather than at a more conservative
deviations from 5% are of the order expected solely from value), the effects of the thin shoulders are in evidence; the
Monte Carlo variation). In contrast, it can be seen that, when statistical tests are applied in a region of the distribution that
the control sample is small, control of the Type | error rate is is not sufficiently far out in the tails to produce inflated Type
poor whery is used to test for a significant difference between | errors.

a case and controls. For example, the error rate is 10.36% for In the case of Crawford and Howell's method, the extent

a N of 5, more than double the specified rate of 5% (with to which Type | errors undershoot the specified rate reduces
largeNs, z-values more closely approximat@alues so that  as sample size decreases until, in the case of severe leptokur-
the error rate is under satisfactory control; however control tosis, the error rates are higher than the specified rate for a
sampleVs of this magnitude are rare in single-case studies in N of 10. Thus, it is near to this point that the density of the
neuropsychology). normal distribution falls below that of the leptokurtic distri-

These values for sampling from a normal distribution bution; i.e., we see the effects of the heavy tails reflected in
provide reference values for studying the effects of lep- the Type | error rates. It follows from this that, if a more con-
tokurtosis on the Type | error rate. Looking first at Crawford servative alpha were specified for the Crawford and Howell
and Howell's method, it can be seen that, when the control method, inflation of the Type | error rate would become more
sample is small (i.e., 10), the presence of leptokurtosis pronounced. That is, the effects of leptokurtosis at sisll
inflates the Type | error rate but only marginally, even when would be increased and the crossing point referred to above
leptokurtosis is severe. At largé¥s the observed Type |  would occur at a largey.
error rate fallsbelow the specified rate. It can be concluded This was confirmed by re-running the simulation and test-
that, at least when unaccompanied by other departures froming for significance at the 1% level rather than 5%. For
normality (i.e., skew), leptokurtosis is not a serious cause for example, for & of 10, the error rate when sampling from the
concern when employing Crawford and Howell’'s method of severely leptokurtic distribution was 1.88%, i.e., 88% higher
testing for a deficit. That is, the method is robust even when than the specified rate of 1%, whereas the corresponding
leptokurtosis is severe. figure (5.39%) from the original simulation was only 7.8%

Turning toz, it can be seen that with one exception (mod- higher than the specified rate of 5%. In addition, the error rate
erate leptokurtosis coupled witheof 5), the observed Type  for the leptokurtic distribution did not fall below the specified
| error rates arell lower than those obtained when sampling rate even for & of 100.
from a normal distribution. This is a rather bizarre outcome.

In the present scenario there are two problems with the use

of z to test for a deficit: (1) inappropriately treats the sam- 3. Study 2

ple statistics as parameters, and (2) the usdafinferential

purposes makes the assumption of normality and thisassumps3. 1. The effects of combinations of leptokurtosis and

tion is violated. However, it transpires that the presence of skew in the control population on Type I error rates

leptokurtosis serves to ameliorate the inflation of the Type |

error rate caused by the former problem. It should be noted  Given that many neuropsychological instruments do not
nevertheless that the observed error rate in the presence ofield normally distributed dataapitani & Laiacona, 2000
leptokurtosis is still above the specified rate of 5%aVar 20. the results to date from simulation studies are reassuring. That



670 J.R. Crawford et al. / Neuropsychologia 44 (2006) 666—-677

is, from Crawford and Garthwaite (2005akamination of Study 1; i.e., each observation was divided\lzfﬁ (mod-
the effects of skew and the present examination of the effectserate leptokurtosis) ok/x?/4 (severe leptokurtosis). The
of leptokurtosis, it can be concluded that, on their own, nei- resultant distributions argkew-¢ distributions; they depart
ther form of departure from normality seriously compromises from a normal distribution in that they are both leptokurtic
inferential methods for testing for a deficit. and (negatively) skewed.

However, single-case researchers have to face the possi- Finally, in order to provide a reference for the combined
bility that their control data may haveorh these features  effects of leptokurtosis and positive skew, the above proce-
simultaneously. Indeed, it is likely that control data more dure was followed but the observations were sampled from
commonly possesses both these characteristics rather thaskewnormal distributions Azzalini & Dalla Valle, 1996;
either alone. Many neuropsychological tasks (particularly i.e., these distributions had the same degree of skewness as
those developed for use in single-case studies) measure abilthe former distributions but wereor leptokurtic (note that
ities that are largely within the competence of many healthy reference results for the opposite scenario, i.e., leptokurto-
individuals and thus yield ceiling or near-ceiling levels of sis in the absence of skew, are already providethinle J).
performance in control samples. This latter procedure also constitutes an attempt to replicate

For example, in a review of single-case studies of the Crawford and Garthwaite (2005fihdings for the effects of
living versus non-living distinction in object naming, it was skew using a different method of forming the skew distribu-
reported that the mean accuracy of naming in the control tions (these authors used two-piece normal distributions to
samples was 95% or greater in the vast majority of these model the effects of skew; sé&@mber, 1985.
studies Laws, Gale, Leeson, & Crawford, 2005Similar lllustrative, graphical representations of the distributions
ceiling or near-ceiling performance in controls is also a employed in the present study are presented Bgjir2. Note
characteristic of most stimulus sets used to test for deficits in that this figure presents the skewistributions together with
the recognition of specific emotions from facial expressions the equivalent skew-normal distributions; for each pairing,
or prosody Milders, Crawford, Lamb, & Simpson, 2003 the variances were rescaled so that they had a common

The effects of ceiling, or near-ceiling, performance is that variance of 1.
the distribution of control data will be both negatively skewed As in Study 1, on each Monte Carlo trial of each scenario,
and leptokurtic. In Study 2, we quantify the control over the Crawford and Howell (1998)est and; were applied to the
Type | error rate for and Crawford and Howell's test when  score of thav + 1th control case and the result recorded as
the control data possess both these characteristics. We limita Type | error if it fell in the respective one-tailed critical
ourselves to examination of negative skew as this will be region. A total of 60 million Monte Carlo trials were
the more common problem in practice. (Positive skew can performed; i.e., 1 million trials for each combination of
often be a feature of control data when performance on a taskfive sample sizes, four levels of skew, and three levels of
is expressed as errors rather than number correct. Howeverleptokurtosis (absent, moderate, and severe).
the results of the present study will be equally applicable in
such a scenario because, if the data were reflected, they would. 1.2. Results and discussion
possess an equivalent degree of negative skew.) Althoughitis The complete simulation results faerand for Crawford
obvious that tasks subject to ceiling effects will be negatively and Howell's test are presented Table 2 For reference
skewed, they will also tend to be leptokurtic: if the task iswell purposes, the first block of rows present the results obtained
within the competence of a large proportion of the controls when the control data were skew but were not also lep-
then scores will accumulate at the maximum obtainable scoretokurtic. These former results are for all practical purposes
and hence the distribution will be more peaked than a normal indistinguishable from those obtained yrawford and

distribution. Garthwaite (2005aYhus their results on the effects of skew
on Type | error rates (obtained using two-piece normal
3.1.1. Method distributions) are replicated usirgzalini and Dalla Valle
Simulations were run using a similar approach to that (1996)form of skew-normal distributions.
employed in Study 1, i.e., 1,000,000 sampled/afl obser- The general pattern of results for Crawford and Howell’s

vations were drawn for five different sample sizes. However, method is most readily appreciated by referringFig. 3.
instead of the initial sampling of observations being from a This figure presents the results for moderate or extreme skew
standard (i.e., symmetricadistribution, samplingwas from  coupled with either no leptokurtosis or severe leptokurto-
skews distributions with varying degrees of negative skew. sis; results obtained when sampling from a distribution with
The method used to sample from these distributions was thatsevere leptokurtosis alone and when sampling from a nor-
of Azzalini and Capitanio (2003Yhe technical details are  mal distribution are also presented (using the data obtained
presented iAppendix 1 in Study 1).Fig. 4 presents the corresponding results for
Four skew distributions were specified ranging from a it should be noted that a different scale is employed for the
distribution with moderate skew E —0.31) through severe  ordinate because of the higher error ratesfor
(—0.70), very severe—0.93) to extreme skew—0.99). The results for Crawford and Howell's method can be
Thereafter, the procedure was the same as that followed insummarized as follows: it can be seen that, in the absence
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of leptokurtosis, Type | error rates are related to skew by a circumstances, error rates can be close to double the specified
monotonic increasing function, regardless of the size of the rates (the maximum error rate was 9.96%).

control sample (se&able 9. However, when leptokurtosis is Turning now to the results far it can be seen frorable 2

also present, the effects of skew are exaggerated for small-andFig. 4that the effects of combined skew and leptokurtosis
to-moderateVs (i.e.,N < 20) but are attenuated for larger are broadly similar to that seen for Crawford and Howell’s
This is most easily seen iRig. 3 by comparing the results

method; the difference being that, for these effects are
for the combination of extreme skew and severe leptokurtosis superimposed on the inflating effect of treating the control
with those for extreme skew alone.

sample statistics as parameters. As was the case for Crawford
Unfortunately, it is the results for small-to-moderate and Howell's method, Type | error rates are related to skew
that are of most relevance to the single-case researcher (i.e.by a monotonic increasing function but, when leptokurtosis
control samplevs > 20 are rare in the single-case study liter- is also present, error rates are further inflated for small-to-
ature). Within this range @Y, it can be seen that, in extreme moderateVs but the effects are attenuated at lafyer
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Table 2
Simulation results: percentage of Type | errors usingd Crawford and Howell's method for a specified error rate of 5%; effects of combinations of skewness
and kurtosis

ControlN Moderate skew Severe skew Very severe skew Extreme skew
z Crawford and z Crawford and z Crawford and z Crawford and
Howell Howell Howell Howell
No leptokurtosis
5 11.28 5.93 12,51 7.27 13.24 8.07 13.37 8.27
10 8.50 5.99 9.59 7.17 10.22 7.80 10.34 7.93
20 7.10 5.88 8.12 6.95 8.74 7.56 8.85 7.70
50 6.31 5.84 7.29 6.84 7.79 7.33 7.97 7.51
100 6.08 5.85 7.01 6.79 7.56 7.33 7.64 7.42
Moderate leptokurtosis
5 12.06 7.12 13.11 8.31 13.78 9.09 13.97 9.31
10 8.99 7.42 9.98 7.85 10.47 8.37 10.65 8.56
20 7.56 6.98 8.34 7.35 8.70 7.71 8.85 7.86
50 6.54 6.16 7.24 6.87 7.54 7.17 7.64 7.26
100 6.19 6.01 6.86 6.67 7.12 6.95 7.16 6.98
Severe leptokurtosis
5 12.56 7.93 13.59 9.10 14.18 9.81 14.31 9.96
10 9.37 7.39 10.24 8.35 10.60 8.71 10.74 8.85
20 7.62 6.74 8.32 7.45 8.62 7.78 8.69 7.84
50 6.43 6.11 6.95 6.64 7.22 6.91 7.20 6.89
100 5.92 5.78 6.38 6.24 6.61 6.46 6.68 6.48

It can be seen fronTable 2that, forz, the Type | error and leptokurtosis. Although this combination of factors is
rate is seriously inflated in many of the scenarios examined extreme, it is not, however, necessarilyusual. That is,
and rises as high as 14.31%. That is, on average, up toceiling effects in controls are common in single-case studies
14.31% of healthy controls would be incorrectly classified (Crawford, Garthwaite, & Gray, 2003Moreover, although
as having a deficit. In these circumstances we have threeCrawford and Howell's method is increasingly used in
factors contributing to inflation of the error rate: treatment single-case research (e.®ird, Castelli, Malik, Frith, &
of the control sample statistics as parameters, skewnessHusain, 2004Di Pietro, Laganaro, Leemann, & Schnider,
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Fig. 3. Effect of departures from normality on Type | errors for Crawford

and Howell's method. Fig. 4. Effect of departures from normality on Type | errors#or
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2004 Rosenbaum, McKinnon, Levine, & Moscovitch, 2004  Crawford and Howell's method are by no means catastrophic
Temple & Sanfilippo, 2003Westmacott, Black, Freedman, (i.e., the test is more robust than might have been predicted),
& Moscovitch, 2004, it remains the case thats still widely it remains the case that Type | error rate is not under control in
used for inferential purposes. these circumstances. Therefore, it is appropriate to consider

One obvious implication of the results obtained to date is strategies to deal with this problem.
that Crawford and Howell's method should be used in pref-  One potential solution would be to abandon Crawford
erence ta. Not only is the Type | error rate under control and Howell’s parametric test in favour of non-parametric
when the assumption of normality is met but also the error alternatives; e.g., conventional randomisation tests or com-
rates are below those observed fdn all scenarios where  puter intensive resampling methods ($¢ewell, 2002for
this assumption was violated. Moreover, the differences arean introduction to these latter methods). However, as noted
most marked for control samphés that are typical of those by Crawford and Garthwaite (2005#)ere are two serious
used in single-case studies. limitations to this strategy.

The emphasis in the present studies has been on the use of First, non-parametric methods are necessarily completely
Crawford and Howell's method as a significance test. How- insensitive to the degree to which a patient’s score is extreme;
ever, as noted in the Introduction, thevalue from this test  therefore they will tend to have low power (e.g., a patient
simultaneously provides a point estimate of the abnormality whose score on a task was 5S.D.s below the control mean
of the patient’s score. It follows that, if the distribution in the would be treated identically to a patient whose score was
control population is leptokurtic and/or negatively skewed, 2S.D.s below the mean if their rank order relative to controls
there will be a corresponding exaggeration of the point esti- was the same). Power will typically be low in single-case
mate of abnormality. studies because an individual rather than a sample is com-

For example, when sampling from a distribution with pared to a control sample that is itself typically modest in
severe skew and severe leptokurtosis, the Type | errorsize; therefore any treatment thatimposes a further reduction
rate for Crawford and Howell’s method was 8.35% for a in power should be avoided if at all possiblerawford &
control sampleV of 10 (se€Table 2. Thus, if application of Garthwaite, in presCrawford et al., 2008
Crawford and Howell’s test to a patient’s score yielded a Second, the size of sample required before a researcher
value of exactly 0.05, the corresponding point estimate of the has any possibility of rejecting the null hypothesis of no dif-
abnormality of the patient’s score (i.e., that 5% of the control ference between patientand controlsis larger than is typically
population would obtain a more extreme score) will exagger- available in single-case studies. A minimum of 20 controls
ate the rarity of the patient’s score; if the control distribution would be required to be able to reject the null hypothesis even
has the specified degree of skew and leptokurtosis, it is to bewhen the alternative hypothesis is directionat 0.05, one-
expected that 8.35% of controls would obtain lower scores. tailed) and such an outcome would only occur if the score of
Like Crawford and Howell's method, the complementary every control was higher than the patient’s.
method for setting confidence limits on the abnormality ofthe  An anonymous reviewer took issue with this conclusion
patient’s score developed@rawford and Garthwaite (2002) and suggested that five controls would be sufficient to reject
also assumes normality. Thus, if the control distribution the null hypothesis (one-tailed) that the patient’s score came
has marked skew and/or leptokurtosis, the upper confidencefrom the same distribution as those of the controls. The argu-
limit will be too conservative and the lower confidence limit ment is that the probability is 0.5 that a randomly drawn
too liberal. However, the most striking feature of the present control would obtain a higher score than the patient and
results is that the basic method is surprisingly robust; i.e., thus, using the multiplicative probability rule forindependent
the Type | error rates and estimates of abnormality are events, the probability is 0°% 0.03125 (i.e p < 0.05) that all
relatively insensitive to departures from normality even in five controls would obtain higher scores. Unfortunately, this
the most extreme of the scenarios modelled in the presentgives the wrong answer as the independence assumption does
study. not hold; whether the patient’s score is less than the score of

It should also be noted that this exaggeration of the abnor- one control iswot independent of whether the patient’s score
mality of the patient’s score is less than occurs when z is usedis less than the scores of other controls. To obtain the correct
to provide the point estimate. For example; af —1.645 probability, note than under the null hypothesis the patient’s
provides the point estimate that 5% of controls would obtain score comes from the same distribution as the scores of the
lower scores but, in the same circumstances as those diseontrols. If there are six scores each randomly drawn from
cussed above (i.e., severe skew and leptokurtosis and a contrahe same distribution, any one of which may be the patient’s,
N of 10), Table 2shows that 10.34% of controls would be then 1 in 6 (0.1666) is the probability that the lowest score

expected to obtain lower scores. is the patient’s (i.e., the Type | error rate would be 16.66%).
Note also that this result will hold regardless of the shape of
3.2. Strategies for dealing with non-normal control data the control distribution.

As the reviewer's argument has been offered by other
Although, as noted above, even in the most extreme of theresearchers in informal discussions, a small, additional, sim-
scenarios studied, the effects of skew and leptokurtosis onulation was run to provide an empirical demonstration of the
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Table 3 single-case studies poses a further problem. That is,
Simulation results: Percentage of Type | errors for a non-parametric (multi- there may be a limited number of possible scores: no
licati babilit thod of testing for a deficit . . ) ’
plicative probability) method of testing for a defici transformation will ever adequately normalise such data.

Distribution fefcelmage of In summary, we recommend that researchers attempt to

ype ferrors find a normalising transformation but recognise that this may

Eotrmal ) 1166628 not be possible in practice. Note that, although the search for
xtreme skew : i isi i

v lakurtosis 671 an appropriate normalising transformation should be con-

Extreme skew and severe leptokurtosis 16.65 ducted using the control data alone, if a reasonable trans-
formation is found, this should then be applied to the data
of the controlsund the patient before running Crawford and

high Type | error rate. Five controls plus an additional con- Howell's test.

trol case were drawn from a normal distribution, adistribution I view of the actual or potential difficulties with alter-
with extreme skew, a distribution with severe leptokurtosis, Native approaches, it may be often more practical to rely on
and a distribution that possessed both extreme skewmgss ~ Crawford and Howell's method even when there are con-
severe leptokurtosis (these labels correspond to the distri-Cerns over departures from normality: a researcher can still
butions used in the earlier simulations). One million trials have a high degree of confidence that the patient's score did
were run for each distribution. The number of control cases Not come from the control distribution if the test result for
whose scores fell below all five members of the control sam- Crawford and Howell's method is highly significant. That is,
ple was recorded. The results of this simulation are presented®ven with the combination of extreme skew and severe lep-
in Table 3 from which it can be seen that the empirical error tokurtosis, the observed error rate for a specified rate of 5%

rates match the theoretical error rates, regardless of the shapBever rose above 10%; thusalues that are markedly larger
of the control distribution (i.e., all error rates are very close thanthe critical value would be sufficient to warrant rejection

to 16.66%). of the null hypothesis that the patient’s score is an observation
Before leaving the topic of non-parametric methods, it from the control population.
is worth noting that, although computer intensive resam- 10 study this suggestion formally, we partially re-ran the
pling approaches are useful when comparing two modestly simulation but substituted the critical value ofequired
sized samples, they are no more helpful than traditional non-for significance at the 2.0% level (one-tailed) rather than
parametric approaches in the present context. These method3%:- This was only done for Crawford and Howell's method
work by repeatedly shuffling cases between the two sam-because of its demonstrated superiority over the useirof
ples and quantifying how unusual the difference observed both this study and Study 1. As can be seen fii@hle 4 the
for the original samples is relative to the differences obtained observed Type | error rate was below 5% for the vast majority
between the randomly created alternative samples. Even withof combinations ofV, degree of skew and degree of leptokur-
small numbers in each sample, enough unique samples can ptosis. These results indicate that, if fhealue obtained from
formed to make this viable. However, in the present context,
where a single case is compared to a sample, the maximum

number of unique alternative samples is equal to\tloé the Table 4
Simulation results: percentage of Type | errors using Crawford and Howell's
control sample. . _ method with a more stringent specified error rate of 2%

Another potential solutloniwoqld be to transform thg N Moderate Severe Very severe Extreme
scores of controls and the patient in an attempt to normalise skew skew skew skew
the control score distribution (for a brief introduction to - leptokurtosis
transformations seélowell, 2003. For example, to deal 5 261 361 4.32 452
with moderate negative skew the scores could be reflected 10 2.73 3.76 4.34 4.48
and a logarithmic transformation applied. A more flexible 20 2.80 3.74 4.24 4.34
alternative would be to seek the optimal Box—C&ox & 50 219 3.72 4.13 4.27

100 2.76 3.64 4,09 4.20

Cox, 1964 normalising power transformation. A problem '
here is that, with the small samples typically employed in Moderate leptokurtosis
single-case studies, there are little data with which to assess 3.67 470 5.42 5.60

: C 10 3.85 4.79 5.29 5.46
the true form of the underlying control distribution and 5 3.78 455 4.95 505
thereby select the appropriate normalising transformdtion. so 359 4.28 4.54 4.63
Furthermore, the granularity of scores encountered in 100 3.47 4.12 4.37 4.42

Severe leptokurtosis

1 The public domain software package Www.cran.r-project.orgpro- 5 igg ggg ggz 232
vides a very useful routine that finds the optimal Box—Cox normalising 4'31 5'00 5'31 5'39
transformation by the method of maximum likelihood. As noted, however, 3'91 4'45 4'70 4'70
although it will find the best available transformation, this by no means 100 3.69 414 4.36 437

ensures that the data will be normalised successfully.
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Crawford and Howell’s test is below 0.02, then a researcher studies cannot be fully addressed using existing standardized
could be 95% confident that the patient’s score did not come neuropsychological tests, (b) new constructs are constantly
from the control population except in the most extreme of emerging in neuropsychology, and (c) the collection of large-
circumstances (i.e., very small coupled with very marked  scale normative data is a time-consuming and arduous pro-
skew and leptokurtosis). Even in these latter circumstancescess Crawford, 2004. Therefore, there is a continued need
the error rate is only marginally above 5% (i.e., the maximum for methods that can be used when a patient is compared to a
error rate is 6.4%). modestly sized control sample rather than a large normative
Crawford and Garthwaite (2002)eveloped a computer sample.
program (singlims.exe) to implement Crawford and How- The single-case approach in neuropsychology has made a
ell's method and made it freely available over the intefnet. —significant contribution to our understanding of the functional
This program provides arecise p value (one-tailed) for  architecture of human cognition. However, @aramazza
the difference between the case and control sample. It isand McCloskey (1988hote, if advances in theory are to
therefore straightforward for researchers to incorporate thebe sustainable they. . must be based on unimpeachable
suggestions made above into their practice. That is, if there methodological foundations” (p. 619). The statistical treat-
is concern over the control distribution, then the results can ment of single-case study data is one area of methodology
be examined to determine not only whether it exceeds thethat has been relatively neglected.
conventional 0.05 level but also whether it exceeds the 0.02  Given that most single-case studies employ control sam-
level. Ifthe latter holds then the user can have a high degree ofples with modesiVs, and that skew and leptokurtosis are
confidence that the result is not an artefact of non-normality. likely to be common features of the control data in such stud-
A result that does not meet this second criterion should ies, the present study has gone some way to tackling what
not be dismissed but should be treated with more caution, are fundamental issues in the statistical treatment of single-
particularly if the control distribution appears to be markedly case studies. From one perspective the results are reassuring:
non-normal. the effects of departures from normality, even when severe,
Finally, it should also be noted that the strategies of apply- did not produce a drastic inflation of the Type | error rate
ing atransformation to the data and using a more conservative(i.e., Crawford and Howell's method is more robust than was
p value are not mutually exclusive. That is, a transformation expected).
may fall short of normalising the data but nevertheless be an  Nevertheless, the Type | error rates were raised above the
improvement on the distribution of raw scores. If when Craw- specified rates, to the extent that they were close to double the
ford and Howell’s test is applied to the transformed data and specified rate for Crawford and Howell's method in the most
p is <0.02 the researcher can be particularly confident that extreme scenarios examined (even higher rates were observed
the result is not an artefact. for z but, as noted, most of this effect can be attributed to the
treatment of control sample statistics as parameters). Of the
potential approaches to dealing with this problem we suggest
4. General discussion that our proposed solution is both practical and rigorous; i.e.,
it provides single-case researchers (and their peers) with suffi-
Very useful and elegant methods have been devised forcient reassurance that any deficits they record are not artefacts
drawing inferences concerning an individual patient’s per- of non-normal data.
formance on fully standardized neuropsychological tests; The emphasis throughout this paper has been on single-
i.e., on tests that have been normed on very large, rep-case research in which a patient is compared to a control
resentative samples of the population (e@apitani & sample. However, it is worth noting that the sample need not
Laiacona, 200De Renzi, Faglioni, Grossi, & Nicheli, 1997  be healthy controls. For example, it may be that a researcher
Willmes, 1985. When these methods are used in single-case or clinician wants to compare a patient against a sample of
research, the patient is compared against normative valuesther patients with whom the patient shares some charac-
rather than against controls. In such approaches, error arisingeristics. Similarly, and as noted in Sectiénthe methods
from sampling from the control population is ignored; this are useful in comparing a patient to small-scale normative
is entirely justified because the samples are large enough fordata (e.g., “provisional” norms collected for a new instru-
such error to be minimal. The methods developed by Capitaniment or locally collected norms for existing instruments). In
and colleagues have the added advantage that they are norboth these other applications there would also be reason to be
parametric and are therefore immune to the problems that areconcerned with departures from normality (for example, with
the focus of the present study. provisional data, the user cannot assume that there has been
Although these latter approaches have much to commendthe careful item selection and/or application of normalising
them, there are many circumstances in which they cannottransformations that one would expect with fully standard-
be used because (a) the questions posed in many single-caseed tests). Thus, the present results also provide reassurance
inthese circumstances (i.e., the methods are relatively robust)

2 This program can be downloaded from the following website address: @nd, just aswas the case for the typical single-case study, they
http:/Avww.abdn.ac.uk/psy086/dept/abnolims.htm also provide aremedy if there is concern over departures from
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normality (note that, with normative data from a third party,

the alternative strategy of attempting to normalise the data is

not usually an option).

Finally, Monte Carlo methods offer a means of examining

J.R. Crawford et al. / Neuropsychologia 44 (2006) 666—677

Bird, C. M., Castelli, F., Malik, O., Frith, U., & Husain, M. (2004). The
impact of extensive medial frontal lobe damage on ‘Theory of Mind’
and cognition.Brain, 127, 914-928.

Box, G. E. P, & Cox, D. R. (1964). An analysis of transformations.
Journal of the Royal Statistical Society Series B, 26, 211-246.

methodological issues in single-case research that would begyrt, c. (1963). Is intelligence distributed normallg?irish Journal of

difficult or impossible to address by other means; it is to be

Statistical Psychology, 16, 175-190.

hoped that the present study will encourage further use of Capitani, E. (1997). Normative data and neuropsychological assessment.

such methods.

Appendix A. Sampling from skew-normal and skew-¢
distributions

The method used to sample from skew-normal distribu-

tions is based on work by Azzalini and colleaguagZalini
& Capitanio, 1999Azzalini & Dalla Valle, 1996. The start-

ing point for this method is the generation of two independent

standard normal variates andus (u1 is used to form the&
observations andp is used to control the degree of skew in
X). Thenuy is determined from the formula:

U2 = Pugu; + \/ 1- ,0501,1141.

The value of,,, required to introduce the desired degree
of skew (/1) can be obtained by algebraic manipulation of
Azzalini and Dalla Valle (1996formulae fory to solve for
Puguy- Thatis, put

(A.1)

5 1/3
a= ( " ) (A.2)
4—r
and
172
T
Puguy = a<2+2a2) . (A.3)
Then
if ug >0
x=Q "2 Tho= (A4)

—up otherwise

is an observation from the skew-normal distribution with
skewness/1. To sample from the equivalent skevahistri-
bution the above steps are followed by dividinigy / x2/v,
where x2 is a random draw from a Chi-square distribution
onv degrees-of-freedom (e.@.= 4 if severe leptokurtosis is
required).
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