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Abstract

Performance on some neuropsychological tests is best expressed as an intra-individual measure of association (such
as a parametric or non-parametric correlation coefficient or the slope of a regression line). Examples of the use of
intra-individual measures of association (IIMAs) include the quantification of performance on tests designed to
assess temporal order memory or the accuracy of time estimation. The present paper presents methods for
comparing a patient’s performance with a control or normative sample when performance is expressed as an IIMA.
The methods test if there is a significant difference between a patient’'s IIMA and those obtained from controls, yield
an estimate of the abnormality of the patient’s IIMA, and provide confidence limits on the level of abnormality. The
methods can be used with normative or control samples of any size and will therefore be of particular relevance to
single-case researchers. A method for comparing the difference between a patient’s scores on two measures with the
differences observed in controls is also described (one or both measures can be IIMAS). All the methods require

only summary statistics (rather than the raw data from the normative or control sample); it is hoped that this feature
will encourage the development of norms for tasks that use IIMAs to quantify performance. Worked examples of

the statistical methods are provided using data from a clinical case and controls. A computer program (for PCs) that
implements the methods is described and made availalildS(2003,9, 989-1000.)
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INTRODUCTION magnitude of the index of association observed for the pa-

. . . tient with those of a normative or control sample.
The assessment of neuropsychological deficits in the indi- P

vidual case normally involves comparing a patient’s SCO“EXAMPLES OF NEUROPSYCHOLOGICAL

on a neuropsychological test (e.g., number of items correc
with the distribution of scores obtained from an appropriatelSEEAXS;JRREESSS\IIE\Igizigiﬂ;ORMANCE

control or normative sample. However, for some neuropsy-
chological constructs and their related measurement procghe examination of memory for temporal order provides an
dures, it is necessary, or at least preferable, to quantifpbvious example of the use of an IIMA. Typically, perfor-
performance through the use of @tra-individual mea- mance on a temporal order memory task is quantified by
sure of association (IIMA). These measures of associatiogomputing the intra-individual (rank order) correlation be-
can either be parametric or non-parametric correlation cotween the actual order in which items (e.g., words or pic-
efficients, or the slopes of regression lines. Evaluation of anures) were presented, and the patient's memory for this
individual patient's performance is made by comparing theorder (Shimamura et al., 1990). The correlation computed
from the patient’'s data can be compared with the average
_ correlation obtained from a control or normative sample (a
Reprint requests to: Professor John R. Crawford, Department of Ps

i ; ; ; .
chology, King’s College, University of Aberdeen, Aberdeen AB24 3HN, low correlation would suggest 'mpa”ment)’ see Mayes et al.
UK. E-mail: j.crawford@abdn.ac.uk (2001) for a recent example.
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As another example, in the area of motor control, there igpants would suggest impairment. However, in some circum-
a high intra-individual correlation between maximum grip stances an investigator may seek evidence of impairment
aperture when reaching for objects and the size of the obthrough demonstrating that there istengtheningof an
jects (Carey, 1996). An investigator may wish to determineintra-individual relationship in a patient. For example, it
whether this relationship breaks down in an individual withmight be found that a patient’s performance on a primary
neurological disease. This could be examined by compartask is differentially sensitive to the degree of working mem-
ing the slopes of the intra-individual regression lines (relat-ory load (e.g., number of digits retained) imposed by a
ing object size and aperture size) obtained from healthyecondary task. Were this the case, then one would expect
participants with the slope of the regression line obtainedo find a higher (negative) correlation between working mem-
from the patient. Relatedly, there is a positive relationshipory load and primary task performance in the patient than
between the peak velocity of manual reaching and the disin the healthy control participants.
tance from a target; the further away the target, the faster

the peak velocity (Jeannerod, 1984). Again, an investigato§ TAT|ISTICAL METHODS FOR
may wish to examine whether this relationship breaks dow OMPARING AN INDIVIDUAL WITH

in cases with neurological disease; see Carey et al. (199 CONTROL OR NORMATIVE SAMPLE
for an example.

As a fourth example, in the area of object recognition, itIn all of the foregoing examples, correlation coefficients, or
has been found that there is a robust intra-individual relaslopes are treated asta It is not uncommon for correla-
tionship between the latency with which an object is namedion coefficients to be used in this way; see Howell (1997)
and the degree to which it is rotated away from its proto-for a brief commentary. A particularly pertinent example is
typical orientation (Turnbull et al., 1997). Failure to find provided by the previously mentioned study by Shimamura
such an association in a patient would suggest that mentai al. (1990) on temporal order memory. In this studgsts
rotation was not being used to achieve object identificationand ANOVAs were used to compare the mean intra-
see Turnbull et al. (2002) for a recent single-case studyindividual correlations (between the actual and reported or-
Distance estimation tasks provide yet another example frorder of the stimulus items) obtained from healthy and amnesic
the area of visual perception; here the issue would be whethesamples. Venneri et al. (1998), in their study of time esti-
a patient exhibits an attenuation of the expected relationmation in amnesic and control samples, used ANOVA to
ship between visually estimated distance and actual dissompare the mean slopes (relating actual elapsed time to
tance (Carey et al., 1998). estimated elapsed time) obtained from the amnesic and con-

IIMAs have also been employed in the area of auditorytrol participants.
perception. For example, Steinke et al. (2001) used mea- In both these examples, inferential statistics were used to
sures of tonality to assess melody recognition in a patientest differences between tveamplesin contrast, both ac-
with right hemisphere damage. Performance on each of foumdemic neuropsychologists who study single cases, and clin-
tests of tonality (Steinke et al., 1997) was quantified byical neuropsychologists, are concerned with comparing an
computing the Spearman rank order correlation between mdividual with a normative or control sample. However,
participant’s ratings of tonality and music-theoretic pre-just as the group researcher is concerned with whether group
dicted levels of tonality. Estimation of weight (Jones, 1986)differences are statistically significant, so single case re-
provides another example where [IMAs can be used (tsearchers or clinicians would wish to determine whether
compare estimated against actual weight); estimation othe observed difference between their patient and a norma-
weight has been found to be impaired in a number of neurctive or control sample was statistically significant. More
logical conditions (see, e.g., Heindel et al., 1991; Lafarguegenerally, neuropsychologists have an interest in estimat-
& Sirigu, 2002). ing the abnormality or rarity of a patient’s performance;

Finally, in the investigation of time estimation, accuracy that is, they wish to estimate the proportion of the healthy
can be assessed by examining the strength of the intrgeopulation that would be more extreme than their patient.
individual relationship between the length of the actual timeThe remainder of this paper is concerned with developing
intervals and the estimated time intervals. There is evistatistical methods to address these needs.
dence that, particularly when the time intervals exceed 20 s The range of potential solutions to these problems is con-
(Richards, 1973; Sherwin & Effron, 1980), amnesic pa-strained by the fact that the normative or control samples,
tients exhibit deficits in time estimation as indicated by aagainst which an individual is to be compared, will often be
weakening of the association between actual and estimatedodest in size. Among the reasons for this is the fact that
time (Nichelli et al., 1993; Venneri et al., 1998). Indeed, intheoretical advances in neuropsychology continue to occur
severe cases, the direction of the relationship can be reat a rapid rate, whereas the collection of large-scale norma-
versed (e.g., the correlation, or slope of the regression lindive data is a time-consuming and often arduous process
has a negative sign), thereby indicating that shorter interfCrawford, 1996). Thus, neuropsychologists may continue
vals are estimated as longer. to have access only to provisional normative data long after

In the foregoing examples the breakdown or weakening new measure has been developed; these norms may be no
of an intra-individual association found in healthy partici- more than control sample data from an experimental study.
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Second, when performance on a neuropsychological meandividual's score with a normative sample in which the
sure is best expressed as an intra-individual measure sfample statistics are used as sample statistics rather than
association, a specific factor that may have discouragetteated as population parameters. The method is a modified
collection of norms is the lack of explicit, practical guid- independent samplésest in which the individual is treated
ance on how to analyse and interpret an individual's scoras a sample dll = 1 and, therefore, does not contribute to
when data are in this form. It is hoped that the methodghe estimate of the within-group variance. The formula is
presented here will help remove this obstacle.

The need to develop methods that are suitable for use Xy — X
with small control or normative samples is perhaps most t=——, (1)
apparent when one considers single-case research. Within G /NZ_H
academic neuropsychology there has been a resurgence of N,

interest in single-case studies and this has led to significant
advances in our understanding of normal and pathologicalhereX; = the individual’s scoreX, = the mean score of
cognitive function (Caramazza & McCloskey, 1988; Codethe normative sampley, = the standard deviation of the
et al., 1996; Ellis & Young, 1996; Humphreys, 1999; Mc- scores in the normative sample, aNg= the sample size.
Carthy & Warrington, 1990; Shallice, 1988). In many of The degrees of freedom farare N, + N; — 2, which re-
these studies the theoretical questions posed cannot be atdlices td\, — 1. This method can be used to determine if an
dressed using existing instruments and therefore novel inndividual’s score is significantly different from that of the
struments are designed specifically for the study (Shallicenormative or control sample. More generally, it provides an
1979). The sample size of the control or normative groupunbiasedestimate of the abnormality of the individual’s
recruited for comparison purposes in such studies is typiscore; i.e., if thg value (one-tailed) fot was calculated to
cally below 10 and often less than 5. In passing, it may bée 0.03 then it can be estimated that only 3% of the healthy
noted that the control group need not be healthy participopulation would exhibit a score lower than that observed
pants; for example, one can envisage many hypotheses thiaitr the individual.
state that a particular patient will exhibit a breakdown in an Crawford et al. (1998) extended this approach to cover
association of interest in contrast to samples of patientsircumstances where the neuropsychologist wishes to com-
having other clinical features in common. pare the difference between a pair of test scores (e.g., scores
For the reasons outlined above it is clear that statisticabn verbal versus spatial short-term memory tasks) observed
methods that treat the normative or control statistics as paer an individual, with the distribution of differences ob-
rameters (i.e., treat the normative sample as if it were &erved in a control or normative sample. Crawford and Garth-
population rather than a sample) would have limited appli-waite (2002) also extended it to permit comparison of the
cability. In this respect, the need for an appropriate methodlifferences between an individual's scores on eadtteséts
of dealing with intra-individual measures of association, isand the individual’s mean score on tkéests with the dif-
directly analogous to the simpler case where the researché&rences between these quantities in a control or normative
or clinician wishes to compare a conventional test score fosample.
a patient (e.g., number of items passed on a memory test) In the present paper we further extend this general ap-
with a control or normative sample. proach to cover circumstances where the clinician or re-
The ‘standard’ procedure for statistical inference in thissearcher wishes to compare an intra-individual measure of
latter situation is well known. When it is reasonable to as-association obtained from a patient with a normative or
sume that scores are normally distributed, the patient’s scoreontrol sample. Before presenting these methods it should
is converted to & score, based on the mean and standardbe noted that an additional consideration in developing them
deviation in the normative sample, and evaluated using tablesas that they should only require summary statistics from
of the area under the normal curve (Howell, 2002; Ley,the control or normative sample and the patient, rather than
1972). Thus, if the researcher or clinician has formed ahe raw data. This was motivated by three considerations.
directional hypothesis concerning the patient’s score priofFirst, the summary statistics required are easily obtained
to testing (e.qg., that the score will be below the mean), therfirom any standard statistical package. Second, working with
azscore which fell below-1.64 would be considered sta- the summary statistics is less time consuming for the user.
tistically significant (using the conventional 5% level). More Third, by requiring only summary data, this should encour-
generally, the procedure provides the neuropsychologist witAge the development of norms for neuropsychological mea-
information on the rarity or abnormality of the individual's sures for which performance is best expressed as an IIMA.
score. This method treats the normative sample statistics dhat is, publication of the summary statistics from a nor-
if they were parameters. When tNeof the normative sam- mative or control sample would be sufficient for indepen-
ple is large this is not problematic. However, it is problem-dent researchers or clinicians to use the norms with their
atic when, for example, the sample consists of only 10own patients.
persons. The methods set out below can be used to compare an
Drawing on work by Sokal and Rohlf (1995), Crawford individual with a normative sample when performance is
and Howell (1998) presented a method of comparing arexpressed as a Pearson correlation coefficient (i.e., a para-
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metric coefficient) or a non-parametric coefficient (Spear-patient) is from the same distribution. Assumikg suffi-
man Rank Order Correlation Coefficient or Kendall’s Tau). ciently large (i.e.> 10) for the approximation in equation
The only information required il and the correlation co- (4) to hold, therr{...r} are a simple random sample from
efficients for each of the members of the control or norma-the normal distribution,
tive sample and the patient.

The original intention had been to also present methods
for comparing the slope of a patient’s regression line with ri~N <R’ A?+ kT3> (6)
those of controls. However, the procedures required in this
latter case are more complicated (partly because more infhjs last equation (6) shows that varies fromR both
formation is available when working with slopes). Prior to hecause varies abouf (with variance 1(k — 3)), and
testing for a difference in slopes a sequence of tests has igecausg; varies abouR (with varianceA?). The variance
be run. These examine, (1) if the error variances of they/ is the sum of these components of variance. If the null
controls are homogenous, (2) if the error variance of thenypothesis holds, ther,, ; is also from the distribution in
patient differs significantly from controls, and, ifso,whether(6)_ We calculate the mean and standard deviation of the

(3) there appears to be little variation between the controlgransformed correlations in the control sample, i.e.,
in their slopes. The results from these pre-tests determine

which of three formulae should be used to compare the N
patient’s slope with controls. As these methods are very

different from the methods for correlation coefficients, and i
require lengthy computations, we have prepared a follow-up N

paper that deals with slopes (Crawford & Garthwaite, 2003). q
an

r{
1

(7

TESTING EQUALITY OF PEARSON N
CORRELATION COEFFICIENTS 2 (rr=r)?

i=1

CE 8

When performance on the task of interest is expressed as a v =

Pearson (i.e., parametric) correlation coefficient, wep|et

denote the correlation coefficient for tieh person and let Then, if r},, (the patient's observed correlation) comes
r; denote its sample estimate, basedanals or items. The  from the same normal distribution as...r/,

sampling distribution of correlation coefficients is not nor-

mally distributed and so we apply Fisher’s transformation Mg —T'
to the coefficients for the individuals in the normative or B ——— 9)
control sample and the patient: & N+1
r
N
! =3[In@@+p)—In(1—p)], 2
pi = zlin+p) = pl @ has at distribution onN — 1 degrees of freedom. If the null
and hypothesis is rejected at the conventional .05 level, then the
' patient’s correlation is significantly different from that of
f = In(L+1;) - In(1—r)], (3) the controls. Furthermore, if the precise one-tailed proba-

bility for tis multiplied by 100 then we have an estimate of
the percentage of the population that would obtain a corre-
lation lower than the patient’s.
It can readily be appreciated that formula (9) is directly
r | pl ~ N(p{,i) (4) equivalent to the formqla employe(_j by Crawford and
k—3 Howell (1998). In Equation (1) the difference between a
patient’s score on a neuropsychological test (e.g., number
We assume thatp;...p, are values from a normal of jtems passed) and the mean score of the control or nor-
distribution, mative sample is divided by the standard error of the mean
of the control sample. In the present case, where perfor-
pi ~ N(R,A?). (5) mance on the neuropsychological task is represented not by
a conventional score but by a correlation coefficient, the
That is, we accept that the true values of the (transformeddifference between the patient’s transformed coefficient and
correlations differ between individuals. We denote their mearthe mean transformed coefficient of the control sample is
value in the normative population By and their variance divided by the standard error of the mean coefficient.
by A2. Also, we assume these true valugs,i = 1...N) A potential alternative means of testing the difference
follow a normal distribution. We want to test the null hy- between the patient’s transformed correlation and the mean
pothesis thap/,., (the true correlation coefficient for the correlation in the controls would be simply to convert the

then approximately,
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patient’s transformed correlation @ based on the mean a non-centrality parameter that affects their shape and skew-
andSDof the controls, and refer thisto a table of the area ness. We find a value of this parametéy,, such that
under the normal curve. (Such a method could also be usetie resulting non-centrai-distribution hascyN as its
with the other forms of correlation coefficients dealt with in 100x/2 percentile. Then we find the valu® such that
the present paper.) However, as when comparing a patientthe resulting distribution hasy'N as its 100(+ «/2) per-
performance on a conventionally scored test with controlscentile. From tables for a standard normal distribution we
this method is inappropriate, since it treats the control samebtain PZ < SL/\/N) and Pz < 8U/\/N). These prob-
ple statistics as if they were population parameters. Thabilities depend upor, ¢c andN and we denote them by
practical effect of using this alternative method would be toh(«/2;c;N) and h(1 — «/2;c;N), respectively. Then a
exaggerate the abnormality of the patient’s performance antio0(1— «)% confidence interval foP may be written as
to spuriously inflate the chance of finding statistically sig-
nificant effects. Acomparison of the results from these meth- (h(a/2;c;N), h(1— a/2;c;N)). (11)
ods is provided in the worked example (see later section).

From equation (3),r; is a monotonically increasing
Obtaining Confidence Limits on function ofr;, so(h(a/2;c;N),h(1 — a/2;c;N)) is also a
the Abnormality of an IIMA 100(1— a)% confidence interval for the percentage of the

. . . . . opulation that will fall below a given individualigntrans-
The above method is designed to yield a point estimate 0? P 9

th i b lity of tient's IMA when the IIMA ormedcorrelation,r, ;. Details of the derivation off are
€ rarity orabhormaity of a patients whenthe given in Crawford and Garthwaite (2002) and a worked
employed is a correlation coefficient. However, it would

i . . L example of obtaining 95% confidence limits on the rarity of
also be desirable to obtain confidence limits on the abnor- P 9 ? y

mality of the patient’s IIMA. That is, using (9) we obtain a an lIMA s provided in a later section.

point estimate of the percentage of the population that will

perform more poorly than the patient but now we wish toTESTING EQUALITY OF RANK

obtain confidence limits on this percentage. Such an aim iCORRELATION COEFFICIENTS

in keeping \.N'th the gontemporary emphasis n Sta'['S“F:SWhen performance on the task of interest is expressed as a
psychometrics, and biometrics on the use of confidence lim-

; . . .. ) non-parametric correlation coefficient, i.e., Spearman Rank
Its (American Psychological Association, 2001, Daly et al"Order Correlation Coefficient or Kendall's Tau, we suggest
1995; Gardner & Altman, 1989; Zar, 1996). Gardner and ' 99

Altman (1989), for example, in discussing the general issu that, as was done with Pearson correlations, Fisher’s trans-

: ; : o Sormation is applied to the coefficients of the control or
of the error associated with sample estimates note that “these . - .

. ; . . . . normative sample and the coefficient of the patient. Krae-
quantities will be imprecise estimates of the values in the

. . S mer (1974), in reviewing inferential methods for rank order
overall population, but fortunately the imprecision itself - . \ S
. . . o coefficients notes that Fisher’s transformation “has proved
can be estimated and incorporated into the findings” (p. 3)

Similarly the American Psychological Association (2001) successful as a trans_formathn-wmch., when apphed to sev-
. . s . eral forms of correlation coefficients, is approximately nor-
take the view that confidence limits or intervals represent

“in general the best reporting strateqv. The use of Conﬁ_‘mally distributed with variance independentgf(p. 114).
gen : b 9 gy , Fieller et al. (1957) and Fieller and Pearson (1961) showed
dence intervals is therefore strongly recommended” (p. 22)

) e . . that the approximation is good for Spearman’s Rank Order
The use of confidence limits is particularly appropriate when . - )
. correlation coefficient and Kendall's Tau fér> 10 and
results are obtained from small samples. ) : :
: o . . |p| < .9. Therefore, if comparing the non-parametric coef-
To generate confidence limits on the abnormality of this_; . . . ; .
. ficient obtained for a patient with a control or normative
form of IIMA we use a result obtained by Crawford and sample, the procedure is identical to that for parametric
Garthwaite (2002). Le denote the percentage of the pop- pie, P P

) ) . SR ) correlation coefficients. That is, the mean a8b of the
ulation that will fall below a given individual’s transformed o .
) , . transformed coefficients are calculated and entered into for-
correlation ¢, 1), and suppose we require a 100{1)%

confidence interval foP. As in the formula for the point mula (9) along with the transformed coefficient for the pa-

estimate, let (., — ') represent the difference between tient. Similarly, if confidence limits on the abnormality of

the individual’'s score and the mean score of the normativéhe patient's score are required, the procedure described for

or control sample, letr,» be the standard deviation in the parametric coefficients should be followed.
normative sample, and I& be the size of the normative
sample. We assume scores for the control population ard/ORKED EXAMPLES

normally distributed. If we put To illustrate the methods we use the example of the test of

M, —F' temporal order memory developed by Shimamura et al.
C=—"""", (10)  (1990). In this task participants are read a list of 15 words
oy . L
and are then given the words on individual cards and asked
thencis an observation from a non-centtalistribution on  to attempt to put them in the order in which they were

N — 1 degrees of freedom. Non-centtalistributions have originally presented. A 34-year-old female patient with a
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left frontal lesion was administered this test and the Spearene-tailed test is appropriate. The one-tailed critical value
man Rank Order correlation between the actual order of théor t at the 5% level on 13 degrees of freedom is 1.77. The
words and the order produced by the patient was .210; thmdividual’s score is, therefore, significantly different from
transformed correlation was .213. It will be noted tkat ~ the controls at the 5% level. The exact one-tailed probabil-
this example (the number of items used to compute théy for t in this example is .0202 and so the expectation is
coefficient) is 15 and is thus sufficiently large for Fisher’s that only 2.02% of individuals in the population from which
transformation to give approximately normal distributions.the normative sample was drawn would obtain a score as
In the course of studying the effects of ageing on memdow as that observed for the patient. To obtain 95% confi-
ory and executive functions, Crawford et al. (2000) ob-dence limits on this percentage we proceed as follows:
tained data for this task from 111 healthy persons. Because
we wish to illustrate the use of this method when the con- 0.213— 0.637
trol or normative sample is modest in size, we selected 14 c= o180
of these participants to match the patientin terms of gender, '
age and years of education. Mean age in the control sample
was 34.2 6D = 2.69) and mean years of education was
12.0 (SD = 1.51); the patient had 13 years of education. o
Table 1 presents the Rank Order Correlation CoefficientdVe want a non-centrdldistribution onN — 1 =13 degrees

and the transformed correlations for the controls. The meaﬂf frgedom that ha&8.81'5 as its 0.975 quantile. This de-
of the transformed correlations in the controls is .637 with al€'Mines the non-centrality parameter to-b&2.652 so we

SDof .180. Entering these data into formula (9) yields thePutdL = —12.652. We also want a non-centtaistribution
following result, on 13df that has—8.815 as its 0.025 quantile. This gives

5, = —4.892. Then,

—12.652
PrlZ< ——— )-100=0.04,

= —2.356

cVN = —2.356y14 = —8.815

rfr— T 0.213-0.637

t = =
 [Ne1 o 14t
VN ' 14

14
and
—0.424 —-0.424
= = = —2.276.
0.180V1.0714 0.1863 —4.892
Pr({z < -100= 9.56.
<)

As the hypothesis tested by the researcher or clinician in

this example is directional, that is, that the patient’s perfor- 0 . o . 0
mance will be significantly lower than matched controls, a€nce the 95% lower confidence limit féris 0.04% and

the upper limit is 9.56%. To summarize the results for this
case: the patient’s memory for temporal order was signifi-
cantly poorer p < .05) than controls and it is estimated
that only 2.02% of the population would exhibit a score
poorer than that observed; the 95% confidence interval on
this percentage is .04% to 9.56%.

Table 1. Correlation ¢) and transformedr() correlation

between order and reported order on a temporal order memory
task in 14 control participants (the correlations are Spearman
Rank Order Correlation Coefficients); the final column presents

raw scores on a free recall task, used in the example As noted in a previous section, a potential alternative
of testing for dissociations. means of testing the difference between the patient and
controls would be simply to convert the patient’s trans-
Case r r' Free recall  formed correlation ta. It is informative to compare this
Control 1 350 365 6 alternative v_vith the propqsed method for the pr_esent exam-
Control 2 370 388 9 ple. The patient’s correlation expressed aseore is—2.36.
Control 3 430 460 7 Referring thisz to a table of the normal curve reveals that
Control 4 .480 523 12 the estimated percentage of the population that would ob-
Control 5 .500 .549 9 tain a correlation lower than this is 0.9%. This exaggeration
Control 6 .500 .549 10 of the abnormality of the patient’s performance would be
Control 7 -500 549 5 even more pronounced with smaller control samples. Fur-
Control 8 580 662 10 thermore, in the present example, the conclusion from ap-
gontro: 51’0 '2%3 ';gi ; plication of both thet test andz is that the patient is
ontro : : significantly impaired p < .05). However, obviously these
Control 11 .650 775 9 ) .
methods need not be in agreement. For example, if the pa-
Control 12 .690 .848 8 . :
Control 13 700 867 12 tient’s transformed correlation had been .335, thén1.68)
Control 14 730 929 14 would be significant p < .05). However, this would be a

spurious result arising from treating the sample as a popu-
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lation; the t-test would not be significantt(= 1.62, the program that accompanies this paper (see later section)
p > .05). offers the option of entering the mean a8D of the trans-

As another example of the use of these methods, Steinkiermed correlations for the normative or control sample
et al. (1997) conducted a single-case study of a patienfand the raw (i.e., untransformed) correlation obtained from
C.N., who had suffered bilateral temporal lesions. Steinkehe patient.
et al. administered a series of tests of music perception to We hope that the availability of these methods will en-
C.N. and 6 matched controls. Performance on the tests afourage the development of normative data for tasks in
music perception was quantified by the rank order correlawhich performance is quantified using an IIMA. In the in-
tion between an individual's ratings of the stimulus itemsterim (i.e., prior to development of large-scale normative
(e.g., of tonality) and music-theoretic predicted levels. C.N.data) the methods allow researchers and clinicians to use
performed poorly on these tasks. No inferential method wasiIMAs with the modest data that are already available (in-
employed to test whether C.N. differed significantly from cluding, in the case of single-case studies, data collected
controls but this can be readily achieved with the presenfrom a control sample).
method. For example, on a test of novel melodies the cor-

relation obtained for C.N. was .46 (henceis .497). The pDETECTING DISSOCIATIONS WHEN
mean of the Fisher transformed correlatidn$) in the 6 PERFORMANCE ON ONE OR BOTH OF

controls was 1.29 with &D of .305. Entering these data
into formula (9) yields & of 2.406 and a one-tailed proba- THE TASKS IS EXPRESSED AS AN 1IMA

bility of .031. Therefore, C.N.’s performance was signifi- Up to this point we have been concerned with methods of
cantly poorer than controls. The confidence interval on theaesting for a significant deficit on a single task. Although
percentage of the population that would obtain a lower scor¢he ability to identify a deficit in the individual case is fun-
(i.e., a lower correlation) than C.N. was from .008% to damental, the presence of a deficit in a given cognitive

20.3% (the point estimate was 3.1%). function often only acquires theoretical importance when it
is accompanied by the absence of a deficit in other related
USE OF THESE METHODS WITH functions. That is, a central aim in many neuropsychologi-

LARGE-SCALE NORMATIVE DATA _cal case studies is to fracti(_)na_te t_he cognitive system i_nto

its constituent parts, and this aim is pursued by attempting
The emphasis in the foregoing discussion of these methods establish the presence of dissociations of function. Typ-
has been on their use with modest control or normativacally, if a patient obtains a score in the impaired range on a
samples. However, it should be stressed that these methotist of a particular function and is within the normal range
are applicable to comparison of an individual with norma-on a test of another function, this is regarded as evidence of
tive samples oénysize. Indeed methods such as these (i.e.a dissociation. However, this evidence in isolation may not
methods that use thedistribution rather than the standard be at all convincing (Crawford & Garthwaite, 2002). For
normal distribution) are in fact technically the correct way example, a patient’'s score on the “impaired” task could lie
to make a comparison againshy normative sample be- just below the cut-point for defining impairment and the
cause our normative samples are always just that, sampl@erformance on the other test lie just above it. Therefore, a
rather than populations. Of course, if the normative samplenore stringent test for the presence of a dissociation would
is large, then methods that use theistribution and those also involve a comparison of thdifferencebetween tests
that treat the sample statistics as population parameters widlbserved for the patient with the distribution of differences
converge; that isz can be used to provide an adequatebetween these same tests in the control sample (Crawford
approximation ta with largeNs. et al., 2003).

The amount of normative data on IIMA tasks is currently ~ As previously noted, Crawford et al. (1998) devised a
limited, at least in part, because there has been little guidmethod that can be used to test whether the difference be-
ance on how to use such data to draw inferences concernirtgzeen an individual's score on two tasks is significantly
an individual's performance. It is to be hoped that the de-different from the differences observed in a control sample.
velopment of these methods will help to remedy this situa-This method can, therefore, provide an additional test for
tion. To illustrate, suppose a researcher standardized the presence of a dissociation. However, it is also useful
temporal order memory task on a large sample of the genin the converse situation where a patient’s scores are within
eral adult population. To make this available as normativehe impaired range ohothtasks. When this pattern is ob-
data the researcher would simply need to report the measerved, the researcher can still test whether the magnitude
andSD of the Fisher transformed correlations between acof the difference between the two tasks is abnormal; i.e.,
tual and reported order (separate means@bsl could be evidence can be sought for the presence aifferential
reported for different age groups etc. if required). The endleficit on the test of one of the functions.
user would then enter these statistics into formula (9) along The method was developed for use with tasks in which
with the transformed correlation for their patient (most sta-performance is quantified by conventional means (e.g., num-
tistics texts provide a table for converting betweeand  ber of items correct). For example, Crawford et al. (1998)
r’). In order to make this process as convenient as possiblese the example of testing whether the difference between a
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patient’s performance on a verbal short-term memory taskand thez score for temporal order is2.356. We will des-
and a spatial short-term memory was significantly largerignate the free recall task as Tesand the temporal order
than the differences in a control sample. However, theitask as TesY (the choice is arbitrary). Entering these data
method can be just as applicable when performance on oriato formula (12) we obtair:

or both of the tasks is expressed as an [IMA. The formula

for this test, which is essentially a modified paired samples |Zx — Zy]| |-0.435— (—2.356)|

t test, is t= =
\/(2 o) N, + 1 \/(2 o2 15
— 2 —1. =
Z—Z i N, 14

X Y
t= : 12)
N, +1 1.921 1.921
\/(2 ) <_2 ) - = =1.87.
Ny 1/0.98x1.0714 +/1.05

whereZ, andZ,, are the scores of an individual on Test The one-tailed probability for of 1.87 on 13 degrees of
and TestY expressed as scores formed using the means freedom is .042. We would conclude, therefore, that the
and SDs of the control sampler,, is the correlation be- patient’s performance on the temporal order task was sig-
tween TestsX andY in the control sample, anl, is the  nificantly poorer than performance on free recall; that is,
number of participants in the control sample. The test stathere is evidence of a dissociation between memory for
tistic follows at distribution onN, — 1 degrees of freedom. temporal order and free recall of equivalent stimuli. In ad-
Multiplying the one-tailed probability af by 100 gives the dition, by multiplying thisp value by 100 we have an esti-
point estimate of the abnormality of the individual’s score.mate of the percentage of the healthy population that would
A derivation for the formula can be found in Appendix 1 of exhibit a discrepancy in favor of recall larger than that ob-
Crawford et al. (1998). served for the patient (4.2%); that is, discrepancies of this
The use of this method is best illustrated with an exam-magnitude are fairly rare. A confidence interval on this per-
ple. Let us suppose that the patient whose temporal orderentage can be obtained using a method devised by Craw-
memory performance was used to illustrate the method foford and Garthwaite (2002). In the interests of brevity we
correlations had also been administered a conventional vedo not provide a worked example here but the 95% confi-
bal free recall task involving recall of 15 words. Given the dence interval for this example is from 0.23% to 15.3%.
evidence that temporal order memory is differentially im- As another example, we return to Steinke et al.’s (1997)
paired following frontal lesions in comparison with free study of impaired music perception in case C.N. An impor-
recall (e.g., Shimamura et al., 1991), we could test the ditant aim of Steinke et al.’s case study was to test whether
rectional hypothesis that the patient’s temporal order memmusic perception could be dissociated from non-musical
ory will be significantly poorer than her performance on cognitive abilities. To examine this, C.N. and controls were
free recall. also administered a series of other tests, including subtests
The healthy participanta\ = 14) selected from Craw- of the WAIS-R (Wechsler, 1981) and the Wisconsin Card
ford et al.’s (2000) sample to serve as controls for this paSorting Test (Heaton, 1981). Steinke et al. did not use an
tient had in fact been administered the verbal free recalinferential method to test whether C.N.’s performance on
task described above. Their mean score (i.e., number aghusic perception was significantly poorer than perfor-
words correctly recalled) was 9.07 witls®of 2.46 (range= mance on these other tasks but this can readily be achieved
5-14). The raw scores of the controls on this task are predsing the present method. For example, C.N.’s score on the
sented in the final column of Table 1 (thereby providing Wisconsin was 96 and the mean a8® in controls was
potential users of this method with all the data required t089.2 and 3.49, respectively (the correlation between perfor-
work the example from scratch). Suppose that the patient'smance on the novel melodies task and the Wisconsin in the
score on the free recall task was 8. As recorded earlier, theontrols was 0.83). Entering these data, together with the
patient’s score on the temporal order task (i.e., the correlapreviously recorded data for the novel melodies task, into
tion between the actual and reported order of items) wasormula (12), yields a of 7.22 and a one-tailed probability
.213 after applying Fisher’s transformation. Also as re-of .0004. Therefore, the discrepancy between C.N.’s per-
ported earlier, the mean ai®D of the transformed correla- formance on the music perception and non-musical task
tions in the control sample was .637 witts®of .180. The  was highly significant and there is strong evidence for a
only remaining statistic required to test for a dissociationdissociation.
between free recall and temporal order memory is the cor- The foregoing examples involved comparing the differ-
relation between performance on the two tasks in the conence between a patient’s performance on two tasks with the
trol sample; this (Pearson) correlation was .51 (note thadifferences in controls when performance on oahe of
this correlation is computed from the free recall scores andhe tasks was expressed as an IIMA. However, as noted,
thetransformedcorrelations of the controls). Crawford et al.’s (1998) method is just as applicable when
Using the means an8Ds of the controls, the patient’s performance on both tasks is expressed as an I[IMA. There-
score on the free recall task expressedasare is—0.435  fore, the method can be used whenever there is a need to
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examine performance under different experimental condimeasures of A and B), the lack of significant differences
tions (i.e., comparison of a patient’s correlation obtainedamong the tasks assessing each of these putative functions
under Condition Aversusthe correlation obtained under lends support to the view that these new constructs possess
Condition B). internal consistency.

For example, Carey et al. (1998) examined the ability of
a patient (D.F.) to visually estimate distance; they reported
the correlations between actual and estimated distance f&kBNORMALITY AND RELIABILITY OF
D.F. and controls under monocular and binocular condi-SCORES AND SCORE DIFFERENCES
tions. Milner et al. (1991) hypothesized that cases such aBND THEIR CORRESPONDING
D.F. should be markedly more impaired when distance iCONFIDENCE INTERVALS

estimated using monocular versus binocular vision. The‘l‘h t methods test wheth fent’ it
present method could be used to test this hypothesis b, e present methods test whether a patient's score (specif-

comparing the difference between the correlations undeﬁéa”y’ an lIMA) or score d|ﬁereqce came from the same
opulation as a control or normative sample and are distinct

monocular versus binocular conditions for a patient agains om a test on theeliability of differences. A reliable dif
the differences between the correlations observed in cor- — ) L :
Terence between an individual’s test scores is one unlikely

trols. The indications are that, in the case of D.F., applica . :
to have arisen from measurement error in the tests. How-

tion of such a test would reveal a significant difference. L . : :
Carey et al. (1998) found that the correlation between actVer. many healthy individuals will have reliable differ-
nces among their abilities in different cognitive domains.

tual and estimated distance for D.F. was markedly highe ) . S .
under binocular conditions, whereas the correlations for twi ndeed, if the tests concerned have high reliability, reliable

controls were very similar under monocular and binocuIard'ﬁerence_S W'" k_)every common an_d therefore cannot be
conditions taken as indicating acquired impairment (see, e.g., Craw-

As another example, Venneri et al. (1998) examined timerord' 2003; Crawford & Allan, 1996). Therefore, methods

estimation under single and secondary task conditions (thg]at quantify the probability that a patient's score difference

secondary tasks imposed demands on either working men{'as drawn from the distribution of score differences in the
healthy population are more germane to the needs of clini-

ory or attention). The method outlined could be used to ians and single-case researchers (Crawford & Garthwaite
examine whether a patient’s performance is more sensitiv ) '
P P 002: Crawford et al., 1998).

than controls to the effects of these secondary tasks. o ) - :
Furthermore, memory for temporal order can be tested Similarly, the_ conflde_nc_e limits prese_nted N th?‘ present
with verbal and non-verbal stimuli (Mayes et al., 2001): in paper are confidence limits on the estimated rarity or ab-

both cases performance is quantified by computing the COleormallty of a given score (specifically, an lIMA) or differ- .
relation between actual and reported order. The method d nce between scores. As noted, they allow the user to quantify

scribed could be used to test for a significant difference inthe effects 9f error arising _from usin.g a sample in place of
the population: they quantify the fallibility of normative or

performance on these two tasks in the individual case. Fi- . -
nally, it was noted that Steinke et al. (2001) have develope Qntrol sample data. These confidence limits are therefore

four tests of tonality and that performance on each of thesgIStInCt from confidence limits that quantify the effect of

tasks is quantified by computing the Spearman rank ordefneasurement error in a test instrument (or instruments) on

correlation between a patient’s ratings of tonality and music2" individual’s score (or score differences). These latter

theoretic predicted levels of tonality. If a researcher wishec]'m'tS are obtz:medtrl])y rT;U't(ijW(Ijng a tes;s standard errtorfotfh
to test for possible dissociations between two of these gifmeasuremen (or the standard error of measurement of the

ferent aspects of tonality the method described above coul ffference when c_:oncemed with score dlffer_ences) by a stan-
be used to test for their presence. ard normal deviate (i.e., 1.96 for 95% limits)

Before leaving this topic it should be noted that, in the
illustrative exampl_es, the_ concern was W_ith_ testing WhethebAVEATS ON THE USE OF
there was a statistically significant d|55(_)C|at|0n between e LIE FOREGOING METHODS
formance on the two tasks. However, in the search for dis-
sociations, the aim is to uncover dissociations betweel he tests developed in the present paper involve assump-
functions not the tests used as (imperfect) indicators oftions about the underlying distributions from which the
these functions. Therefore, it can be of some value to denmormative data were sampled. In the case of the simple com-
onstrate that tests of a particular putative function provideparison of a patient’s IMA with a control mean, the assump-
similar indications of impairment (i.e., that they do not dif- tion is that the control data were sampled from a normal
fer significantly). This is perilously close to attempting to distribution. In the case of testing for a dissociation, it is
prove the null hypothesis and therefore such evidence caassumed that the differences between the two tasks follow a
play only a supporting role. That is, when there is evidencenormal distribution. This latter assumption holds if scores on
that was regarded as a unitary function, which can be fracthe two tasks follow a bivariate normal distribution but this
tionated into two new putative functions A and B (as indi- condition is not essential. These same assumptions apply to
cated by the presence of significant differences betweethe corresponding methods for obtaining confidence limits
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on the abnormality of an IIMA or difference (i.e., potential relatively straightforward. Armed with a set of basic statis-
dissociation) between an IIMA and another task. tical tables, they could be performed by hand or with the
It follows that these procedures should be avoided whemid of a calculator or spreadsheet. However, as we are aware
it is known or suspected that the control or normative dataf the time pressures under which many neuropsycholog-
are markedly skewed or platykurtic—leptokurtic. It shouldists operate, we have written a computer program for PCs
be noted that the possible alternative method discussed inta accompany this paper. Apart from saving time, use of the
previous section (i.e., treating the sample as a populatioprogram reduces the chance of arithmetic or clerical error.
and usingz to evaluate a patient’s performance) makes ex+urthermore, it provides a precise probability value for the
actly the same assumption of normality and is equally comtests, whereas tabled valuestainly record the value that
promised by nonnormality. When the control or normativemust be exceeded to achieve a given level of significance.
samples are small, the neuropsychologist should also b&n exact probability is more useful in many situations as
alert to the presence of outliers. For example, in elderlythe emphasis will be on the rarity or abnormality of the
control or normative samples it is not uncommon to ob-individual’s level of performance. For example, it is still of
serve occasional cases who perform very poorly despite theome value to have an estimate of the percentage of healthy
absence of any other evidence that suggests the presenceidividuals expected to exhibit a coefficient as extreme as
a brain pathology (e.g., early stage dementia). the patient’s when thé value for a given test does not
When testing for differences between parametric (i.e.exceed the mostliberal tabled value (e.g., .10 in many tables).
Pearson) correlations, a crucial assumption is that relationl{ also does away with the need for interpolation when a
ships between the variables involved are linear. A visualalue falls between two tabled critical values.
check of this assumption can be made using scatterplots for The programIMA.EXE compares the parametric or non-
each individual case. If non-linearity is apparent, the neatparametric correlation coefficient obtained for a patient with
est solution, if it works, is to transform the variables; for the coefficients of a control or normative sample. The pro-
example, by taking their logarithms, square roots or recipgram prompts for the number of cases in the control or
rocals. Transformation of variables is discussed in all comnormative sampleN), the correlation coefficient for the
prehensive statistics textbooks; for example, see Tabachnigiatient ..,) and the correlation coefficients for each of
and Fidell (1996) or Howell (2002). It must be emphasizedthe controls. The program then applies Fisher’s transforma-
that, if any of the aforementioned transformations are emtion to the coefficients. The output consists of the one and
ployed, thesametransformation must be applied to the datatwo-tailed significance of the difference between the pa-
from all cases (i.e., all control cases and the patient). Howtient and controls, the abnormality of the patient’s coeffi-
ever, if the aim is to detect dissociations between two taskssient (e.g., the estimated percentage of the population that
where performance on one or both of which are expressed agould obtain a coefficient that was lower than the patient’s)
an IIMA, it is perfectly acceptable to apply different trans- and 95% confidence limits on the abnormality. The output
formationsto the data from the two tasks (provided that, withincan be viewed on the screen, printed, or saved to a file.
each task, the same transformation is applied to all cases). As noted, the program incorporates an option of carrying
Finally, it will be appreciated that the statistical power of out the test using the mean a8 of the transformed co-
any method of statistical inference will decline as sampleefficients for controls rather than requiring that the user
size decreases. Thus with the snddl with which we are  enters the untransformed correlations individually. This is
concerned it is inevitable that power will be low. The mostuseful if a researcher or clinician wishes to examine the
obvious way of increasing power is to increase the size operformance of additional patients against the same con-
the control or normative sample against which the individu-trols at a later point (thévl and SD of the transformed
al’'s score is to be compared. Power can also be increased loprrelation is included in the output to enable users to use
adopting a more liberal significance level, e.g., 15% rathethe program in this way). This option also makes it easy for
than 5%, but although this more liberal strategy will in- a researcher to use normative data obtained from a third
crease Type | errors (false positives), it will decrease Type lparty?!
errors (false negatives). The decision to depart from the If a researcher wishes to test for a dissociation between
conventional 5% level should be based on the relative risksnvo tasks when performance on one or both of the tasks is
the researcher or clinician attaches to the occurrence @xpressed as an IIMA, then a prograDIfFFLIMS.EXE)
these two types of errors. The reasons for departing fronpreviously provided by Crawford and Garthwaite (2002)
the 5% level must be strong, as the 5% level has proved ean be used.This program takes as input the mean &l
good choice in general. of controls on the measures of performance for the two
tasks, the correlation between the measures in the control

COMPUTER PROGRAM FOR EVALUATING

IMAS IN THE SINGLE CASE 1A compiled version of this program can be downloaded from the

With the exception of the methods for finding confidencef?"o"rv]ing web site address: www.psyc.abdn.a¢bémediyjcrawford/
lima.htm

limits on the abnormality of a patient’s [IMA, the calcula- ™"z 1hjs program can be downloaded from httfwww. psyc.abdn.ac.uk
tions involved in the tests presented in the present paper ar@mediyjrawford/abnolims.htm
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sample, and\ for the control sample. It then prompts for constructs. Understandably, these tests are not fully stan-
the patient’s scores on the two tasks. However, as notediardized when employed with single cases; instead they are
this method and the accompanying program, was designeadministered to a control sample that, typically, has a very
for use with conventionally scored tests. Therefore, it ismodestN. Therefore, methods that treat the control sample
necessary to apply Fisher’s transformation to the correlastatistics in such studies as population parameters are not
tion coefficients of the control sample before computingappropriate. Although there remains much to do, we be-
the means an@&Ds and correlation between these trans-lieve that the methods presented here make a useful contri-
formed coefficients and the measure of performance on thbution to the process of developing valid, optimal, and
other task. If the other task was a conventionally scoregractical statistical methods for single-case research. To our
test, then the measure of performance would simply be thknowledge the specific problems addressed in the present
scores on the task; if performance on the other task wapaper are not covered in any existing textbooks or papers in
also expressed as an [IMA, then this would also consist oheuropsychology or psychological statistics. However, it is
transformed correlations. clear from the list of examples provided (which is by no
Computation of the mean ar@Ds and the correlation means exhaustive) that intra-individual measures of associ-
between tasks in the controls could be carried out in a staation have a wide range of applications in neuropsycholog-
tistics or spreadsheet package. If the package used does rical research and practice. Finally, we reiterate our hope
offer Fisher’s transformation then the correlations could behat these methods will encourage the development of larger
entered into théMA.EXE program as it provides the trans- scale normative data for tasks in which performance is best
formed correlations for each of the controls and patient agxpressed as an [IMA.
output. (Itis likely that these data would be run through the
IIMA.EXE program in any case as the researcher would
normally wish to test whether the patient's IIMA was sig- ACKNOWLEDGMENTS
nif?cantly differept frqm .Controls before testing if there is We are grateful to Dr. Sytse Knypstra of the Department of Econo-
evidence of a dissociation between the IIMA and perfor-metrics, University of Groningen, The Netherlands, for providing
mance on another task.) The transformed correlations coulgh algorithm that finds the non-centrality parameter of a non-
then be entered into the statistics or spreadsheet package &htralt distribution given a quantile, its associated probability,
that the correlation between the IIMA scores and scores oand the degrees of freedom. The algorithm is incorporated into the
the other task can be computed for the controls. If any doubtsomputer prograniMA.EXE that accompanies this paper. We are
remain over how to conduct this test then the data from th@rateful to Dr. Willi R. Steinke (Halton District School Board,
worked example for dissociations could be run through theforonto) and Professor Lola L. Cuddy (Queen’s University, On-

DIFFLIMS.EXE program to verify that the procedure is tario) for providing the raw data for their case C.N. and controls.
being foIIoWed correctly. Thanks also to Dr. David P. Carey (University of Aberdeen) for
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