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Objectifs d’une conférence de 
consensus 

● Méthode permettant de déterminer des règles de bonne pratique dans un domaine 
précis d’une discipline donnée. 

● Elle est utilisée lorsque certaines pratiques professionnelles sont insatisfaisantes 
(hétérogènes, floues ou controversées). 

● Son objectif est de dégager un consensus sur des pratiques professionnelles 
recommandées au regard des connaissances scientifiques les plus récentes. 



Les acteurs d’une conférence de 
consensus 

● Les promoteurs: les scientifiques et les professionnels qui identifient les problèmes 
posés sur le terrain, qui formulent des questions clés et lancent le projet d’une 
conférence de consensus pour y répondre. 

● Les experts: spécialistes du domaine chargés de faire le point sur les connaissances 
scientifiques  actuelles à propos des questions posées. Ils rassemblent la 
documentation, identifient les points faisant débat et formulent des propositions.  

● Le jury : comprend des membres issus des différents groupes concernés par les 
questions de pratique débattues (praticiens, chercheurs, patients, juristes…). Le 
président organise le travail du jury. 



Les étapes d’une conférence de 
consensus 

1. Formulation des questions par les promoteurs = cadre pour le travail des experts et du 
jury. 

2. Rassemblement de la documentation scientifique et rédaction de documents de 
référence par les experts. 

3. Organisation de la conférence proprement dite: 
• Présentation des synthèses préparées par les experts devant le jury et un public de 

personnes concernées par les questions de pratique abordées. 
• Echanges entre les experts,  le jury et le public (questions, commentaires, 

suggestions). 



Les étapes d’une conférence de 
consensus 

4. Travail du jury: Prises de position par rapport aux propositions présentées lors de la 
conférence => recherche d’un consensus et formulation de recommandations.

5. Diffusion des recommandations dans la communauté des praticiens accompagnées 
des documents rédigés par les experts. 



Les recommandations

• = Règles de bonne pratique, chacune formulée de manière brève dans un langage 
accessible par tous praticiens.

• Généralement accompagnées d’un court commentaire.
• Les argumentaires et les informations techniques (tableaux statistiques, modalités 

de calcul…) ne font pas partie des recommandations, mais sont présentés dans les 
documents annexes préparés par les experts.  

• La méthode de conférence de consensus donne leur légitimité aux 
recommandations, car celles-ci prennent en compte les connaissances scientifiques 
récentes et les avis exprimés par un panel représentatif de chercheurs, praticiens et 
autres citoyens concernés.  



L’interprétation et la 
communication des scores en 
neuropsychologie : une tour de 
Babel ? 
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Suisse : Consensus ASNP (2014, 2018) 

Multiples principes 
d’étiquetage



Multiples principes 
d’étiquetage

USA :  American Academy of Clinical Neuropsychology consensus conference (Guilmette et al., 2020) 



Divergence entre 
neuropsychologues

Guilmette et al. (2008) - 110 neuropsychologues 
américains 

Nombre d'étiquettes différentes associées à un 
même score : moyenne = 14 (range 9 à 23) 

Divergence entre neuropsychologues pour …

● La terminologie
● Les seuils



Divergence entre 
neuropsychologues

Leclef et al. (2018) - 547 psychologues spécialisés en 
neuropsychologie 

● La majorité des professionnels présentent les 
scores accompagnés de descripteurs dans leurs 
rapports. 

● Plus de la moitié ne fournissent pas la classification 
utilisée pour décrire les performances mesurées
aux tests. 

● Grande variabilité dans les seuils utilisés.



Divergence au sein 
d’un rapport

● Changement de termes au fil du rapport 
(goût pour le synonyme).

● Changements de seuil d’un test à l’autre (en 
fonction de l’étalonnage utilisé - percentile, 
score Z, score T, …).



Des descripteurs ambigus

Termes axés sur : Exemples :

● L’incertitude « Performance limite »
● La signification clinique (déficience présumée) « Performance déficitaire », « performance faible »
● La position vis-à-vis d’une moyenne « Score inférieur à la moyenne »
● L’estimation prémorbide « Score inférieur au niveau attendu »
● La fréquence « Score dans la norme »

Guilmette et al. (2020)



Identification des 
Promoteurs puis des 

experts 

Notre démarche

Procédure
Définition de la question

Production d’un document 
par un sous-groupe

Réunion des experts et 
choix de la méthode

Révision du document 
écrit par les experts

1

3

2

4

5 6Conférence de consensus Recommandations



Etape 

Procédure

1
Fin 2022

Une nécessité de consensus?
Xavier Seron

Sylvie Willems 
Catherine Belin (GRECO)

Hélène Amieva (SNLF)
Philippe Azouvi (SNLF)

Identification des ‘Promoteurs’
(SNLF, OFPN, GRECO)

Puis identification de 13 ‘Experts’
-> Groupe Label



Procédure

Mars 2023

« Groupe Label » 
George Michael 
Hélène Amieva
François Radiguer
Vincent Verdon  
Philippe Azouvi
Christine Moroni 
Martine Roussel

Amélie Ponchel
Sylvie Willems 
Hichem Slama 
Béatrice Degraeve
Patrick Fery
(Jacques Grégoire)

Etape2

1. Choix d’une conférence de consensus (Présidence : 
Jacques Grégoire)

2. Définition de la question
3. Désignation d’un groupe de travail restreint

(Patrick Fery ; Hichem Slama ; Béatrice Degraeve ; 
Sylvie Willems; François Radiguer)

Objectif :
• Spécification des contours de la question
• Production d’un document de position à 

réviser 



Procédure - Processus de création

Novembre 2023 – Avril 2024

« Groupe Label » élargi

Etape4Etape 3
Mars – Novembre 2023

« Groupe Label » restreint

Production du document de position des ‘experts’

Spécification de la question 



Procédure

Etape 5

Choix d’un Jury représentatif

• Chercheurs en neuropsychologie et psychométrie
• Clinicien.ne.s psychologues spécialisé.e.s en 

neuropsychologie
• Médecins spécialisé.e.s en neuropsychologie
• Experts de vécu

Thierry Lecerf ; Bruno Lenne ; Pierre-Yves Jonin ; Marie Geurten ; Philippe Allain; Emilie Favre ; 
Delphine Fleurion ; Giulia Dormal ; Valérie Vanderaspoilden; Catherine Belin ; Pascale Pradat-
Diehl ; Olivier Godefroy ; Caroline Massot ; Cécile Donze  ; Audrey Prégaldien ; Estelle Gernez



Procédure

Etape 5

Diffusion du document de 
position
9 septembre 2024
(> 1400 téléchargements)



Définition de la question

Question principale = 
Quels qualificatifs employer pour définir un score ?

Question associée = 
Quel seuil pour qualifier un score de « hors norme » ? 

1

2

Outils statistiques (Score Z, 
percentile….) et certaines propriétés 
des normes



Exclusion de questions pourtant 
fondamentales

Qualité et représentativité des normes

Standardisation de l’administration

Qualité psychométrique de l’outil (ce y compris, la sensibilité et spécificité) 

Scores composites 

Interprétation clinique

1
2

3

4
5





Questions ou commentaires ?



La logique de la comparaison 
normative : seuil de décision et 
risque d’erreur 
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Répondre à une question
Prendre une décision

Va-t-il gagner ?



334,9 millions 
de personnes

Sondage



Distribution d’échantillonnage



Le concept clef qui sous-tend tous les tests statistiques est
la distribution d’échantillonnage d’une statistique

Sans distribution d’échantillonnage, nous n’aurions pas de
statistiques

Howell (2013)



Qualité de la réponse dépend:
● De la qualité de l’outil de mesure 

○ Pas notre propos dans cette conférence               
(qualités psychométriques: validité, fidélité, sensibilité, 

spécificité)

● De la nature de l’échantillon
○ Pas notre propos dans cette conférence 

(représentativité de l’échantillon, critères 
d’inclusion/exclusion,…)

● De la qualité de la prise de données
○ Pas notre propos dans cette conférence                 

(qualité de la construction normative)

● De la taille de l’échantillon
○ Elément central de cette conférence de consensus
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Développement de la version américaine et adaptation française
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Tableau 3.1 Modifications apportées à partir de la forme définitive américaine pour la construction de la 
forme préexpérimentale française

Subtests

N Items de 
la version 
définitive 

américaine
N Items 

conservés

N Items 
conservés 

mais modifiés
N Items 

supprimés

N items 
créés ou 
repris du 
WISC-IV

N Items 
expérimentés

Similitudes 23 21 1 1 11 33

Vocabulaire 29 27 1 1 10 38

Information 31 24 5 2 18 47

Compréhension 19 16 1 2 13 30

Tous les subtests de la version !nale ont fait l'objet d'un recueil de données à partir d'un  
échantillon d'enfants français de 6 ans à 16 ans 11 mois, strati!é selon le recensement de l'INSEE 
de 2010 et considéré comme représentatif de la population française. Un plan d'étalonnage a été 
construit selon quatre variables : âge, sexe, niveau d'études des parents et région. 
Le recueil de données s'est déroulé d'avril 2015 à mars 2016. La version d'étalonnage du WISC-V 
a été administrée à 1049 enfants par 110 psychologues. Au total, 1456 protocoles ont été  
recueillis, comprenant les administrations d'autres tests nécessaires aux études de !délité et 
de validité. Les tables de normes !gurant dans le Manuel d'administration et de cotation ont été 
construites sur la base de ce recueil de données.

Description de l'échantillon français selon les critères de stratification

Critère Âge
Onze groupes d’âge, de 6 ans 0 mois à 16 ans 11 mois ont été constitués. Chaque groupe d'âge 
comprend entre 80 et 104 enfants.

Critère Sexe
La distribution entre !lles et garçons est équilibrée dans chaque groupe d’âge.

Critère Niveau d’études des parents
Le niveau d'études des parents a été pris en compte dans le plan de strati!cation. 
L'échantillon d’étalonnage a été strati!é selon six niveaux d’études à partir du nombre d’années  
d'études du ou des parents. La référence retenue est la codi!cation de l'INSEE présentée  
ci-dessous :

Niveau d’études des parents 
Code « niveau » 

pour l’échantillon

Aucun diplôme 1

Certificat d'études primaires 2

BEPC, Brevet des collèges 2

CAP ou BEP 3

Tout baccalauréat ou Brevet professionnel 4

Diplôme de niveau Bac + 2 5

Diplôme de niveau supérieur à Bac + 2 6

Si l’enfant résidait avec un seul de ses parents ou avec un seul tuteur, le niveau d'études de celui-ci 
a été pris en compte. Si l’enfant résidait avec ses deux parents ou avec deux tuteurs, c'est le niveau 
le plus élevé des deux parents ou tuteurs qui a été pris en compte.

4 509 218 enfants de 6 à 16 ans en 
France: 1103 = 0,024%; 1049=0,023%

Scores normatifs tous les 4 mois
(en réalité les normes sont basées sur 
des analyses statistiques inférentielles)

Petite taille des échantillons

WISC-IV

WISC-V



Statistiques : estimation/prédiction sur 
base de la probabilité 

Prendre une décision : test d’hypothèse





Risque d’erreur



But = limiter le risque d’erreur

Rem: ChatGPT est 
dysorthographique



En sciences humaines les valeurs 0,05 et 0,01
sont souvent appelées seuil de rejet ou seuil de
signification du test

Howell (2013)



Limiter le bruit



Limiter le bruit
Indicateur d’un problème



Limiter le bruit

Seuil



Limiter le bruit

Seuil



Limiter le bruit

Seuil



Limiter le bruit Seuil



Hypothèse nulle (H0)

H0 est l’hypothèse que les données sont extraites de
populations avec des moyennes identiques à celle de la
population d’échantillonnage

H0 est donc l’hypothèse d’une égalité entre ce qui est
observé et la population (distribution d’échantillonnage)

Ce que l’on teste dans les statistiques classiques, c’est la
probabilité de cette égalité et le rejet de cette égalité si la
probabilité est trop faible (rejet de H0 si p ≤ 5%)

Howell (2013)



En fonction de la question posée, les
statistiques réalisées peuvent différer.

En neuropsychologie, la demande la plus
fréquente est de réaliser un état des lieux des
fonctions et processus cognitifs altérés en vue
de répondre à une question.



Question habituellement posée aux cliniciens:

Est-ce que la performance observée chez la
personne testée est suffisamment rare pour
que le/la neuropsychologue puisse prendre le
risque d’erreur de rejeter l’hypothèse qu’elle
fasse partie des performances de la population
de référence ?



La logique des tests statistiques:

● Nous partons d’une hypothèse (la question posée à la/au 
neuropsychologue)

● Nous formulons l’hypothèse nulle (H0 = hypothèse d’égalité)
● Nous traçons la distribution d’échantillonnage de la statistique en 

supposant que H0 est vraie (échantillon normatif)
● Nous collectons les données (résultat du sujet/patient)
● Nous comparons les données à la distribution d’échantillonnage
● Nous rejetons ou conservons H0 en fonction de la probabilité 

(risque d’erreur) d’arriver à des données comme celles obtenues

Adapté de Howell (2013)



Seuils de décision, statistiques et conventions

IQ scales standard 
scores

IQ subtests standard 
scores

-1.65σ +1.65σ

100857055 115 130 145

10741 13 16 19

Score z = (score observé – moyenne de l’échantillon)/écart-type de l’échantillon  



Un score à un test situé à deux écart-type au
dessus de la moyenne ne veut pas dire que la
personne obtient une performance
supérieure à 97,7 % des autres personnes. Ce
chiffre indique que seulement 2,3 % de
l’échantillon issu de la population de
référence obtient ce score ou davantage.
J’ai donc une probabilité de 2,3 % de risque
d’erreur si je dis que cette personne obtient
un score significativement plus élevé que
cette population





Les statistiques classiques ne testent pas la probabilité de
l’hypothèse nulle mais la probabilité d’observer ces
résultats si l’hypothèse nulle est vraie

Howell (2013)

Selon l’argument philosophique utilisé par Fisher nous ne
pouvons jamais démontrer l’exactitude d’une hypothèse mais
nous pouvons parfois en démontrer l’inexactitude. Observer
3000 personnes ayant deux bras ne prouve pas l’affirmation
«Toute personne a deux bras».
Par contre, trouver une personne ne possédant qu’un bras ou
n’en possédant aucun suffit pour prouver l’inexactitude de cette
énonciation.
Tous les statisticiens s’accordent sur le fait qu’on ne peut jamais
prétendre avoir prouvé l’hypothèse nulle avec les statistiques
classiques.



Ne pas dire « Je vous aime » ne revient pas à dire « Je ne
vous aime pas »



Pour tester la véracité de l’hypothèse nulle, il faut utiliser
d’autres principes statistiques basés notamment sur la
comparaison entre l’hypothèse nulle (H0) et l’hypothèse
alternative (H1). C’est le cas, notamment, de l’approche
bayésienne.
Cette approche se base sur l’accumulation de données pour
faire pencher la balance entre H0 et H1 et est donc peu
adaptée à la situation de cas unique rencontrée en clinique
neuropsychologique

Voir, par exemple, Heck et al. (2023)



Types de risque d’erreur

Lorsque l’on prend une décision, nous pouvons commettre
deux types d’erreur:

● Erreur de type I: risque de rejeter H0 alors qu’elle 
est vraie = probabilité α (faux positif)

● Erreur de type II: risque de rejeter H1 alors qu’elle 
est vraie = probabilité β (faux négatif) qui est basée 
sur H1



Howell (2013; 2024)



Types de risque d’erreur
En général, en neuropsychologie nous ne connaissons pas
la distribution de H1 qui correspond aux résultats de la/des
population(s) clinique(s) dont pourrait faire partie le
sujet/patient. Nous basons donc notre décision sur H0 avec
comme risque d’erreur fixé le risque α de faux positif

Cependant, comme le risque d’erreur de type I (faux positif)
influence le risque d’erreur de type II (faux négatif), mieux
vaut éviter de fixer un seuil α trop bas qui augmenterait
trop le risque de type II (β)



Test unilatéral ou bilatéral

Lorsque nous décidons de nous intéresser à un seul côté de
la courbe de Gauss (par exemple, uniquement les résultats
allant dans le sens d’une performance de bas niveau), nous
réalisons un test unilatéral. Le risque d’erreur α, pour être
de maximum 5%, sera donc placé à p ≤ 0,05.

Par contre, lorsque nous décidons de nous intéresser aux
résultats de haut et de bas niveaux, nous réalisons un test
bilatéral. Le risque d’erreur α, pour être de 5%, sera donc
placé à p ≤ 0,05/2 c’est-à-dire à p ≤ 0,025.



Test unilatéral vs. bilatéral

IQ scales standard 
scores

IQ subtests standard 
scores

-1.65σ +1.65σ

100857055 115 130 145

10741 13 16 19

α = 5%
Seuil test unilatéral
Seuil test bilatéral



Test unilatéral ou bilatéral
Une autre manière de présenter les choses est que, lorsque
l’on recherche uniquement une performance basse dans un
test, on peut prendre le risque de ne regarder que de ce
côté de la courbe de Gauss et donc garder un p ≤ 0,05.

Par exemple, dans le cas d’une pathologie dégénérative, les
neuropsychologues ne s’intéressent, en général, pas aux
scores significativement de haut niveau de la personne
mais seulement à ceux de bas niveau qui sont les
conséquences probables de la pathologie.



Questions ou commentaires ?



Quels outils statistiques 
choisir ? Quel seuil de décision 
fixer ? 
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Outils et seuils 
multiples

Le t modifié

Plan

03

01

04

Le score z

Le score seuil (cut-off)05 06

Le (per)centile

Arbre décisionnel

02



Multiplicité d’outils 
et de seuils

01



P ≤ 5
P ≤ 2,5

score z:
± 1,645
± 1,96

Outils et seuils

± 1,645
± 1,96

Moyenne
±

1,645 (1,96) écart-type

< ou > ou = score fixe

p ≤ 0,05
p ≤ 0,025
p ≤ 0,02

Score Z Percentile

Equation de 
régression

Note standardScore seuil

t modifié



Le score z à la loupe

02



z= 𝐬𝐜𝐨𝐫𝐞 &𝐦𝐨𝐲𝐞𝐧𝐧𝐞
𝐝é𝐯𝐢𝐚𝐭𝐢𝐨𝐧 𝐬𝐭𝐚𝐧𝐝𝐚𝐫𝐝 La question de l’effectif

Study 1: Tests Aimed at Detecting an Impairment When a
Case Is Compared With a Control Sample

In the first study, we ran a Monte Carlo simulation to quantify
and compare control of the Type I error rate when the two
alternative methods of detecting an impairment are used to com-
pare individual control cases against control samples. The statis-
tically sophisticated reader may consider that running this simu-
lation is unnecessary because theory would predict that the use of
z will fail to control Type I errors, whereas the modified t test will
achieve adequate control. However, we had two reasons for con-
ducting it. First, the use of z to detect an impairment in a patient is
very widespread (Crawford & Garthwaite, 2002; Crawford, Garth-
waite, & Gray, 2003), so clearly, many researchers are either
unaware or have chosen to ignore the issue of inflated Type I
errors. Quantifying the magnitude of this inflation may help to
raise awareness of the problem, and doing so using an empirical
method may be more convincing than appeal to theory alone.

Second, all readers will be familiar with the use of independent-
sample t tests to test for a difference in population means in which
two samples are compared. In this standard situation, variance
estimates are obtained from two samples that are then pooled (or
alternatively, separate variance estimates are used when the vari-
ances differ). However, many readers will not be familiar with the
modified t test in which the concern need only (and can only) be
with the variance estimate of the control population. Under the null
hypothesis, the patient is an observation from a distribution with
the same mean and variance as the controls. Because, unlike a
standard t test, the patient does not contribute to a pooled variance
estimate (nor contribute a separate variance estimate), readers may
appreciate reassurance that control of Type I errors is adequate in
this nonstandard use of a t test.

Method

The Monte Carlo simulation was run on a PC and implemented in
Borland Delphi (Version 4). The algorithm ran3.pas (Press, Flannery,
Teukolsky, & Vetterling, 1989) was used to generate uniform random
numbers (between zero and one), which were transformed by the polar
variant of the Box–Muller method (Box & Muller, 1958) to sample from
a normal distribution. The simulation was run with five different control
sample sizes: For each of these values, 1,000,000 samples of N ! 1
observations were drawn from a normal distribution. The first N observa-
tions in each sample were taken as the control sample, and the N ! 1th item
was taken as the individual control case. Crawford and Howell’s (1998)
test was then applied to these data, and t values that were negative (i.e.,
when the control case was below the control sample) and exceeded the
one-tailed critical value for t on the appropriate degrees of freedom (n "
1) were recorded as Type I errors; z was also computed and the result
recorded as a Type I error if it exceeded the one-tailed critical value of
"1.645. One-tailed tests were used because, in the vast majority of cases,
the (directional) hypothesis tested by neuropsychologists is that their
patient’s score is below that of controls.

Results and Discussion

The results of the Monte Carlo simulation are presented in Table
1. It can be seen from Table 1 that, when the size of the control
sample is small, control of the Type I error rate is poor when z is
used to test for a significant difference between a case and controls.
For example, the error rate is 10.37% with a sample size of 5, more

than double the specified rate of 5%. Therefore, if z is used in a
single-case study with a control sample of 5, it is to be expected
that more than 10% of individuals from the control population
would be incorrectly identified as not having come from this
population (i.e., they would be considered to exhibit an impair-
ment). With large sample sizes, z values more closely approximate
t values so that the error rate is under satisfactory control. How-
ever, it will be appreciated that control sample sizes of this
magnitude are rare in single-case studies in neuropsychology.

In contrast to the inflated error rates when z is used, it can be
seen that there is immaculate control of the Type I error rate when
the modified t test is used; the error rates for all of the sample sizes
examined are all at, or very close to, the specified rate of 5% (the
magnitude of the differences from 5% is of the order expected
solely from Monte Carlo variation). Having verified empirically
that the Type I error rate is controlled when the modified t test is
used, we can use the fact that the z score satisfies

z ! t!n " 1
n

, (2)

to record the actual value of z that would be required to maintain
the Type I error rate at 5%. These values of z are presented in the
final column of Table 1. It can be seen that the values of z required
to maintain the Type I error rate at the specified level are markedly
greater than the nominal critical value of "1.645; for example,
with a control sample size of 5, a z of "2.335 would be required.
This example also highlights the extent to which z will tend to
provide an exaggerated estimate of the rarity of a patient’s score.
Suppose a patient obtained a z score of "2.335; using a table of the
areas under the normal curve, we would estimate that 0.98% of the
control population would obtain a lower score (i.e., the patient’s
score is estimated to be very rare), yet the unbiased estimate
provided by t is that 5% of the population would be expected to
obtain a lower score.

Study 2: The Effects of Skew in the Control Population
on Type I Error Rates

An assumption underlying the use of z or Crawford and How-
ell’s (1998) test is that the controls have been drawn from a normal

Table 1
Results From a Monte Carlo Simulation Study of the Percentage
of Control Cases Classified as Exhibiting a Deficit (i.e.,
Percentage of Type I Errors) Using z and a Modified t Test
When the Specified Error Rate Is 5%

Control sample N

Percentage of Type I
errors

z requiredaz t

5 10.37 5.01 "2.335
10 7.57 5.00 "1.923
20 6.25 5.00 "1.772
50 5.53 5.03 "1.693

100 5.28 4.98 "1.669

a Records the value of z required to maintain the Type I error rate at the
specified (5%) level.
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In many single-case studies in neuropsychology, the perfor-
mance of a patient on a series of tasks is compared with that of a
control sample. By far the most common method of forming
inferences about the presence of a possible impairment in such
studies is to convert the patient’s score on a given task to a z score
based on the mean and standard deviation of the controls and then
refer this score to a table of the areas under the normal curve. Thus,
if a neuropsychologist has formed a directional hypothesis 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 that fell below
!1.645 would be considered statistically significant ( p " .05) and
would be taken as an indication that the patient had an impairment
on the task in question.

One problem with this approach is that it treats the control
sample as if it were a population; that is, the mean and standard
deviation are used as if they were parameters rather than sample
statistics. In other areas of psychology, this is often not a problem
in practice because the normative or control sample is large and,
therefore, should provide sufficiently accurate estimates of the
parameters. However, the control samples in single-case studies in
cognitive neuropsychology typically are modest: N " 10 is not
unusual, and Ns " 20 are very common (Crawford & Howell,
1998). With samples of this size, it is not appropriate to treat the
mean and standard deviation as though they were parameters.

A solution to this problem is to use a method described by
Crawford and Howell (1998) that treats the control sample statis-
tics as sample statistics. Their approach uses a formula for a

modified t test given by Sokal and Rohlf (1995). This method uses
the t distribution (with n ! 1 df ), rather than the standard normal
distribution, to estimate the abnormality of the patient’s score and
to test whether it is significantly lower than the scores of the
control sample. The practical effect of using z with a small control
sample is to exaggerate the rarity and/or abnormality of a patient’s
score and to inflate the Type I error rate (in this context, a Type I
error occurs when an individual who is drawn from the control
population is incorrectly classified as not being a member of this
population; i.e., he or she is incorrectly classified as exhibiting an
impairment). This occurs because the normal distribution has
thinner tails than do t distributions. Intuitively, the less that is
known, the less extreme should be statements about abnormality
and/or rarity. The z-score method treats the variance of controls as
being known, when it is not, and consequently makes statements
that are too extreme (Crawford & Howell, 1998). The formula for
Crawford and Howell’s test is

t !
X* " X

S!n # 1
n

, (1)

where X* is the patient’s score, X and S are the mean and standard
deviation, respectively, of scores in the control sample, and n is the
size of the control sample. The p value obtained when this test is
applied is used to test significance, but it also provides a point
estimate of the abnormality of the patient’s score; for example, if
the one-tailed p is .013, then one knows that the patient’s score is
significantly ( p " .05) below the control mean and that it is
estimated that 1.3% of the control population would obtain a score
lower than the patient’s. As Crawford and Howell (1998) noted,
this point estimate of abnormality is a useful complement to the
significance test given that the use of an alpha of .05 is essentially
an arbitrary convention (albeit one that has, in general, served
science well).
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Comparing an Individual’s Test Score Against Norms
Derived from Small Samples*

J.R. Crawford1 and David C. Howell2
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ABSTRACT

The standard method for comparing an individual’s test score with a normative sample involves converting
the score to a z score and evaluating it using a table of the area under the normal curve. When the norma-
tive sample is small, a more appropriate method is to treat the individual as a sample of N = 1 and use a
modified t test described by Sokal and Rohlf (1995). The use of this t test is illustrated with examples and
its results compared to those from the standard procedure. It is suggested that the t test be used when the
N of the normative sample is less than 50. Finally, a computer program that implements the modified t-test
procedure is described. This program can be downloaded from the first author’s website.

Comparison of an individual’s test score against
a normative sample is a fundamental feature of
the assessment process in clinical neuropsychol-
ogy. The procedure for statistical inference in
this situation is well known; when it is reason-
able to assume that scores are normally distrib-
uted, the individual’s score is converted to a z
score and evaluated using tables of the area un-
der the normal curve (Howell, 1997; Ley, 1972).
Thus, if the clinician has formed a directional
hypothesis concerning the individual’s score
prior to testing (e.g., that the score will be below
the mean), then a z score which fell below -1.64
would be considered statistically significant (us-
ing the conventional .05 level). More generally,
and it could be argued more usefully (given that
any significance level is an arbitrary convention
that does not address the issue of severity), the
procedure provides the clinician with informa-
tion on the rarity or abnormality of the individ-
ual’s score.
In the standard procedure described above the

normative sample is treated as if it were a popu-
lation; that is, the mean and standard deviation
are used as if they were parameters rather than

sample statistics. When the normative sample is
reasonably large this is justifiable. However,
there are a number of reasons why neuro-
psychologists may wish to compare the test
scores of an individual with norms derived from
a small sample. For example, although there has
been a marked improvement in the quality of
normative data in recent years, there are still
many useful neuropsychological instruments
which have poor normative data. It should also
be borne in mind that even when the overall N
for a normative sample is reasonably large, the
actual sample size (n) against which an individ-
ual’s score is compared can be small when the
sample is broken down by demographic charac-
teristics. For example, Geffen, Moar, O’Hanlon,
Clark, and Geffen (1990) presented norms for
the Auditory Verbal Learning Test (AVLT)
based on a sample of 153 participants. As gen-
der and age were both found to exert an influ-
ence on AVLT scores, the sample was broken
down by these variables. The modal n in the re-
sultant normative tables was 10.
Second, many clinicians have gathered local

norms for neuropsychological instruments. This
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One potential alternative to Crawford and Howell’s (1998)
parametric test would be to use nonparametric tests (e.g., random-
ization tests). However, there are two limitations to this potential
solution. First, these methods are, by necessity, completely insen-
sitive to the degree to which a patient’s score is extreme and
therefore will have low power (e.g., a patient whose score on a task
was eight standard deviations below the control mean would be
treated identically to a patient whose score was two standard
deviations below the mean, provided that their rank order relative
to controls was the same). Power is inevitably low in single-case
studies because an individual rather than a sample is compared
with a control sample that is itself typically modest in size;
therefore, any treatment that imposes a further reduction in power

should be avoided if at all possible (Crawford, Garthwaite, &
Gray, 2003). Second, the size of sample required before a re-
searcher has any possibility of rejecting the null hypothesis of no
difference between patient and controls is larger than is typical in
single-case studies. A minimum of 20 controls would be required
to reject the null hypothesis even when the alternative hypothesis
is directional ( p ! .05, one-tailed), and such an outcome would
occur only if the score of every control was higher than the
patient’s.

When the control data are skew, one possibility would be to
transform the scores of controls and the patient in an attempt to
normalize the control score distribution. For example, in the case
of moderate negative skew, the scores could be reflected and a

Figure 1. Graphical illustration of the four negatively skewed distributions used in Study 2.

Table 2
Simulation Results: Percentage of Type I Errors (i.e., Percentage of Control Cases Classified as
Exhibiting a Deficit) Using z and a Modified t Test for a Specified Error Rate of 5% When
Sampling From (Negatively) Skewed Distributions

N

Skew

Moderate
(!1 " #0.31)

Severe
(!1 " #0.70)

Very severe
(!1 " #0.93)

Extreme
(!1 " #0.99)

z t z t z t z t

5 11.48 6.06 12.50 7.23 13.23 8.04 13.39 8.27
10 8.59 6.04 9.64 7.14 10.23 7.80 10.23 7.94
20 7.23 5.97 8.20 6.97 8.72 7.53 8.72 7.66
50 6.50 6.00 7.37 6.90 7.85 7.37 7.85 7.47

100 6.20 5.97 7.11 6.87 7.56 7.32 7.56 7.32
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Table 1.  Results from a Monte Carlo simulation study of the percentage of control 

cases classified as exhibiting a deficit (i.e. percentage of Type I errors) using z and a 

modified t-test when the specified error rate is 5% 

  Percentage of Type I errors   

Control sample N  z t  z required* 

      

5  10.37 5.01  -2.335 

10  7.57 5.00  -1.923 

20  6.25 5.00  -1.772 

50  5.53 5.03  -1.693 

100  5.28 4.98  -1.669 

      

 

*Records the value of z required to maintain the Type I error rate at the specified (5%) level 

Analysis of Single Case 51

  
(a) Moderate skew (g1 = -0.31)  
 

(b) Severe skew (g1 = -0.70) 

  
(c) Very severe skew (g1 = -0.93) (d) Extreme skew (g1 = -0.99) 

Normale
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In many single-case studies in neuropsychology, the perfor-
mance of a patient on a series of tasks is compared with that of a
control sample. By far the most common method of forming
inferences about the presence of a possible impairment in such
studies is to convert the patient’s score on a given task to a z score
based on the mean and standard deviation of the controls and then
refer this score to a table of the areas under the normal curve. Thus,
if a neuropsychologist has formed a directional hypothesis 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 that fell below
!1.645 would be considered statistically significant ( p " .05) and
would be taken as an indication that the patient had an impairment
on the task in question.

One problem with this approach is that it treats the control
sample as if it were a population; that is, the mean and standard
deviation are used as if they were parameters rather than sample
statistics. In other areas of psychology, this is often not a problem
in practice because the normative or control sample is large and,
therefore, should provide sufficiently accurate estimates of the
parameters. However, the control samples in single-case studies in
cognitive neuropsychology typically are modest: N " 10 is not
unusual, and Ns " 20 are very common (Crawford & Howell,
1998). With samples of this size, it is not appropriate to treat the
mean and standard deviation as though they were parameters.

A solution to this problem is to use a method described by
Crawford and Howell (1998) that treats the control sample statis-
tics as sample statistics. Their approach uses a formula for a

modified t test given by Sokal and Rohlf (1995). This method uses
the t distribution (with n ! 1 df ), rather than the standard normal
distribution, to estimate the abnormality of the patient’s score and
to test whether it is significantly lower than the scores of the
control sample. The practical effect of using z with a small control
sample is to exaggerate the rarity and/or abnormality of a patient’s
score and to inflate the Type I error rate (in this context, a Type I
error occurs when an individual who is drawn from the control
population is incorrectly classified as not being a member of this
population; i.e., he or she is incorrectly classified as exhibiting an
impairment). This occurs because the normal distribution has
thinner tails than do t distributions. Intuitively, the less that is
known, the less extreme should be statements about abnormality
and/or rarity. The z-score method treats the variance of controls as
being known, when it is not, and consequently makes statements
that are too extreme (Crawford & Howell, 1998). The formula for
Crawford and Howell’s test is

t !
X* " X

S!n # 1
n

, (1)

where X* is the patient’s score, X and S are the mean and standard
deviation, respectively, of scores in the control sample, and n is the
size of the control sample. The p value obtained when this test is
applied is used to test significance, but it also provides a point
estimate of the abnormality of the patient’s score; for example, if
the one-tailed p is .013, then one knows that the patient’s score is
significantly ( p " .05) below the control mean and that it is
estimated that 1.3% of the control population would obtain a score
lower than the patient’s. As Crawford and Howell (1998) noted,
this point estimate of abnormality is a useful complement to the
significance test given that the use of an alpha of .05 is essentially
an arbitrary convention (albeit one that has, in general, served
science well).
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Fig. 1. Graphical illustration of a leptokurtic distribution (shaded area) superimposed upon a normal distribution (in (b) the right-hand tail area has been
magnified to illustrate the heavy tails).

by removing outliers,we should at least study its likely effects
on inferential methods for testing for a deficit and, should it
prove to be problematic, implement alternative strategies for
dealing with it.

2. Study 1

2.1. The effects of leptokurtosis in the control population
on Type I error rates

As noted, a large literature indicates that leptokurtosis is a
pervasive feature of data in many areas of scientific enquiry.
However, its effects on inferential methods used in single-
case studies have not been examined. In Study 1,MonteCarlo
simulation is employed to estimate Type I error rates for both
methods of testing for a deficit (z and Crawford and Howell’s
method) when the control data are leptokurtic.

2.1.1. Method
The most common approach to modelling the effects of

leptokurtic distributions on test statistics is to sample from
t-distributions (Lange et al., 1989). This is potentially confus-
ing as Crawford and Howell’s method uses the t-distribution
to test for a significant difference between the case and con-
trols. However, as noted, the assumption in applying this
test statistic is that the controls were drawn from a normal
distribution; in the present study we examine the effects of
violating this assumption by drawing controls from leptokur-
tic distributions and it so happens that t-distributions have
this required characteristic.
In the present study we sampled from t-distributions

on 7 (moderate leptokurtosis) and 4 (severe leptokurtosis)
degrees-of-freedom. Kurtosis (β2) is 5 for a t-distribution on
7 d.f. compared to a value of 3 for a normal distribution; the

kurtosis for a t-distribution on 4 d.f. is even more extreme
but is undefined (because the denominator in the formula
for kurtosis requires subtracting 4 from the d.f. and is hence
zero).
Monte Carlo simulations were run on a PC and imple-

mented in Borland Delphi (Version 4). The simulations were
run with five different values of N (the size of the control
sample): 5, 10, 20, 50 and 100. For each of these values of
N, 1,000,000 samples of observations were drawn from a
standard normal distribution. Each observation was divided
by

√
χ2/7 or

√
χ2/4 where χ2 is a random draw from a chi-

square distribution on 7 or 4 degrees-of-freedom respectively.
The resultant quantities are observations from t-distributions
on 7 or 4 d.f.; that is they are observations that are drawn from
moderately or severely leptokurtic distributions. The first N
observations in each sample were taken as the control sample
and the observation was taken as the individual control
case.
On each Monte Carlo trial, Crawford and Howell (1998)

test was applied to compare the control case with the con-
trol sample and t-values that were negative (i.e., where the
control case was below the control sample) and exceeded
the one-tailed critical value for t on the appropriate degrees
of freedom (n − 1) were recorded as Type I errors; z was
also computed and the result recorded as a Type I error if it
exceeded the one-tailed critical value of −1.645. One-tailed
tests were employed because, in the vast majority of cases,
the (directional) hypothesis tested by neuropsychologists is
that their patient’s score is below that of controls.
For comparison purposes we also repeated the above pro-

cedure but sampled from a normal distribution; the results
from this latter simulation provide reference values for inter-
preting the effects of leptokurtosis. Thus, in total, 15 million
MonteCarlo trialswere run; i.e., 1million trials for each com-
bination of five sample sizes and three types of distribution.
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Table 1
Simulation results: percentage of Type I errors (i.e., percentage of control cases classified as exhibiting a deficit) using z and Crawford and Howell’s method
for a specified error rate of 5% when sampling from leptokurtic distributions

Control N Normal distribution Moderate leptokurtosis Severe leptokurtosis

z Crawford and Howell z Crawford and Howell z 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 4.91 4.59
100 5.23 4.98 4.93 4.73 4.53 4.37

2.1.2. Results and discussion
The results of the Monte Carlo simulation are presented

in Table 1. The first two columns provide the results when
sampling from a normal distribution. It can be seen that, as is
predicted by theory and by results from previous simulations
(Crawford &Garthwaite, 2005a), the Type I error rate is con-
trolled when Crawford and Howell’s test is applied. That is,
the specified error rate was set at 5% and the observed error
rates cleave closely to this value for all values of N (the small
deviations from 5% are of the order expected solely from
Monte Carlo variation). In contrast, it can be seen that, when
the control sample is small, control of the Type I error rate is
poorwhen z is used to test for a significant difference between
a case and controls. For example, the error rate is 10.36% for
a N of 5, more than double the specified rate of 5% (with
large Ns, z-values more closely approximate t-values so that
the error rate is under satisfactory control; however control
sample Ns of this magnitude are rare in single-case studies in
neuropsychology).
These values for sampling from a normal distribution

provide reference values for studying the effects of lep-
tokurtosis on the Type I error rate. Looking first at Crawford
and Howell’s method, it can be seen that, when the control
sample is small (i.e., 10), the presence of leptokurtosis
inflates the Type I error rate but only marginally, even when
leptokurtosis is severe. At larger Ns the observed Type I
error rate falls below the specified rate. It can be concluded
that, at least when unaccompanied by other departures from
normality (i.e., skew), leptokurtosis is not a serious cause for
concern when employing Crawford and Howell’s method of
testing for a deficit. That is, the method is robust even when
leptokurtosis is severe.
Turning to z, it can be seen that with one exception (mod-

erate leptokurtosis coupled with a N of 5), the observed Type
I error rates are all lower than those obtained when sampling
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) z inappropriately treats the sam-
ple statistics as parameters, and (2) the use of z for inferential
purposesmakes the assumption of normality and this assump-
tion is violated. However, it transpires that the presence of
leptokurtosis serves to ameliorate the inflation of the Type I
error rate caused by the former problem. It should be noted
nevertheless that the observed error rate in the presence of
leptokurtosis is still above the specified rate of 5% forN ≤ 20.

As noted, a probability distribution has greater leptokur-
tosis if it has thicker tails and is more peaked. It follows
that, between the tails and the peak, the distribution must be
lower (the total area under the distribution must equal one);
that is, a leptokurtic distribution has thinner shoulders than
a normal distribution (see Fig. 1b). In some of the present
scenarios where we (a) compare an individual with a sample
rather than compare two groups, (b) employ a one-tailed test
and (c) set alpha at 0.05 (rather than at a more conservative
value), the effects of the thin shoulders are in evidence; the
statistical tests are applied in a region of the distribution that
is not sufficiently far out in the tails to produce inflated Type
I errors.
In the case of Crawford and Howell’s method, the extent

to which Type I errors undershoot the specified rate reduces
as sample size decreases until, in the case of severe leptokur-
tosis, the error rates are higher than the specified rate for a
N of 10. Thus, it is near to this point that the density of the
normal distribution falls below that of the leptokurtic distri-
bution; i.e., we see the effects of the heavy tails reflected in
the Type I error rates. It follows from this that, if a more con-
servative alpha were specified for the Crawford and Howell
method, inflation of the Type I error rate would becomemore
pronounced. That is, the effects of leptokurtosis at small Ns
would be increased and the crossing point referred to above
would occur at a larger N.
This was confirmed by re-running the simulation and test-

ing for significance at the 1% level rather than 5%. For
example, for aN of 10, the error rate when sampling from the
severely leptokurtic distribution was 1.88%, i.e., 88% higher
than the specified rate of 1%, whereas the corresponding
figure (5.39%) from the original simulation was only 7.8%
higher than the specified rate of 5%. In addition, the error rate
for the leptokurtic distribution did not fall below the specified
rate even for a N of 100.

3. Study 2

3.1. The effects of combinations of leptokurtosis and
skew in the control population on Type I error rates

Given that many neuropsychological instruments do not
yield normally distributed data (Capitani & Laiacona, 2000),
the results to date from simulation studies are reassuring. That
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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 test
score to those obtained from a modestly sized control sample. Two methods of testing for a deficit (z and a method 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 I error rates
for these two methods. For Crawford and Howell’s method, leptokurtosis produced only a modest inflation of the Type I error rate when the
control sample N was small-to-modest in size and error rates were lower than the specified rates at larger N. In contrast, the combination of
leptokurtosis and skew produced marked inflation of error rates for small Ns. With a specified error rate of 5%, actual error rates as high as
14.31% and 9.96% were observed for z and 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

In neuropsychological single-case research, inferences
concerning a patient’s cognitive status are commonly based
on referring the patient’s test scores to a control sample. The
most common method of forming inferences about the pres-
ence of a deficit in such scenarios is to convert the patient’s
score on a given task to a z-score based on the mean and
S.D. of the control sample and then refer this score to a table
of the areas under the normal curve (Howell, 2002). Thus,
if a neuropsychologist has formed a directional hypothesis

∗ Corresponding author. Tel.: +44 1224 272231; fax: +44 1224 273426.
E-mail address: j.crawford@abdn.ac.uk (J.R. Crawford).

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
that fell below −1.645 would be considered statistically sig-
nificant (p< 0.05) and would be taken as an indication that
the patient had a deficit on the task in question.
One potential problem with this approach is that it treats

the control sample as if it was a population; i.e., the mean and
standard deviation are used as if they were parameters rather
than sample statistics. This is not a problem if the control
sample is large as then the sample statistics should provide
sufficiently accurate estimates of the parameters. However,
the control samples in single-case studies in neuropsychology
typically have modest Ns; N< 10 is not unusual and Ns < 20
are very common (Crawford & Howell, 1998). With samples
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Table 2
Simulation results: percentage of Type I errors using z and Crawford and Howell’s method for a specified error rate of 5%; effects of combinations of skewness
and kurtosis

Control N Moderate skew Severe skew Very severe skew Extreme skew

z Crawford and
Howell

z Crawford and
Howell

z Crawford and
Howell

z Crawford and
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 from Table 2 that, for z, the Type I error
rate is seriously inflated in many of the scenarios examined
and rises as high as 14.31%. That is, on average, up to
14.31% of healthy controls would be incorrectly classified
as having a deficit. In these circumstances we have three
factors contributing to inflation of the error rate: treatment
of the control sample statistics as parameters, skewness,

Fig. 3. Effect of departures from normality on Type I errors for Crawford
and Howell’s method.

and leptokurtosis. Although this combination of factors is
extreme, it is not, however, necessarily unusual. That is,
ceiling effects in controls are common in single-case studies
(Crawford, Garthwaite, & Gray, 2003). Moreover, although
Crawford and Howell’s method is increasingly used in
single-case research (e.g., Bird, Castelli, Malik, Frith, &
Husain, 2004; Di Pietro, Laganaro, Leemann, & Schnider,

Fig. 4. Effect of departures from normality on Type I errors for z.
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In many single-case studies in neuropsychology, the perfor-
mance of a patient on a series of tasks is compared with that of a
control sample. By far the most common method of forming
inferences about the presence of a possible impairment in such
studies is to convert the patient’s score on a given task to a z score
based on the mean and standard deviation of the controls and then
refer this score to a table of the areas under the normal curve. Thus,
if a neuropsychologist has formed a directional hypothesis 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 that fell below
!1.645 would be considered statistically significant ( p " .05) and
would be taken as an indication that the patient had an impairment
on the task in question.

One problem with this approach is that it treats the control
sample as if it were a population; that is, the mean and standard
deviation are used as if they were parameters rather than sample
statistics. In other areas of psychology, this is often not a problem
in practice because the normative or control sample is large and,
therefore, should provide sufficiently accurate estimates of the
parameters. However, the control samples in single-case studies in
cognitive neuropsychology typically are modest: N " 10 is not
unusual, and Ns " 20 are very common (Crawford & Howell,
1998). With samples of this size, it is not appropriate to treat the
mean and standard deviation as though they were parameters.

A solution to this problem is to use a method described by
Crawford and Howell (1998) that treats the control sample statis-
tics as sample statistics. Their approach uses a formula for a

modified t test given by Sokal and Rohlf (1995). This method uses
the t distribution (with n ! 1 df ), rather than the standard normal
distribution, to estimate the abnormality of the patient’s score and
to test whether it is significantly lower than the scores of the
control sample. The practical effect of using z with a small control
sample is to exaggerate the rarity and/or abnormality of a patient’s
score and to inflate the Type I error rate (in this context, a Type I
error occurs when an individual who is drawn from the control
population is incorrectly classified as not being a member of this
population; i.e., he or she is incorrectly classified as exhibiting an
impairment). This occurs because the normal distribution has
thinner tails than do t distributions. Intuitively, the less that is
known, the less extreme should be statements about abnormality
and/or rarity. The z-score method treats the variance of controls as
being known, when it is not, and consequently makes statements
that are too extreme (Crawford & Howell, 1998). The formula for
Crawford and Howell’s test is

t !
X* " X

S!n # 1
n

, (1)

where X* is the patient’s score, X and S are the mean and standard
deviation, respectively, of scores in the control sample, and n is the
size of the control sample. The p value obtained when this test is
applied is used to test significance, but it also provides a point
estimate of the abnormality of the patient’s score; for example, if
the one-tailed p is .013, then one knows that the patient’s score is
significantly ( p " .05) below the control mean and that it is
estimated that 1.3% of the control population would obtain a score
lower than the patient’s. As Crawford and Howell (1998) noted,
this point estimate of abnormality is a useful complement to the
significance test given that the use of an alpha of .05 is essentially
an arbitrary convention (albeit one that has, in general, served
science well).
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La question de l’effectif

Study 1: Tests Aimed at Detecting an Impairment When a
Case Is Compared With a Control Sample

In the first study, we ran a Monte Carlo simulation to quantify
and compare control of the Type I error rate when the two
alternative methods of detecting an impairment are used to com-
pare individual control cases against control samples. The statis-
tically sophisticated reader may consider that running this simu-
lation is unnecessary because theory would predict that the use of
z will fail to control Type I errors, whereas the modified t test will
achieve adequate control. However, we had two reasons for con-
ducting it. First, the use of z to detect an impairment in a patient is
very widespread (Crawford & Garthwaite, 2002; Crawford, Garth-
waite, & Gray, 2003), so clearly, many researchers are either
unaware or have chosen to ignore the issue of inflated Type I
errors. Quantifying the magnitude of this inflation may help to
raise awareness of the problem, and doing so using an empirical
method may be more convincing than appeal to theory alone.

Second, all readers will be familiar with the use of independent-
sample t tests to test for a difference in population means in which
two samples are compared. In this standard situation, variance
estimates are obtained from two samples that are then pooled (or
alternatively, separate variance estimates are used when the vari-
ances differ). However, many readers will not be familiar with the
modified t test in which the concern need only (and can only) be
with the variance estimate of the control population. Under the null
hypothesis, the patient is an observation from a distribution with
the same mean and variance as the controls. Because, unlike a
standard t test, the patient does not contribute to a pooled variance
estimate (nor contribute a separate variance estimate), readers may
appreciate reassurance that control of Type I errors is adequate in
this nonstandard use of a t test.

Method

The Monte Carlo simulation was run on a PC and implemented in
Borland Delphi (Version 4). The algorithm ran3.pas (Press, Flannery,
Teukolsky, & Vetterling, 1989) was used to generate uniform random
numbers (between zero and one), which were transformed by the polar
variant of the Box–Muller method (Box & Muller, 1958) to sample from
a normal distribution. The simulation was run with five different control
sample sizes: For each of these values, 1,000,000 samples of N ! 1
observations were drawn from a normal distribution. The first N observa-
tions in each sample were taken as the control sample, and the N ! 1th item
was taken as the individual control case. Crawford and Howell’s (1998)
test was then applied to these data, and t values that were negative (i.e.,
when the control case was below the control sample) and exceeded the
one-tailed critical value for t on the appropriate degrees of freedom (n "
1) were recorded as Type I errors; z was also computed and the result
recorded as a Type I error if it exceeded the one-tailed critical value of
"1.645. One-tailed tests were used because, in the vast majority of cases,
the (directional) hypothesis tested by neuropsychologists is that their
patient’s score is below that of controls.

Results and Discussion

The results of the Monte Carlo simulation are presented in Table
1. It can be seen from Table 1 that, when the size of the control
sample is small, control of the Type I error rate is poor when z is
used to test for a significant difference between a case and controls.
For example, the error rate is 10.37% with a sample size of 5, more

than double the specified rate of 5%. Therefore, if z is used in a
single-case study with a control sample of 5, it is to be expected
that more than 10% of individuals from the control population
would be incorrectly identified as not having come from this
population (i.e., they would be considered to exhibit an impair-
ment). With large sample sizes, z values more closely approximate
t values so that the error rate is under satisfactory control. How-
ever, it will be appreciated that control sample sizes of this
magnitude are rare in single-case studies in neuropsychology.

In contrast to the inflated error rates when z is used, it can be
seen that there is immaculate control of the Type I error rate when
the modified t test is used; the error rates for all of the sample sizes
examined are all at, or very close to, the specified rate of 5% (the
magnitude of the differences from 5% is of the order expected
solely from Monte Carlo variation). Having verified empirically
that the Type I error rate is controlled when the modified t test is
used, we can use the fact that the z score satisfies

z ! t!n " 1
n

, (2)

to record the actual value of z that would be required to maintain
the Type I error rate at 5%. These values of z are presented in the
final column of Table 1. It can be seen that the values of z required
to maintain the Type I error rate at the specified level are markedly
greater than the nominal critical value of "1.645; for example,
with a control sample size of 5, a z of "2.335 would be required.
This example also highlights the extent to which z will tend to
provide an exaggerated estimate of the rarity of a patient’s score.
Suppose a patient obtained a z score of "2.335; using a table of the
areas under the normal curve, we would estimate that 0.98% of the
control population would obtain a lower score (i.e., the patient’s
score is estimated to be very rare), yet the unbiased estimate
provided by t is that 5% of the population would be expected to
obtain a lower score.

Study 2: The Effects of Skew in the Control Population
on Type I Error Rates

An assumption underlying the use of z or Crawford and How-
ell’s (1998) test is that the controls have been drawn from a normal

Table 1
Results From a Monte Carlo Simulation Study of the Percentage
of Control Cases Classified as Exhibiting a Deficit (i.e.,
Percentage of Type I Errors) Using z and a Modified t Test
When the Specified Error Rate Is 5%

Control sample N

Percentage of Type I
errors

z requiredaz t

5 10.37 5.01 "2.335
10 7.57 5.00 "1.923
20 6.25 5.00 "1.772
50 5.53 5.03 "1.693

100 5.28 4.98 "1.669

a Records the value of z required to maintain the Type I error rate at the
specified (5%) level.
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One potential alternative to Crawford and Howell’s (1998)
parametric test would be to use nonparametric tests (e.g., random-
ization tests). However, there are two limitations to this potential
solution. First, these methods are, by necessity, completely insen-
sitive to the degree to which a patient’s score is extreme and
therefore will have low power (e.g., a patient whose score on a task
was eight standard deviations below the control mean would be
treated identically to a patient whose score was two standard
deviations below the mean, provided that their rank order relative
to controls was the same). Power is inevitably low in single-case
studies because an individual rather than a sample is compared
with a control sample that is itself typically modest in size;
therefore, any treatment that imposes a further reduction in power

should be avoided if at all possible (Crawford, Garthwaite, &
Gray, 2003). Second, the size of sample required before a re-
searcher has any possibility of rejecting the null hypothesis of no
difference between patient and controls is larger than is typical in
single-case studies. A minimum of 20 controls would be required
to reject the null hypothesis even when the alternative hypothesis
is directional ( p ! .05, one-tailed), and such an outcome would
occur only if the score of every control was higher than the
patient’s.

When the control data are skew, one possibility would be to
transform the scores of controls and the patient in an attempt to
normalize the control score distribution. For example, in the case
of moderate negative skew, the scores could be reflected and a

Figure 1. Graphical illustration of the four negatively skewed distributions used in Study 2.

Table 2
Simulation Results: Percentage of Type I Errors (i.e., Percentage of Control Cases Classified as
Exhibiting a Deficit) Using z and a Modified t Test for a Specified Error Rate of 5% When
Sampling From (Negatively) Skewed Distributions

N

Skew

Moderate
(!1 " #0.31)

Severe
(!1 " #0.70)

Very severe
(!1 " #0.93)

Extreme
(!1 " #0.99)

z t z t z t z t

5 11.48 6.06 12.50 7.23 13.23 8.04 13.39 8.27
10 8.59 6.04 9.64 7.14 10.23 7.80 10.23 7.94
20 7.23 5.97 8.20 6.97 8.72 7.53 8.72 7.66
50 6.50 6.00 7.37 6.90 7.85 7.37 7.85 7.47

100 6.20 5.97 7.11 6.87 7.56 7.32 7.56 7.32
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In many single-case studies in neuropsychology, the perfor-
mance of a patient on a series of tasks is compared with that of a
control sample. By far the most common method of forming
inferences about the presence of a possible impairment in such
studies is to convert the patient’s score on a given task to a z score
based on the mean and standard deviation of the controls and then
refer this score to a table of the areas under the normal curve. Thus,
if a neuropsychologist has formed a directional hypothesis 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 that fell below
!1.645 would be considered statistically significant ( p " .05) and
would be taken as an indication that the patient had an impairment
on the task in question.

One problem with this approach is that it treats the control
sample as if it were a population; that is, the mean and standard
deviation are used as if they were parameters rather than sample
statistics. In other areas of psychology, this is often not a problem
in practice because the normative or control sample is large and,
therefore, should provide sufficiently accurate estimates of the
parameters. However, the control samples in single-case studies in
cognitive neuropsychology typically are modest: N " 10 is not
unusual, and Ns " 20 are very common (Crawford & Howell,
1998). With samples of this size, it is not appropriate to treat the
mean and standard deviation as though they were parameters.

A solution to this problem is to use a method described by
Crawford and Howell (1998) that treats the control sample statis-
tics as sample statistics. Their approach uses a formula for a

modified t test given by Sokal and Rohlf (1995). This method uses
the t distribution (with n ! 1 df ), rather than the standard normal
distribution, to estimate the abnormality of the patient’s score and
to test whether it is significantly lower than the scores of the
control sample. The practical effect of using z with a small control
sample is to exaggerate the rarity and/or abnormality of a patient’s
score and to inflate the Type I error rate (in this context, a Type I
error occurs when an individual who is drawn from the control
population is incorrectly classified as not being a member of this
population; i.e., he or she is incorrectly classified as exhibiting an
impairment). This occurs because the normal distribution has
thinner tails than do t distributions. Intuitively, the less that is
known, the less extreme should be statements about abnormality
and/or rarity. The z-score method treats the variance of controls as
being known, when it is not, and consequently makes statements
that are too extreme (Crawford & Howell, 1998). The formula for
Crawford and Howell’s test is

t !
X* " X

S!n # 1
n

, (1)

where X* is the patient’s score, X and S are the mean and standard
deviation, respectively, of scores in the control sample, and n is the
size of the control sample. The p value obtained when this test is
applied is used to test significance, but it also provides a point
estimate of the abnormality of the patient’s score; for example, if
the one-tailed p is .013, then one knows that the patient’s score is
significantly ( p " .05) below the control mean and that it is
estimated that 1.3% of the control population would obtain a score
lower than the patient’s. As Crawford and Howell (1998) noted,
this point estimate of abnormality is a useful complement to the
significance test given that the use of an alpha of .05 is essentially
an arbitrary convention (albeit one that has, in general, served
science well).
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Fig. 1. Graphical illustration of a leptokurtic distribution (shaded area) superimposed upon a normal distribution (in (b) the right-hand tail area has been
magnified to illustrate the heavy tails).

by removing outliers,we should at least study its likely effects
on inferential methods for testing for a deficit and, should it
prove to be problematic, implement alternative strategies for
dealing with it.

2. Study 1

2.1. The effects of leptokurtosis in the control population
on Type I error rates

As noted, a large literature indicates that leptokurtosis is a
pervasive feature of data in many areas of scientific enquiry.
However, its effects on inferential methods used in single-
case studies have not been examined. In Study 1,MonteCarlo
simulation is employed to estimate Type I error rates for both
methods of testing for a deficit (z and Crawford and Howell’s
method) when the control data are leptokurtic.

2.1.1. Method
The most common approach to modelling the effects of

leptokurtic distributions on test statistics is to sample from
t-distributions (Lange et al., 1989). This is potentially confus-
ing as Crawford and Howell’s method uses the t-distribution
to test for a significant difference between the case and con-
trols. However, as noted, the assumption in applying this
test statistic is that the controls were drawn from a normal
distribution; in the present study we examine the effects of
violating this assumption by drawing controls from leptokur-
tic distributions and it so happens that t-distributions have
this required characteristic.
In the present study we sampled from t-distributions

on 7 (moderate leptokurtosis) and 4 (severe leptokurtosis)
degrees-of-freedom. Kurtosis (β2) is 5 for a t-distribution on
7 d.f. compared to a value of 3 for a normal distribution; the

kurtosis for a t-distribution on 4 d.f. is even more extreme
but is undefined (because the denominator in the formula
for kurtosis requires subtracting 4 from the d.f. and is hence
zero).
Monte Carlo simulations were run on a PC and imple-

mented in Borland Delphi (Version 4). The simulations were
run with five different values of N (the size of the control
sample): 5, 10, 20, 50 and 100. For each of these values of
N, 1,000,000 samples of observations were drawn from a
standard normal distribution. Each observation was divided
by

√
χ2/7 or

√
χ2/4 where χ2 is a random draw from a chi-

square distribution on 7 or 4 degrees-of-freedom respectively.
The resultant quantities are observations from t-distributions
on 7 or 4 d.f.; that is they are observations that are drawn from
moderately or severely leptokurtic distributions. The first N
observations in each sample were taken as the control sample
and the observation was taken as the individual control
case.
On each Monte Carlo trial, Crawford and Howell (1998)

test was applied to compare the control case with the con-
trol sample and t-values that were negative (i.e., where the
control case was below the control sample) and exceeded
the one-tailed critical value for t on the appropriate degrees
of freedom (n − 1) were recorded as Type I errors; z was
also computed and the result recorded as a Type I error if it
exceeded the one-tailed critical value of −1.645. One-tailed
tests were employed because, in the vast majority of cases,
the (directional) hypothesis tested by neuropsychologists is
that their patient’s score is below that of controls.
For comparison purposes we also repeated the above pro-

cedure but sampled from a normal distribution; the results
from this latter simulation provide reference values for inter-
preting the effects of leptokurtosis. Thus, in total, 15 million
MonteCarlo trialswere run; i.e., 1million trials for each com-
bination of five sample sizes and three types of distribution.
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Table 1
Simulation results: percentage of Type I errors (i.e., percentage of control cases classified as exhibiting a deficit) using z and Crawford and Howell’s method
for a specified error rate of 5% when sampling from leptokurtic distributions

Control N Normal distribution Moderate leptokurtosis Severe leptokurtosis

z Crawford and Howell z Crawford and Howell z 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 4.91 4.59
100 5.23 4.98 4.93 4.73 4.53 4.37

2.1.2. Results and discussion
The results of the Monte Carlo simulation are presented

in Table 1. The first two columns provide the results when
sampling from a normal distribution. It can be seen that, as is
predicted by theory and by results from previous simulations
(Crawford &Garthwaite, 2005a), the Type I error rate is con-
trolled when Crawford and Howell’s test is applied. That is,
the specified error rate was set at 5% and the observed error
rates cleave closely to this value for all values of N (the small
deviations from 5% are of the order expected solely from
Monte Carlo variation). In contrast, it can be seen that, when
the control sample is small, control of the Type I error rate is
poorwhen z is used to test for a significant difference between
a case and controls. For example, the error rate is 10.36% for
a N of 5, more than double the specified rate of 5% (with
large Ns, z-values more closely approximate t-values so that
the error rate is under satisfactory control; however control
sample Ns of this magnitude are rare in single-case studies in
neuropsychology).
These values for sampling from a normal distribution

provide reference values for studying the effects of lep-
tokurtosis on the Type I error rate. Looking first at Crawford
and Howell’s method, it can be seen that, when the control
sample is small (i.e., 10), the presence of leptokurtosis
inflates the Type I error rate but only marginally, even when
leptokurtosis is severe. At larger Ns the observed Type I
error rate falls below the specified rate. It can be concluded
that, at least when unaccompanied by other departures from
normality (i.e., skew), leptokurtosis is not a serious cause for
concern when employing Crawford and Howell’s method of
testing for a deficit. That is, the method is robust even when
leptokurtosis is severe.
Turning to z, it can be seen that with one exception (mod-

erate leptokurtosis coupled with a N of 5), the observed Type
I error rates are all lower than those obtained when sampling
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) z inappropriately treats the sam-
ple statistics as parameters, and (2) the use of z for inferential
purposesmakes the assumption of normality and this assump-
tion is violated. However, it transpires that the presence of
leptokurtosis serves to ameliorate the inflation of the Type I
error rate caused by the former problem. It should be noted
nevertheless that the observed error rate in the presence of
leptokurtosis is still above the specified rate of 5% forN ≤ 20.

As noted, a probability distribution has greater leptokur-
tosis if it has thicker tails and is more peaked. It follows
that, between the tails and the peak, the distribution must be
lower (the total area under the distribution must equal one);
that is, a leptokurtic distribution has thinner shoulders than
a normal distribution (see Fig. 1b). In some of the present
scenarios where we (a) compare an individual with a sample
rather than compare two groups, (b) employ a one-tailed test
and (c) set alpha at 0.05 (rather than at a more conservative
value), the effects of the thin shoulders are in evidence; the
statistical tests are applied in a region of the distribution that
is not sufficiently far out in the tails to produce inflated Type
I errors.
In the case of Crawford and Howell’s method, the extent

to which Type I errors undershoot the specified rate reduces
as sample size decreases until, in the case of severe leptokur-
tosis, the error rates are higher than the specified rate for a
N of 10. Thus, it is near to this point that the density of the
normal distribution falls below that of the leptokurtic distri-
bution; i.e., we see the effects of the heavy tails reflected in
the Type I error rates. It follows from this that, if a more con-
servative alpha were specified for the Crawford and Howell
method, inflation of the Type I error rate would becomemore
pronounced. That is, the effects of leptokurtosis at small Ns
would be increased and the crossing point referred to above
would occur at a larger N.
This was confirmed by re-running the simulation and test-

ing for significance at the 1% level rather than 5%. For
example, for aN of 10, the error rate when sampling from the
severely leptokurtic distribution was 1.88%, i.e., 88% higher
than the specified rate of 1%, whereas the corresponding
figure (5.39%) from the original simulation was only 7.8%
higher than the specified rate of 5%. In addition, the error rate
for the leptokurtic distribution did not fall below the specified
rate even for a N of 100.

3. Study 2

3.1. The effects of combinations of leptokurtosis and
skew in the control population on Type I error rates

Given that many neuropsychological instruments do not
yield normally distributed data (Capitani & Laiacona, 2000),
the results to date from simulation studies are reassuring. That
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1. Introduction

In neuropsychological single-case research, inferences
concerning a patient’s cognitive status are commonly based
on referring the patient’s test scores to a control sample. The
most common method of forming inferences about the pres-
ence of a deficit in such scenarios is to convert the patient’s
score on a given task to a z-score based on the mean and
S.D. of the control sample and then refer this score to a table
of the areas under the normal curve (Howell, 2002). Thus,
if a neuropsychologist has formed a directional hypothesis

∗ Corresponding author. Tel.: +44 1224 272231; fax: +44 1224 273426.
E-mail address: j.crawford@abdn.ac.uk (J.R. Crawford).

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
that fell below −1.645 would be considered statistically sig-
nificant (p< 0.05) and would be taken as an indication that
the patient had a deficit on the task in question.
One potential problem with this approach is that it treats

the control sample as if it was a population; i.e., the mean and
standard deviation are used as if they were parameters rather
than sample statistics. This is not a problem if the control
sample is large as then the sample statistics should provide
sufficiently accurate estimates of the parameters. However,
the control samples in single-case studies in neuropsychology
typically have modest Ns; N< 10 is not unusual and Ns < 20
are very common (Crawford & Howell, 1998). With samples
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Table 2
Simulation results: percentage of Type I errors using z and Crawford and Howell’s method for a specified error rate of 5%; effects of combinations of skewness
and kurtosis

Control N Moderate skew Severe skew Very severe skew Extreme skew

z Crawford and
Howell

z Crawford and
Howell

z Crawford and
Howell

z Crawford and
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 from Table 2 that, for z, the Type I error
rate is seriously inflated in many of the scenarios examined
and rises as high as 14.31%. That is, on average, up to
14.31% of healthy controls would be incorrectly classified
as having a deficit. In these circumstances we have three
factors contributing to inflation of the error rate: treatment
of the control sample statistics as parameters, skewness,

Fig. 3. Effect of departures from normality on Type I errors for Crawford
and Howell’s method.

and leptokurtosis. Although this combination of factors is
extreme, it is not, however, necessarily unusual. That is,
ceiling effects in controls are common in single-case studies
(Crawford, Garthwaite, & Gray, 2003). Moreover, although
Crawford and Howell’s method is increasingly used in
single-case research (e.g., Bird, Castelli, Malik, Frith, &
Husain, 2004; Di Pietro, Laganaro, Leemann, & Schnider,

Fig. 4. Effect of departures from normality on Type I errors for z.
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1. Introduction

In neuropsychological single-case research, inferences
concerning a patient’s cognitive status are commonly based
on referring the patient’s test scores to a control sample. The
most common method of forming inferences about the pres-
ence of a deficit in such scenarios is to convert the patient’s
score on a given task to a z-score based on the mean and
S.D. of the control sample and then refer this score to a table
of the areas under the normal curve (Howell, 2002). Thus,
if a neuropsychologist has formed a directional hypothesis
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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
that fell below −1.645 would be considered statistically sig-
nificant (p< 0.05) and would be taken as an indication that
the patient had a deficit on the task in question.
One potential problem with this approach is that it treats

the control sample as if it was a population; i.e., the mean and
standard deviation are used as if they were parameters rather
than sample statistics. This is not a problem if the control
sample is large as then the sample statistics should provide
sufficiently accurate estimates of the parameters. However,
the control samples in single-case studies in neuropsychology
typically have modest Ns; N< 10 is not unusual and Ns < 20
are very common (Crawford & Howell, 1998). With samples
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● Brooks et al. 2007, 2008 

N = 742
55.5% < -1 SD
30.8% ≤ 5 p
16,4% < -2 SD

Grand nombre de scores, ↗ risque de 
trouver des résultats « hors norme » sans 
qu’il y ait nécessairement de déficits 
cognitifs réels chez le patient

Fréquence des scores peu fréquents
de bas niveau chez des adultes âgés sains 
(obtenus à la Neuro-psychological Assessment
Battery, NAB ; 10 scores)



Batterie Nombre de scores N >1.5 SD > 2 SD

Schretlen et al. (2008) ABC study 10 220–327 15% > 1 3.4% > 1

Testa and Schretlen (2006) ABC study 25 269 16% > 2 3% > 2

Schretlen et al. (2008) ABC study 25 220–327 40.1% > 1 14.4% > 1

Kiselica et al. (2020) UDS3NB 21 2,608 42.1% > 0
20.2% > 1

23.9% > 0
9.4% > 1

Schretlen et al. (2008) ABC study 43 220–327 56.8% > 1 23.8% > 1

Iverson et al. (2008) WAIS-III/WMS-III 20 1250
43.3% > 0
28% > 1
17.7% > 2

26.6% > 0
14% > 1
5.7% > 2

Heaton et al. (2004) E-HRNB 25 1189
59% > 0
24% > 1
15% > 2

28% > 0
10% > 1
5% > 2

Heaton et al. (1991) E-HRNB 40 455 64% > 0 32% > 0

Iverson et al. (2008) NAB 36 1269
70.2% > 0
48.5% > 1
15.6% > 4

44.3% > 0
21.8% > 1
12.2% > 2

Synthèse Non Exhaustive des Études sur la Fréquence des Scores Peu Fréquents
de Bas Niveau dans les Batteries Neuropsychologiques

Note. ABC study = Aging, Brain Imaging, and Cognition ; E-HRNB = Expanded Halstead–Reitan Neuropsychological Battery  ; UDS3NB = 
Uniform Data Set Neuropsychological Battery ; WAIS-III/WMS-III  = Wechsler Adult Intelligence Scale/Wechsler Memory Scale.
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Godefroy et al. (2014) : 724 témoins sains / 461 
patients diagnostiqués avec troubles cognitifs.

Compromis entre sensibilité et spécificité en 
fonction du nombre de scores utilisés

Courbes ROC (Receiver Operating Characteristic) en fonction du 
nombre de scores utilisés pour distinguer les patients des témoins.

Sensibilité : la capacité d'un test à identifier 
correctement les individus ayant la condition 
recherchée (vrais positifs). Une haute 
sensibilité signifie peu de faux négatifs.

Spécificité : la capacité d'un test à identifier 
correctement les individus sans la condition 
(vrais négatifs). Une haute spécificité signifie 
peu de faux positifs.

Chaque score supplémentaire ajouté à l'analyse 
augmente le taux de faux positifs de 2,61 %



Oltra-Cucarella et al. (2021)

● Lien entre le nombre de 
mesures administrées et la 
probabilité d'obtenir des scores 
peu fréquents de bas niveau.

● Plus les mesures 
neuropsychologiques sont 
corrélées, plus la probabilité 
d'obtenir un ou plusieurs 
scores faibles augmente



Constat : Il est courant d'obtenir quelques scores 
peu fréquents de bas niveau, même chez des 
personnes saines.

Et alors qu’est-ce qu’on fait ?

Binder et al., 2009 ; Brooks et al. 2007, 2008 ; Godefroy 
et al., 2014 ; Iverson et al., 2008 ; Jak et al., 2009 ; 

Larrabee, 2012 ; Oltra-Cucarella, et al., 2018

Pratique courantes des cliniciens : 
• Agrégation des scores pour une vision 

d'ensemble.
• Taux de base pour considérer la variabilité 

cognitive normale.

Notre focus : le seuil de décision
Moduler le seuil de score en fonction du 
contexte 

Utilisation d’un seuil plus conservateur avec 
de multiples tests.
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Avez-vous des hypothèses cliniques a priori (basées sur des 
connaissances diagnostiques spécifiques ou des observations 

préalables) ?

Oui → Seuil libéral 
envisageable (risque 

5%)

Pourquoi ?

Les scores peu fréquents
de bas niveau peuvent être 
attendus et cohérents avec 

le tableau clinique (ex : 
déficits de mémoire pour la 

maladie d’Alzheimer).

Non → Seuil 
conservateur (risque 

2%)

Pourquoi ?

Sans prédictions précises, 
chaque score peu 

fréquents de bas niveau 
est pris avec prudence 

pour éviter des faux 
positifs.
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Au final qu’est ce qu’on fait ?

Seuil conservateur 
(seuil 2%)

Seuil libéral possible (seuil 5%)

Nombre faible de scores 
administrés

Hypothèses spécifiques 

Nombre élevé de scores 
administrés

Pas d’hypothèses spécifiques 



Au final qu’est ce qu’on fait ?



Au final qu’est ce qu’on fait ?

Décision Statistique

Décision Clinique

Interprétation 
et décision

En lien avec : anamnèse, 
antécédents, plaintes, 

observations…

Limites inhérentes 
aux tests
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Des rapports plus pédagogiques

Idéalement, nos rapports devraient être lisibles 
• par les patients
• par des professionnels variés

Mais, les équipes interdisciplinaires estiment nos rapports difficilement lisibles, bien 
que précieux pour la planification des soins (p. ex., Postal et al., 2018). 



Des rapports plus pédagogiques

Augmenter la lisibilité des résultats 
• Avec plus de transparence ;
• Avec plus de cohérence au sein du 

rapport ;
• Avec plus de cohérence entre les 

différents rapports concernant un 
même patient.

(Brooks et al., 2011 ; Guilmette et al., 2020)



Des descripteurs sans ambiguïtés 

• Choisir des descripteurs qui concernent les scores et leur comparaison aux 
normes et éviter des descripteurs concernant l’état postulé de la fonction 
cognitive (AACN ; Guilmette et al., 2020)

• Choisir des descripteurs qui reflètent la logique de la comparaison normative 
(jugement de probabilité d’obtenir le score)

AACN : « score exceptionnellement bas » 



Source de confusion 



Proposition de qualificatifs 

Fréquence estimée de la 
population ayant ce score 

ou moins 
(*= risque d’erreur associé à la 

décision de qualifier un score de 
hors-normes)

Description Seuil

≧ 98%   Score très peu fréquent 
de haut niveau

Entre ≧ 95% et ＜ 98% Score peu fréquent 
de haut niveau

Entre ＞ 5 % et ＜ 95 % Score fréquent Score à interpréter 
ultérieurement en 

fonction du niveau de 
performance 
présupposée

Entre ＞ 2% et ≦ 5 % Score peu fréquent 
de bas niveau

Score jugé hors norme
avec un seuil libéral

≦ 2%   Score très peu fréquent 
de bas niveau

Score jugé hors norme
avec un seuil 
conservateur

Valeur p associée au 
test t modifié, 

percentile et probabilité 
associée au score 

standardisé.
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- associés à 5 catégories de scores
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Scores de bas niveau ou de haut niveau

BAS NIVEAU

HAUT NIVEAU 10’’

40’’

6,26 m

2 m



BAS NIVEAU

HAUT NIVEAU 16 mots

4 mots

RL/RI-16 RL1

310 msec

621 msec

ALERTE TONIQUE

Scores de bas niveau ou de haut niveau



Proposition de qualificatifs 

Fréquence estimée de la 
population ayant ce score 

ou moins 
(*= risque d’erreur associé à la 

décision de qualifier un score de 
hors-normes)

Description

≧ 98%   Score très peu fréquent 
de haut niveau

Entre ≧ 95% et ＜ 98% Score peu fréquent 
de haut niveau

Entre ＞ 5 % et ＜ 95 % Score fréquent

Entre ＞ 2% et ≦ 5 % Score peu fréquent 
de bas niveau

≦ 2%   Score très peu fréquent 
de bas niveau

Nombre de mot rappelés : Z = -1,65

Temps de réponse : Z = 1,65 

Temps de réponse : Z = -1,65

Nombre de mot rappelés : P5

Temps de réponse : P95

Temps de réponse : P5
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Une 
explication 
claire



Une 
explication 
claire



Exceptions à cette proposition

● Effet plafond  => pas de « haut niveau »

● Score seuil associé à un score cut-off

● Tests de validité de performance



Questions ou commentaires ?



Merci !

Avez-vous des questions?
Beatrice.Degraeve@univ-catholille.fr
patrick.fery@hubruxelles.be
hichem.slama@hubruxelles.be
Sylvie.willems@uliege.be

mailto:Beatrice.Degraeve@univ-catholille.fr
mailto:patrick.fery@hubruxelles.be
mailto:hichem.slama@hubruxelles.be


Attestation de présence

https://surveys.fplse.uliege.be/surveys/?w=xN&s=KWLCXSSIBC
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Merci !


