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GENERAL INTRODUCTION

Consider the case of an elderly man, Albert, who has fallen off his
bicycle because of a reckless scooter driver, and is taken to hospital.
Albert’s physical injuries do not seem to be severe, and he is soon re-
leased. After some weeks, Albert’s wife contacts the hospital, because
she thinks his memory has worsened. Albert himself is not aware of
any changes. A neurologist sends Albert to a clinical neuropsycholo-
gist for a neuropsychological assessment. The clinical neuropsycholo-
gist has to decide between several options. Is Albert’s memory indeed
bad, and is this consistent with a traumatic brain injury from his acci-
dent? Is Albert’s wife perhaps overly worried, and is Albert’s memory
consistent with what would be expected for a man of his age? Or is
Albert’s memory bad, and is this part of a larger problem, perhaps a
disorder like Alzheimer’s disease?

It is important to Albert, his wife, and the hospital that the neu-
ropsychological assessment is as reliable as possible. If Albert’s wife
is indeed overly worried, this should be discovered, so these worries
can be resolved. If Albert is suffering from a traumatic brain injury,
this should be discovered so the hospital can further investigate this
injury (Maas, Stocchetti, & Bullock, 2008). If Albert is suffering from a
disorder like Alzheimer’s disease, this should be discovered so Albert
can start with treatment (Small et al., 1997). It is therefore crucial that
the neuropsychological assessment is successful in providing clarity
to all parties.

Outside clinical practice, neuropsychological assessments are also
performed in research. This may be done in studies that evaluate a
new treatment, for example, to ameliorate the symptoms of demen-
tia. Neuropsychological assessments are also used to detect adverse
effects of treatments on cognitive functioning. Cognitive functioning
may be affected by a wide variety of pharmaceutical treatments, for
example psychiatric drugs (Moore & O’Keeffe, 1999) or drugs that
are aimed at a different target entirely, like chemotherapy (de Ruiter
et al., 2011), and non-pharmaceutical treatments such as deep brain
stimulation (Smeding, Speelman, Huizenga, Schuurman, & Schmand,
2006), or surgery of the brain (Spencer & Huh, 2008) or heart (Selnes
et al., 2012). In studying these treatments, it is important that the
neuropsychological assessment is highly reliable, because otherwise,
harmful side effects may be overlooked.

Studies may also use neuropsychological assessments to evaluate
whether cognitive functions are impaired in a particular disorder, be
it a disorder of the brain like schizophrenia (Schaefer, Giangrande,
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Weinberger, & Dickinson, 2013), or a disorder that may indirectly af-
fect cognition, like liver cirrhosis (O’Carroll et al., 1991) or diabetes
(Cheng, Huang, Deng, & Wang, 2013). If this is the case, researchers
may study what characteristics of the patients predict which patients
are affected, as some cognitive problems for example primarily occur
in older patients. The reliability of the neuropsychological assessment
is again critical in identifying those with cognitive impairment, and
those without.

The goal of this thesis is to improve the reliability of neuropsycho-
logical assessment, specifically by improving the normative compari-
son procedure. This thesis is embedded in the Advanced Neuropsy-
chological Diagnostics Infrastructure (ANDI) project. This thesis dis-
cusses multiple statistical methods that were developed for the ANDI
project to improve normative comparisons. In this chapter, several key
concepts are introduced, and the specific goals for the ANDI project
are outlined. Then, an overview of the remaining chapters is given.

1.1 WHAT IS NEUROPSYCHOLOGICAL ASSESSMENT?

In clinical neuropsychology, patients are assessed to characterize their
cognitive functioning. Subjective cognitive complaints, an accident or
stroke, or a disorder like Parkinson’s disease are all indications that
cognitive functioning may be impaired, and can thus be reasons for
a neuropsychological assessment (Lezak, Howieson, Bigler, & Tranel,
2012). This type of assessment is standardized, in order to make the
results comparable between different clinicians and patients. There-
fore, standardized neuropsychological tasks are used, which may con-
sist of memorizing a message, naming objects in pictures, enumerat-
ing as many words starting with a particular letter as possible within
one minute, or tracing a pattern with a pencil (Strauss, Sherman, &
Spreen, 2006). Each of these tests is designed to tap into a different
part of cognitive functioning, such as memory, psychomotor skills or
attention. By measuring these cognitive functions, the neuropsychol-
ogist can decide whether a patient’s cognition is impaired. The goal
of the ANDI project and this thesis is to improve the precision with
which this decision is made.

1.1.1  Normative comparisons

To decide whether a particular score on a test is indicative of impair-
ment, a certain reference standard has to be used. For almost all neu-
ropsychological tasks, there is no score that can be considered indica-
tive of impairment in an absolute sense. Rather, patients’ test scores
are considered relative to those obtained by a group of healthy people
(Crawford & Garthwaite, 2002), typically called a norm group or nor-
mative sample. If a patient’s test score is lower than those obtained by
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the majority of healthy people, this is an indication for impairment.
To be able to make such a judgment, called a normative comparison,
data from many healthy participants who have completed neuropsy-
chological tests are needed. Therefore, one of the goals of the ANDI
project is to establish a large normative dataset, to improve normative
comparisons.

1.1.2  Multivariate normative comparisons

The idea for the ANDI project came in part from the introduction of
a new statistical technique for normative comparisons, called multi-
variate normative comparisons. Traditionally, normative comparisons
are performed for a single neuropsychological test at a time, and
are therefore univariate (Huizenga, Smeding, Grasman, & Schmand,
2007). This univariate approach has two disadvantages. The first is
that it does not match clinical intuition, as results on tests are not
interpreted in isolation by clinicians, but are interpreted in the light
of results on other tests. For example, a low score on two delayed
memory tests is interpreted differently when found in a patient with
high scores on all other tests, than when found in a patient with low
scores on all tests.

The second disadvantage is an increased number of times that a
patient is incorrectly classified as cognitively impaired, i.e., that the
assessment indicates impairment, while the patient is in fact not cog-
nitively impaired. The aim is to keep the number of persons that are
mislabeled like this low. However, for each normative comparison,
there is a probability that this comparison will by chance indicate im-
pairment, which is called a false positive result. This is the case even
for a cognitively healthy person. With univariate normative compar-
isons, a comparison is performed for every neuropsychological test
score, and the probability of at least one false positive result for a
healthy person becomes larger and larger by chance when additional
normative comparisons continue to be made. For example, a healthy
person has a higher chance of a false positive result if this person is
given many opportunities, in tests of verbal memory, executive func-
tions, motor speed, attention, naming, and fluency. This risk is lower
if only a single test is administered. There is no good way of know-
ing for a new patient whether a finding of cognitive impairment is
incorrect or not, and if no steps are taken to control the number of
times that incorrect classifications are made, many healthy people
may inadvertently be labeled as cognitively impaired by univariate
comparisons (Binder, Iverson, & Brooks, 2009).

These disadvantages are not found in multivariate normative com-
parisons. First, multivariate normative comparisons analyze the en-
tire profile of test scores, similarly to how a clinician takes into ac-
count the whole profile of scores (Huizenga et al., 2007). This means
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that the analysis takes into account whether the patient’s profile of
scores is common in healthy participants. For example, the combina-
tion of a very high score on immediate recall of words and a low score
on an attention test is common among healthy people. The combina-
tion of a very high score on immediate recall of words and a low score
on recall of words after 30 minutes is something that is not observed
in healthy people. This profile of scores could indicate impairment of
memory storage.

Second, multivariate normative comparisons always provide a sin-
gle comparison. This means that if a profile of twenty-five test scores
is tested in a normative comparison, this entails a single comparison,
just like a profile of five test scores would. Because there is only a sin-
gle comparison, the probability of finding a false positive result, and
thus incorrectly classifying a cognitively healthy person as cognitively
impaired, is under control, no matter how many neuropsychological
test scores are entered into the comparison.

One problem for multivariate normative comparisons is that it re-
quires that the healthy people in the normative group have completed
multiple tests. Ideally, they would have completed all the same neu-
ropsychological tests that the patient completes in the assessment.
This type of normative data is not available. Therefore, one of the
goals of the ANDI project and this thesis is to provide normative
data from healthy participants who have completed multiple tests, in
order to facilitate the implementation of multivariate normative com-
parisons.

1.1.3 Demographic corrections

Another important aspect where normative comparisons can be im-
proved is the area of demographic corrections. When evaluating a
patient’s scores for the presence of a cognitive impairment due to a
disorder, the cognitive impairment is best detected when the healthy
participants in the normative group are similar to the patient in char-
acteristics unrelated to the disorder. What this means is that a neu-
ropsychological assessment for a 72-year-old patient is most reliable
when we compare his or her scores to those obtained by healthy 72-
year-olds. Such corrections are commonly performed for age. How-
ever, level of education also predicts cognitive test scores. Therefore,
we ideally compare test scores from patients with low education to
those obtained by healthy people with low education, to increase sen-
sitivity. Sex generally plays a smaller role, but there may be a small
increase in sensitivity if male patients are compared to healthy men,
and female patients are compared to healthy women (Lezak et al.,
2012). Which demographic variables to correct for depends on the
type of test used (de Vent, Agelink van Rentergem, Murre, ANDI
Consortium, & Huizenga, 2016a, this thesis).
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The available normative data for neuropsychological tests rarely
allow demographic correction for age, sex, and level of education. In-
stead, normative data may be available for different ages, but not for
different levels of education and sexes. Also, because demographic
corrections require many different participants, data may not be avail-
able for individual ages. This means that, for example, a 72-year-old
patient has to be compared to a group of 70 to 8o-year-olds, which
decreases sensitivity (Testa, Winicki, Pearlson, Gordon, & Schretlen,
2009). Therefore, one of the goals of the ANDI project and this thesis
is to provide normative data from large numbers of healthy partic-
ipants who have completed neuropsychological tests and for whom
age, sex, and level of education is known, in order to facilitate more
precise demographic corrections.

1.1.4 Online availability

A third major theme of this thesis and the ANDI project is using
internet-based technology to aid clinical neuropsychology.

Normative comparisons for a single test that are corrected for age
are typically performed by looking up the patient’s score in a printed
table of age bins and scores. Scores for different ages, sexes, and lev-
els of education become more difficult to tabulate and to look up.
The same is true for multivariate normative comparisons: Multivari-
ate normative comparisons cannot be easily performed with printed
tables, as there are many dimensions if there are multiple tests in-
volved. One solution is to no longer look up the results by hand, but
to let computers calculate the results (Miller & Barr, 2017). Therefore,
one goal of the ANDI project is to build a website on which clinicians
can perform normative comparisons of their patient data. This allows
clinicians to use these statistically sophisticated techniques anywhere,
and allows us to update the procedures as new data and methods be-
come available.

Another advantage of using the internet is that it becomes easy
to share information with a large number of clinicians and scientists.
The normative comparison procedures described in this thesis are in
principle not restricted to the field of clinical neuropsychology. There-
fore, one could take the software and apply it in other fields of psy-
chology or in other disciplines, such as medicine. To facilitate this,
the computer code for the methods developed in this thesis and that
are used in the ANDI project are freely available online. A second
advantage of sharing the code of the ANDI project is transparency
(Poldrack & Gorgolewski, 2014). This means that the implementation
of the methods described in this thesis are also available to any user
or programmer who wants to review and criticize the method (Nosek
et al., 2015).
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1.2 OVERVIEW OF THIS THESIS

In the second chapter, a method is described for establishing a norma-
tive dataset that fits the goals outlined above. This method is based on
the combination of data from healthy people who have already taken
part in research, for example as a participant in a control group in
a clinical study, or as a participant in an epidemiological community
study. By combining data from multiple studies, it becomes possible
to obtain large numbers of participants, who are demographically di-
verse, and have completed many different tests. This chapter explains
standardized procedures for removing outlying values, determining
what demographic variables to use in corrections, and finding ap-
propriate transformations that facilitate normative comparisons. Also,
this chapter describes how these methods have been applied to data
that were generously donated by the ANDI consortium, to form the
ANDI database. A description of the contents of the ANDI database
is also given.

In the third chapter, multivariate normative comparisons are de-
scribed, and are extended to include demographic corrections. Also,
it is explained how an aggregate database like the one described in
chapter two can be used for normative comparisons. An aggregate
database is different from standard normative datasets in that there
may be differences between contributing studies in how participants
perform. In this chapter, a multivariate multilevel regression model
is introduced that resolves this issue. A second advantage of this
model is that it can be fitted even when many data are missing. Miss-
ing data are very common in aggregate data, as some test variables
may be completely absent from a particular study. In a simulation
study, the appropriateness of the multivariate multilevel regression
method is demonstrated. With this method, multivariate normative
comparisons with demographic corrections can be made for the most
common tests. Another issue related to missing data in aggregate
databases, i.e. missing overlap, is left unsolved in this chapter. This
issue is addressed in the next chapter.

In the fourth chapter, the method of the previous chapter is ex-
tended to solve the issue of missing overlap. If there are two tests
that have not been administered together in any of the studies, there
is no overlap between the two variables, and it becomes difficult to es-
timate a multivariate model. This situation would arise with tests that
are less commonly administered, as it is more likely that these tests
have not been administered together in any of the studies that are
included in the aggregate database. Therefore, this prevents the inclu-
sion of less commonly administered tests in the multivariate norma-
tive comparison. Two solutions are tested in this chapter, using either
a multiple imputation or a factor model approach. This chapter ends
with the recommendation that the problem of missing overlap can
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best be resolved using a factor model, but only if the factor model is
an appropriate description for the included tests. Therefore, the goal
of the next chapter is to find an appropriate factor model.

In the fifth chapter, different factor models for neuropsychological
tests are compared. These models have been formulated in the litera-
ture, and make different distinctions in which test variables measure
the same cognitive function. Some models are complex and contain
many different cognitive functions, while others are simpler. In this
chapter, a factor meta-analysis (Cheung & Chan, 2005) is performed.
In this analysis, factor models are fitted to a correlation matrix that is
pooled across multiple studies conducted worldwide. From this anal-
ysis, a single best fitting model is identified. Next, factor models are
fitted to data from the ANDI database. Again, the best fitting factor
model is identified. Together with the method described in the fourth
chapter, this factor model allows for multivariate normative compar-
isons with more tests than was possible with the method from the
third chapter.

In the sixth chapter, multivariate normative comparisons using ANDI
are applied to address a clinical research question. The goal of this
study is to classify patients with Parkinson’s disease as either cog-
nitively impaired or not, since impairment at an early stage of the
disease is known to predict later development of Parkinson’s disease
dementia. With follow-up data that were gathered after three and
five years, the performance in the prediction of dementia of the nor-
mative comparison procedure described in this thesis is compared to
the performance of previously used methods. This thus provides an
empirical test of the methods developed in this thesis.

In the seventh chapter, univariate normative comparisons using an
aggregate database are discussed. As mentioned before, univariate
comparisons can lead to incorrect classifications of cognitive impair-
ment when many different comparisons are performed for different
test variables. Therefore, if there is a scenario in which individual
test scores are of interest rather than profiles of scores, there needs to
be some kind of correction for false positives. In this chapter, several
corrections that are described in the literature are discussed, and it
is shown how they might be applied with an aggregate normative
database. A new method is developed especially for this purpose.

In the eighth chapter, results of the previous chapters are summa-
rized, and limitations and potential solutions are discussed. Possible
extensions of the methods and the database, and possible applica-
tions outside the current scope of the ANDI project are discussed.
The thesis ends with a consideration of how the ANDI project relates
to recent developments in psychology.
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ADVANCED NEUROPSYCHOLOGICAL
DIAGNOSTICS INFRASTRUCTURE (ANDI): A
NORMATIVE DATABASE CREATED FROM
CONTROL DATASETS

2.1 ABSTRACT

In the Advanced Neuropsychological Diagnostics Infrastructure (ANDI),
datasets of several research groups are combined into a single database,
containing scores on neuropsychological tests from healthy partici-
pants. For most popular neuropsychological tests the quantity and
range of these data surpasses that of traditional normative data, thereby
enabling more accurate neuropsychological assessment. Because of
the unique structure of the database, it facilitates normative compar-
ison methods that were not feasible before, in particular those in
which entire profiles of scores are evaluated. In this article, we de-
scribe the steps that were necessary to combine the separate datasets
into a single database. These steps involve matching variables from
multiple datasets, removing outlying values, determining the influ-
ence of demographic variables, and finding appropriate transforma-
tions to normality. Also, a brief description of the current contents of
the ANDI database is given.

2.2 INTRODUCTION

An important element of neuropsychological practice is to determine
whether a patient who presents with cognitive complaints has abnor-
mal scores on neuropsychological tests. In the diagnostic process, a
number of neuropsychological tests are administered and the test re-
sults of the patient are compared to a normative sample, that is, a
group of healthy individuals which resemble the patient in character-
istics unrelated to the suspected disease or trauma. In this manner,
a clinician can determine whether the patient’s test scores should be
interpreted as abnormal, and whether or not the patient may have a
disorder.

Traditionally, scores are compared to normative data published in
the manuals of the neuropsychological tests. However, there are a
number of limitations associated with this approach. First, normative

Published as: de Vent, N. R.*, Agelink van Rentergem, J. A.*, Schmand, B. A., Murre,
J. M. J., ANDI Consortium & Huizenga, H. M. (2016). Advanced Neuropsycholog-
ical Diagnostics Infrastructure (ANDI): A normative database created from control
datasets. Frontiers in Psychology, 7(1601), 1-10.
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data of neuropsychological tests might have become outdated and
no longer represent the patients we see today (Strauss et al., 2006).
Second, many published tests lack norms for the very old popula-
tion (8o+; Whittle et al., 2007}. Third, some tests do not come with
norms at all, and clinicians have to make do with norms from other
countries or with norms they themselves have gathered (Crawford
& Garthwaite, 2002). Fourth, normative scores from test manuals are
often only corrected for age but not for other demographic variables,
such as level of education or sex (Lezak et al., 2012). Fifth, normative
data are typically collected for one test at a time, as part of its con-
struction and standardization process. As a result, mostly univariate
but not multivariate data are available. Recent studies have shown
that multivariate normative comparison methods are more sensitive
to deviating profiles of test scores than multiple univariate analyses
(Crawford & Garthwaite, 2002; Huizenga et al., 2007; Smeding, Speel-
man, Huizenga, Schuurman, & Schmand, 2011; Schmand, de Bruin,
de Gans, & van de Beek, 2010; Castelli et al., 2010; Valdés-Sosa et al.,
2011; Gonzédlez-Redondo et al., 2012; Broeders et al., 2013; Cohen et
al., 2014; Su et al., 2015). Moreover, new univariate methods for nor-
mative comparisons, that use a resampling technique, require mul-
tivariate normative data as well (Huizenga, Agelink van Rentergem,
Grasman, Muslimovic, & Schmand, 2016).

Because of the limitations outlined above, we started the Advanced
Neuropsychological Diagnostic Infrastructure project (www.andi.nl?).
Our goal was to overcome these limitations by creating a large database
from a demographically diverse group of healthy participants who
completed several neuropsychological tests. This database will be ac-
companied by an interactive website where clinicians and researchers
can upload their patients’ scores. Interactive software on the web-
site compares the patients’ scores to demographically corrected norm
scores from the database using advanced multivariate and univariate
methods (Huizenga et al.,, 2007; Huizenga et al., 2016). The ANDI
database and accompanying website will simplify normative compar-
isons, and will provide more sensitive and specific normative com-
parisons.

In this article, we describe the step-by-step procedure of the ANDI
normative database construction, so that the procedure can be repli-
cated in other countries and in other fields of study that also rely
on normative comparisons, such as clinical psychology or personnel
psychology. We also describe current contents of the ANDI database.
Finally, we address the advantages and potential limitations of the
ANDI database in comparison to other normative data.

We illustrate these steps using Rey’s Auditory Verbal Learning Test
(AVLT; Rey, 1958), an internationally well-known test. It is one of the

To avoid confusion: this project is not related to ADNI, which stands for Alzheimer’s
Disease Neuroimaging Initiative
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tests that are also included in the ANDI database. The AVLT mea-
sures memory and learning (Lezak et al., 2012; Strauss et al., 2006).
In its simplest form participants are presented with a list of 15 nouns,
which they are asked to reproduce immediately (in any order). This
is repeated five times. Twenty minutes after the five learning trials,
there is a delayed recall condition in which participants are asked
again which words they remember. Finally, there is a multiple choice
recognition condition.

2.3 CONSTRUCTION OF THE ANDI DATABASE

11

For every neuropsychological test variable included in the ANDI database,

a standardized automatized stepwise procedure was followed. A flow
chart summarizing all steps can be found in Figure 1. In the following
paragraphs, we explain the rationale for the steps and how they were
applied.

2.3.1  Gathering data

The first step was to collect a large amount of normative data on
neuropsychological tests. In cooperation with a group of researchers,
the "ANDI consortium’ (see www.andi.nl for a list of members) was
created. The consortium members donated data of healthy control
subjects, which they had collected in predominantly clinical research
projects. All studies were approved by local ethics committees. All
participants had sufficient knowledge of the Dutch language to com-
plete the tests. All data were anonymized and could not be traced
back to individual participants.

Example: Data on the (Rey) Auditory Verbal Learning Test (AVLT)
from 32 research projects were donated, yielding data from a total of
5121 participants.

2.3.2 Integrating data

We created separate files for all neuropsychological tests. Each file
contained multiple test variables. Also, the demographic variables
age, sex, and level of education, were included for each participant.
Only cases with scores on all three demographic variables were in-
cluded. For each study a unique study identifier was added.

Example: One file for the AVLT was created. In this file data from
all test variables were collected. Thus the variable AVLT-1 contained
all data on the first trial of the AVLT, the variable AVLT-2 contained
data on trial 2, and so on.
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] [E:memenutllers] [ Integrating data ] [Gatheringllntu]

Model selection

[

The ANDI cansortium donated data of
neuropsychological tests

Omne data file per newropsychological test was

created and the data from the consortium was
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Figure 2.1: Flow chart describing all steps of the database construction.
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2.3.3 Removing impossible scores

After merging the data, we checked whether all scores were valid. In-
valid scores might be coding errors, or deviant scores observed only
in patients with severe pathology. If such invalid scores would not
be removed from the database, the variance in scores would be over-
estimated, which would cause a diminished sensitivity to detect im-
pairments. However, we also wanted the database to be an accurate
representation of variability in the healthy population. This implied
that the removal criteria should not too strict.

First, we removed the most extreme values. These were scores that
were either due to an administrative error or could not come from
a healthy participant. For every variable of each neuropsychological
test, upper and lower ‘extreme borders” were defined. The upper bor-
der was set at the maximum possible score. This removed administra-
tive errors. The lower border was set at the worst score a participant
can obtain while still deemed cognitively healthy. To this end, we se-
lected the raw score corresponding to the lowest published percentile
of the worst performing normative sample. The exact percentile de-
pended on the resolution of the published norm table, but generally
a score corresponding to the first percentile was selected. Thus, for a
test that has declining scores with increasing age, the raw score that
was obtained from the lowest percentile of the oldest participants was
defined as the lower extreme border.

If no information from manuals was available, which fortunately
was the case for a small number of tests, we asked members of the
ANDI consortium to provide acceptable borders. On average 0.48%
of scores were removed for the 183 variables. All extreme borders can
be found in the ANDI background documentation (www.andi.nl).

Example: The upper border of the AVLT delayed recall is 15. Scores
above 15 are impossible and thus were removed. The lower border
of AVLT delayed recall was set at 3 after consulting the consortium.
Even for the worst performing of the cognitively healthy participants,
a score lower than three words was not expected. Such extreme scores
could indicate pathology or a typing error, and therefore should be
removed. A total of 217 AVLT delayed recall scores (4.5%) fell below
the lower extreme border and were removed. No scores exceeded the
upper extreme border.

2.3.4 Model selection

Next, we used a regression approach to remove demographically cor-
rected outliers. Because a person’s neuropsychological test scores de-
pend to some extent on his or her demographic characteristics, not
all outlying scores can be found by defining a single criterion value
for all scores. For example, scores that are abnormal in young partic-

13
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ipants may not at all be abnormal in healthy elderly. To define these
outliers we, therefore, first wanted to partial out the effects of age,
sex, and level of education.

Because the data came from multiple studies, the scores are not
strictly independent. For example, some studies may give higher com-
pensation to their participants and these may, therefore, show better
scores due to higher motivation. As a second example, some stud-
ies may use more stringent exclusion criteria than other studies, and
therefore may show higher scores due to the stricter selection of par-
ticipants. We took variability between studies into account while esti-
mating the effect of age, sex, and level of education using a multilevel
regression approach® (Curran & Hussong, 2009).

The demographic variables were age in years, sex, and level of edu-
cation. Level of education was coded on a seven-point scale, which is
commonly used in the Netherlands (Verhage, 1964). This scale is simi-
lar to UNESCOQ’s ISCED scale (UNESCO, 2012) on which 1 stands for
'no education” and 7 stands for ‘university degree’. Although this is
an ordinal scale, we treated it as an interval scale and estimated the
linear effect of education in order to avoid estimating separate param-
eters for all levels of education. To determine which effects to include,
we first made a selection on the basis of how much demographic in-
formation was available, and second, a selection on the basis of which
effects were statistically important enough to include in the model.
These two selection steps are discussed in more detail below.

PART 1: SELECTION OF EFFECTS BASED ON AVAILABILITY OF DE-
MOGRAPHIC DATA. To estimate the effects of demographic vari-
ables, a reasonable range of values on these variables is necessary.
However, the range of values was narrow for some variables in the
donated data. For example, for some tests only scores from higher ed-
ucated people were available, which implied that the education effect
for these tests could not be estimated.

To find out which effects could plausibly be estimated, we tabu-
lated age, sex and level of education. If the median number of par-
ticipants in each cell was lower than 5, we considered this too sparse
to estimate the corresponding effect. Because age is continuous, we
temporarily created age categories, namely individuals younger than
55, aged between 55 and 75 years, and 75+.

Example: In Table 1, an example of this tabulation is given for the
AVLT - delayed recall. The effect of sex is estimable, as the minimum
cell count across sexes is 2249. The effect of age is considered es-
timable, as the median cell count across age categories is 1120. Sim-
ilarly, the effect of education is considered estimable, as the median
cell count across education categories is 335.

2 For variables with data from only one study, a single level regression model was

fitted.
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Table 2.1: Tabulation of Number of Participants by Sex, Age categories, and Level of
Education for the AVLT-Delayed Recall Variable. If the Median (or Minimum
in the Case of Sex) Criterion is Not Met for an Effect, this Effect Cannot be
Included in the Model.

Sex, N per category Age, N per category  Level of education, N per category

2249 (Men) 993 (Younger than 55) 17 (1)
2349 (Women) 2485 (55-75 year-olds) 323 (2)
Minimum: 2249 1120 (Older than 75) 119 (3)
Median: 1120 938 ()
1755 (5)
1111 (6)
335 (7)
Median: 335

PART 2: STATISTICAL SELECTION OF EFFECTS TO BE INCLUDED
IN THE MODEL. Even if there are sufficient observations to esti-
mate the effect of a demographic variable, it does not necessarily im-
ply that the variable has an effect on the test scores. To determine
which effects to include in a regression model, we used a backward
selection procedure, removing effects if removal resulted in a lower
Akaike Information Criterion (AIC; Cohen, Cohen, West, & Aiken,
2003).

Figure 2 shows the proportions of variables for which effects were
included. As can be seen in Figure 2, there were sufficient data to
estimate a sex effect for all variables, but in half of the cases, sex was
found not to be predictive. Education and age effects were frequently
included, if enough data were available to estimate them. The model
that was selected for each variable can be found in the ANDI back-
ground documentation (www.andi.nl).

Example: For the AVLT-delayed recall the best model included all
three effects.

2.3.5 Removing demographically corrected outliers

After fitting and selecting the appropriate models to correct for de-
mographic characteristics, we used the residuals rather than the raw
scores to decide whether scores were abnormal. These residuals rep-
resent the distance of the observed scores from the scores that are
expected on the basis of the demographic characteristics. A common
criterion for outlying values is three standard deviations from the
mean. However, a few outlying scores can increase the standard de-
viations considerably. Therefore, we used the median absolute devi-
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Figure 2.2: Proportion of variables for which the demographic effects were in-

cluded in the models. In dark gray, effects that could be included after
accounting for sample size constraints. In light gray, effects that were
included after using the Akaike Information Criterion (AIC) to select
effects.

ation from the median (MAD; Leys, Ley, Klein, Bernard, & Licata,
2013), which is more robust to outliers than the standard deviation.
As a cutoff criterion, we used 3.5 MAD rather than the more common
three standard deviations, as we intended to include as much as pos-
sible of the distribution of normal scores. On average 0.53% of scores
were removed for the 183 variables.

Example: For the AVLT-delayed recall, no scores exceeded the 3.5
MAD cut off criterion.

NOTE ON THE REMOVAL PROCEDURE. If a participant’s score on a
test is outlying, one might either remove only this score, remove all of
the participant’s scores on this test, or remove all of the participant’s
scores on all tests. We opted for the first possibility, because removing
scores on more variables than just the outlying one implies that we
can identify the participant’s cognitive functioning as the cause of the
outlying value, which we cannot. The source may just as well be an
administrative error.

2.3.6  Normality

The primary aim of the ANDI database is to facilitate normative com-
parisons. In both univariate and multivariate normative comparison
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methods, normality of the dependent variables is usually assumed
(Crawford & Howell, 1998; Huizenga et al., 2007). Not all neuropsy-
chological test scores, however, are normally distributed. This may be
due to effects of demographic variables. For example, if young partici-
pants’ scores are normally distributed with a low mean reaction time,
and if old participants’ scores are normally distributed with a high
mean reaction time, then the raw scores for both groups combined
may be bimodal. However, if the effect of age is partialled out in a
regression analysis, and if the residual scores of this regression analy-
sis are used instead of raw scores, such non-normality is no longer an
issue. However, residual scores may still be non-normal. For example,
some tests show a ceiling effect regardless of the demographic vari-
ables. In those cases, a normalizing transformation is recommended
to meet the assumption of normality (Crawford, Garthwaite, Azzalini,
Howell, & Laws, 2006)}.

Scores are often transformed to normality (Jacqmin-Gadda, Sibil-
lot, Proust, Molina, & Thiébaut, 2007) using transformations such as
the square root or the reciprocal. These can both be written as power
transformations, raising to the power of 0.5 and -1, respectively. Al-
though these transformations are frequently used, they do not nec-
essarily lead to the best approximation of normality. Therefore, we
used the Box-Cox procedure (Box & Cox, 1964; Sakia, 1992) to find
the best power transformation. For example, the procedure may find
that the best transformation is raising to the power 0.563. The Box-
Cox procedure requires a large dataset, which is not often available
in neuropsychology (Crawford et al., 2006). Fortunately, the size of
the ANDI database allows this Box-Cox procedure.

Because in ANDI, patients will be compared to demographically
corrected norms, we wanted the residuals (i.e., scores corrected for
the effects of demographic variables) to be normally distributed. The
algorithm therefore searches among several power transformations
of the raw data (e.g. 0.506, 0.507, 0.508 etc.), and selects the power
transformation resulting in the best approximation to normally dis-
tributed residuals. The power transformation that was selected for
each variable can be found in the ANDI background documentation
(www.andi.nl).

The Box-Cox procedure is highly flexible, but our application re-
quired a few adjustments. First, all scores have to be larger than
o. Therefore, if there were scores that were either negative or o, a
constant was added (e.g. if the greatest negative value was -5 we
added the constant 5.001) to make all scores positive. Second, if the
best power transformation turned out to be negative, raising the raw
scores to this power flipped the order of values, i.e. the worst scores
became the best and vice versa. To reverse this change of ordering,
these transformed values were multiplied by -1 to restore their orig-
inal order. Third, we included study as a predictor in the regression
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model, because we wanted the residuals to be normal within every
study instead of normal over studies. Fourth, power transformations
may result in tiny or huge values, which may be difficult to interpret.
Therefore, we first Box-Cox transformed all scores, and then standard-
ized all these transformed scores to the familiar z-scale with mean
o and standard deviation 1. Finally, all standardized transformed z-
scores were merged into a single dataset to create the final ANDI
database.

Example: For AVLT-delayed recall, the best Box-Cox power trans-
formation was o.75, implying that when raw scores on AVLT-delayed
recall were raised by the power o0.75, the residuals were as normally
distributed as possible. In Figure 3 and 4, it can be seen that the resid-
uals were somewhat skewed before transformation and were neatly
normally distributed after transformation.

When a patient’s scores are compared to the scores in the database,
the patient’s scores are automatically transformed by the ANDI web-
site’s software using the same procedure.

2.3.7 Model evaluation

FIT TO DATA After outlier removal, transformation, and standard-
ization, the (multilevel) regression models were fitted again. This
was done to get parameter estimates on the new standardized trans-
formed scale. To evaluate whether the model fitted the raw data
well, predictions from the model had to be destandardized and trans-
formed back to the original scale. These back-transformed model pre-
dictions were plotted together with the raw data for visual inspection
of model fit.

Example: In Figure 5, the raw scores on the AVLT delayed recall
variable are plotted as a function of age, sex, and level of education.
All raw scores lie between 3 and 15, as extreme outliers have been
removed. There are many data points for education levels 2 through
7, but relatively few for education level 1 . All effects were included
in the model. This can be observed in Figure 5. The effect of age
indicates that scores decrease as participants get older. It can also be
observed that men do slightly worse than women, and that scores
increase with level of education.

In Figure 6, between and within study variance is plotted for the
variables originating from multiple studies. It can be seen that be-
tween study variance exists for most of the variables, although be-
tween study variance was generally lower than within study variance.

2.4 CONTENTS OF ANDI

ANDI currently contains data of 26,635 healthy participants on 43
neuropsychological tests from different cognitive domains. As an ex-
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Figure 2.6: Partitioning of total residual variance for variables that were ad-
ministered in multiple studies. Dark gray portions of the bars
are the residual variance due to between study differences. Light
gray portions of the bars are the residual variance due to within
study/between participant differences.

ample, Table 2 lists a selection of variables currently included in the
database (the complete list is available on www.andi.nl).

2.5 DISCUSSION

We described the steps to prepare the ANDI database for normative
comparisons in neuropsychology. First, data were gathered from the
ANDI consortium. Second, data from neuropsychological tests were
merged. Third, we removed scores that could not come from cog-
nitively healthy participants using extreme borders. Fourth, to de-
termine for which demographic effects to correct, we selected only
effects for which we had enough data and only included the effect
if this was necessary according to the AIC. Fifth, after a model had
been defined, we removed scores that were outlying after correction
for demographic characteristics. We did this by removing scores that
differed more than 3.5 MAD from the median. Sixth, because norma-
tive comparison procedures assume normality of score distributions,
we used the Box-Cox procedure to search for a power transforma-
tion that, when applied to the raw data, optimally normalized the
residuals after the demographic correction. These steps were applied
for every variable of every neuropsychological test included in the
database.

21
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Table 2.2: Example Variables per Neuropsychological Test.

Example variable N studies Nin ANDI Agerange % Men Education range
Executive functions

Letter Fluency (3 letters) 23 2897 17-97 48 1-7
Semantic Fluency (animals) 27 5783 17-96 40 1-7
BADS (Zoo map total) 6 398 17-86 43 1-7
Attention and Working Memory

Trail Making Test A 37 3320 8-97 47 1-7
Trail Making Test B 37 3254 8-97 47 1-7
Stroop (Word in seconds) 30 2147 16-91 43 1-7
Stroop (CW Interference in seconds) 30 2132 16-91 43 1-7
Visuospatial

Judgment of Line Orientation (raw score) 1 69 40-80 54 3-7
Memory

RAVLT (delayed recall) 29 4598 14-97 49 1-7
RBMT (prose 1 delayed recall) 8 396 17-89 44 1-7
RCEFT (delayed recall) 5 502 17-86 48 1-7
WALIS III Coding 9 1734 15-92 49 1-7
Language

Boston Naming Test (long version) 5 400 17-89 40 1-7
Intelligence

Dutch Adult Reading Test (raw score) 26 2171 16-96 42 1-7
Raven CPM (A+B) 2 4020 55-94 48 1-7




2.5 DISCUSSION

2.5.1 Benefits of the ANDI database

The ANDI database and infrastructure offer a number of advantages
over existing normative data published in test manuals.

MORE APPROPRIATE NORMS  First, the ANDI normative data have
been gathered roughly in the past 20 years which make them more
applicable than data that have been gathered longer ago. Because the
database is internet-based, and because the ANDI construction pro-
cedure is highly automatized, it will be possible to keep the norms
up-to-date by regularly adding new data and rerunning the ANDI
construction procedure. Second, the ANDI database contains a con-
siderable amount of data for old (8o+) participants, making norma-
tive comparisons for this group also feasible. Third, because the data
have been donated by universities and hospitals in the Netherlands
and Flemish Belgium, all norms come from a population similar to
patients in these countries. Fourth, scores in ANDI are corrected for
the effects of age, sex, and level of education. This is an improvement
over many published normative data which are typically corrected
for age only. Fifth, in many traditional norms, age is not treated as
a continuous variable, but is divided into arbitrary age categories.
This implies that when one shifts from one age category to the next,
the interpretation of the test score may change abruptly. Because in
our regression approach age is treated as a continuous variable, such
leaps between groups do not occur (Testa et al., 2009). Sixth, for many
test variables, the ANDI norms are based on large numbers of partici-
pants (e.g., thousands) making them more precise than many existing
neuropsychological norms.

NORMATIVE COMPARISONS WITH MULTIVARIATE DATA  Another
unique aspect of ANDI as a normative database is that many par-
ticipants in the database have completed multiple tests. This allows

multivariate normative comparisons, which have increased sensitivity

to detect cognitive impairment (Huizenga et al., 2007). Multivariate

norms are currently often lacking so that multivariate normative com-
parisons cannot be broadly applied in clinical practice. Likewise, mul-
tiple testing corrections for univariate normative comparisons which

also require multivariate normative data (Huizenga et al., 2016), and

normative comparisons that compare differences between test scores

within one patient (Crawford & Garthwaite, 2002), become feasible.
With the ANDI database and the accompanying website, such com-
parisons can be routinely applied.

EXPORTABLE INFRASTRUCTURE The software of the ANDI infras-
tructure will be freely available for researchers to be applied to other
data sets. If researchers collect their own control datasets, the highly
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automatized procedure for merging, standardization and correction
of the scores described here could be carried out (all code is pro-
vided on https://github.com/JAvRZ/andi-dataprocessing). In this
way, versions in other countries and other fields of study (such as
clinical psychology or medicine) can be set up.

2.5.2  Potential limitations of the ANDI database

It is important to mention potential limitations of the ANDI database.
First, ideally a normative database is based on a random sample. Al-
though some included studies indeed sampled randomly from the
population, others used convenience samples, e.g. they used family
members of patients as controls. However, note that the effects of age,
sex and level of education were included in the models, thereby re-
moving potential confounding effects of convenience sampling. Sec-
ond, the sample should ideally be from a cognitively healthy pop-
ulation. Indeed, some donated studies assured that pathology was
absent in the control sample, however others used more lenient inclu-
sion criteria. We tried to mediate this problem by excluding impossi-
ble and outlying scores.

2.5.3 Concluding remark

Although our primary goal is to make a contribution to neuropsy-
chological assessment, we also strive for broader applications. The
highly automatized ANDI construction procedure software is freely
available, allowing others to build their own diagnostic infrastructure.
Creating such database-supported infrastructures can be an impor-
tant innovation in healthcare and health research as it may provide
better norms and more advanced diagnostic procedures. In research
projects, it may replace collecting data from control subjects if the con-
trol data can be obtained from the database. This shows once more
that data sharing has great potential. Newly created databases —like
ANDI- provide valuable new resources while not putting any addi-
tional burden on healthy controls.



MULTIVARIATE NORMATIVE COMPARISONS
USING AN AGGREGATED DATABASE

3.1 ABSTRACT

In multivariate normative comparisons, a patient’s profile of test scores
is compared to those in a normative sample. Recently, it has been

shown that these multivariate normative comparisons enhance the

sensitivity of neuropsychological assessment. However, multivariate

normative comparisons require multivariate normative data, which

are often unavailable. In this paper, we show how a multivariate

normative database can be constructed by combining healthy control

group data from published neuropsychological studies. We show that

three issues should be addressed to construct a multivariate norma-
tive database. First, the database may have a multilevel structure, with

participants nested within studies. Second, not all tests are adminis-
tered in every study, so many data may be missing. Third, a patient

should be compared to controls of similar age, sex, and educational

background rather than to the entire normative sample. To address

these issues, we propose a multilevel approach for multivariate nor-
mative comparisons that accounts for missing data and includes co-
variates for age, sex, and educational background. Simulations show

that this approach controls the number of false positives and has high

sensitivity to detect genuine deviations from the norm. An empirical

example is provided. Implications for other domains than neuropsy-
chology are also discussed. To facilitate broader adoption of these

methods, we provide code implementing the entire analysis in the

open source software package R.

3.2 INTRODUCTION

In neuropsychological assessments, a battery of tests is administered
to a patient to determine whether his or her cognitive functions are
impaired (Lezak et al., 2012; Strauss et al., 2006). Tests within these
batteries are designed to assess the patient’s memory, attention, lan-
guage capacities or other functions. To interpret the patient’s scores,
these scores have to be compared to the distribution of test scores in
healthy controls. Such a comparison is called a normative comparison.
A clinical neuropsychologist may use one standard deviation below

Published as: Agelink van Rentergem, J. A., Murre, ]. M. J., & Huizenga, H. M. (2017).
Multivariate normative comparisons using an aggregated database. PLoS ONE, 12,
1-18.
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the mean as a criterion for impairment (Brooks, Iverson, & White,
2009). When a patient’s test scores are found to be below normal,
this helps the neuropsychologist characterize the patient’s cognitive
deficit, and may guide differential diagnosis and treatment.

In neuropsychological research, normative comparisons can be used
in a similar way. For example, if a patient and a control group are
studied, normative comparisons can be made for each patient in the
patient group, with the distribution of test scores in the control group
as the reference. In this manner, new variables can be constructed
that index whether patients deviate from the norm or not. Such in-
dices may for example be used to assess whether a new treatment, as
compared to a waiting list condition, reduces the number of patients
who deviate from the norm (Kraemer et al., 2003).

Normative comparisons are generally conducted for each test sep-
arately: The patient’s test score is compared to the distribution of test
scores for that specific test. This is the univariate approach to norma-
tive comparisons. An alternative approach is to compare the patient’s
profile of test scores to the multivariate distribution of test scores. This
is the multivariate approach to normative comparisons (Huba, 1985;
Crawford & Allan, 1994; Huizenga et al., 2007, Grasman, Huizenga,
& Geurts, 2010). Multivariate comparisons have been shown to be
more sensitive than univariate comparisons to detect deviations (Su
et al., 2015). For example, profiles of high scores on some tests and
low scores on other tests, or profiles with many scores that are only
a little below normal, are readily detected (Huizenga et al., 2007). An
additional advantage is that no correction for multiple comparisons
is required (Huizenga et al., 2016), because only a single mult