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Abstract

Recent data-sharing initiatives of clinical and preclinical Alzheimer’s disease (AD) have
led to a growing number of non-clinical researchers analyzing these datasets using
modern data-driven computational methods. Cognitive tests are key components of
such datasets, representing the principal clinical tool to establish phenotypes and
monitor symptomatic progression. Despite the potential of computational analyses in
complementing the clinical understanding of AD, the characteristics and multifacto-
rial nature of cognitive tests are often unfamiliar to computational researchers and
other non-specialist audiences. This perspective paper outlines core features, idiosyn-
crasies, and applications of cognitive test data. We report tests commonly featured
in data-sharing initiatives, highlight key considerations in their selection and analy-
sis, and provide suggestions to avoid risks of misinterpretation. Ultimately, the greater
transparency of cognitive measures will maximize insights offered in AD, particularly
regarding understanding the extent and basis of AD phenotypic heterogeneity.
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Moreover, they define clinical understanding of patients’ needs and
management, based on cognitive phenotype.

Longitudinal data collection and sharing initiatives represent a step
change for research into Alzheimer’s disease (AD) progression. Such
initiatives have enabled availability of multiple big datasets, which has
increasingly encouraged non-clinical researchers who are developing
innovative data-driven methods to study early detection and progres-
sion patterns of the disease.! Cognitive assessments comprise a key
component of these datasets. They are widely used in clinical practice,
and are considered a primary index for characterizing disease sever-

ity and clinical presentation, and a gateway for further investigations.?

The application and development of cognitive tests is a key aspect of
clinical research into improving diagnosis, characterization of samples
and longitudinal change, outcome measures including composite
scores,® and for validating potential AD biomarkers and data-driven
subtypes. Investigating how cognitive phenotype is associated with
genetic, demographic, and anatomical characteristics carries various
mechanistic implications for our understanding of AD. Salient ques-
tions include to what extent apolipoprotein E (APOE) genotype and

other factors influence the considerable phenotypic heterogeneity
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evident in AD,? ranging from typical memory-led AD to canonical atyp-
ical clinical phenotypes including visual-/spatial,* language-, motor-,
or executive-led presentations, and understanding factors associated
with cognitive resilience.

Big data collection initiatives offer an unparalleled opportunity to
advance these research areas. There are, however, frequent inconsis-
tencies and misconceptions in the use of neurocognitive data. Com-
mon methodological and analytical mistakes include overinterpreting
the correspondence between an individual test and a specific cognitive
domain or function,” inappropriate definition of “impairment” based on
normative data,® and underappreciation of test properties, such as sus-
ceptibility to practice, ceiling, and floor effects.” Compounding these
are the diversity of cognitive domains, AD presentation (typical, atypi-
cal) and progression (preclinical, prodromal, syndromic), the enormous
array of tests, and their properties and idiosyncrasies.

This position paper aims to present common pitfalls and promote
best practices for data-driven computational analyses of cognitive
measures to maximize their value in the global efforts to understand
and manage AD. We highlight key challenges and common pitfalls
through examples using cognitive tests commonly available in open

access AD datasets.

2 | BACKGROUND

2.1 | Cognitive testing

Cognitive tests are used near-ubiquitously to understand the impact of
neurodegenerative disease on patients.? Standardized cognitive tests
aim to measure impairment objectively, adjusting for demographic fac-
tors that could independently impact scores, minimizing use of subjec-
tive and self-reported measures, while being relatively cheap, widely
available for English-speaking countries, quick to administer, minimally
invasive, and with quantifiable reliability for their use in clinical work.
A complete assessment is typically composed of several tasks, each
intended to examine a broad function or domain, such as memory,
attention, executive function, language, and visuospatial processing.
Cognitive domains can also be conceptualized in the context of altered
function and/or structure of particular brain regions or networks. Addi-
tional information can come from behavioral observations and qualita-
tive evaluation. It is not possible to completely isolate measurements
for individual domains, as correspondence is limited between individ-
ual tests and cognitive function and impairment is multifactorial (eg,
poor memory might be attributable to impaired attention or visual pro-
cessing, rather than a primary memory deficit). In clinical practice it
is therefore vital that individual tests scores are always interpreted
within the context of an individual patient’s overall profile,2 rather than

inisolation.

2.2 | Data-collection initiatives

Various initiatives collect multicenter, multimodal, longitudinal data

on AD and other types of dementia. Examples are: Alzheimer’s Dis-

HIGHLIGHTS

*  Wider availability of Alzheimer’s disease shared
datasets has stimulated the development of data-driven
approaches to characterize disease progression.

* Cognitive tests are a key component of such datasets,
though their heterogeneous and multifactorial character-
istics challenge their deployment in data-driven computa-
tional models.

*  We summarize fundamental properties of cognitive
assessments and considerations for informed handling of
cognitive data to promote valid analysis and interpretation

by non-specialist researchers.

RESEARCH IN CONTEXT

1. Systematic review: Increased availability of large
biomarker datasets from studies of Alzheimer’s disease
(AD) has stimulated analytic approaches to understand
its characteristics and progression. Cognitive tests
both feature in such datasets and are near-ubiquitous
in clinical practice to assess the nature and extent of
impairment. The authors reviewed the literature using
traditional sources, citing recent relevant reviews (eg, on
practice effects, composite scores).

2. Interpretation: The heterogeneous and multifactorial
nature of cognitive tests offers particular challenges to
their analysis by non-specialist researchers. We summa-
rize fundamental properties (such as practice/learning
effects, cognitive domain specificity, and test-function
correspondence) to promote best practice for analyses
involving cognitive test scores using statistical and com-
putational approaches.

3. Future directions: Informed handling of cognitive data
will promote more valid outcomes from analyses of large
AD datasets, including robust analytical innovations, bet-
ter study design, and evaluation of outcomes to benefit

people touched by AD and other dementias.

ease Neuroimaging Initiative (ADNI), Layton Aging & Alzheimer’s Dis-
ease Center (LAADC), and National Alzheimer’s Coordinating Center
(NACC). Other projects focus on specific populations or cohorts, such
as Vienna-Trans-Danube Aging study, and large biobank studies (eg, UK
Biobank).

One of the most prominent in AD research is ADNI. ADNI was
launched in 2004, as a longitudinal multicenter study funded by
20 companies (including pharma and non-profit organizations), and
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TABLE 1 Overview on three main AD data collection initiatives

Disease Monitoring

Number of

Name

ADNI (University of California, SF)

Short description

Since 2004, ADNI collects
longitudinal data from 58
sites in North America. The
aimis to identify early
biomarkers to support
diagnosis and treatment
development.

LAADC (Oregon Health and Sciences

University) Aging & Alzheimer’s
Disease Center, supported
by the National Institute
on Aging (NIA, NIH).
Emphasis on studying
preclinical and early
dementia

NACC (NIA-NIH) The National Alzheimer’s
Coordinating Center was
established in 1999 by 34
centres supported by U.S.
National Institute on

Aging/NIH.

participants

>3500

Dataset from the Layton 1026

35768

Type of data collected Cognitive tests

MMSE, ADAS-cog, MoCA,
CFT, Clock Drawing, LM-I,
LM-1I, BNT/MINT, RAVLT,
TMT A-B, ANART.

Clinical/cognitive
assessments,
medical/family history,
neuroimaging (MRI, PET),
biospecimen (plasma, CSF,
metabolomic, proteomic),
genetic (ApoE,
GWAS/WGS data),
neuropathology
(1285 attributes)

MMSE, CFT, BNT, LM-I,
LM-II, TMT A-B, Digit span,
Digit symbol, Stroop task,
CFL, WAIS Digit Span

Clinical, MRI, and genetic
data, as well as biological
specimens.

(486 attributes)

Clinical evaluations,
neuropathology, MRI. (187
attributes)

MoCA, LM-I, LM-Il, Benson
Complex Figure copy, Digit
Span, CFT, BCF recall,
MINT, VF phonemic, TMT
A-B.

ABBREVIATIONS: ADAS-cog, Alzheimer’s Disease Assessment Scale-cognitive; ADNI, Alzheimer’s Disease Neuroimaging Initiative; ANART, American
National Adult Reading Test; ApoE, apolipoprotein E; BNT, Boston Naming Test; CFT, Category Fluency Test; CSF, cerebrospinal fluid; GWAS, genome-wide
association study; LAADC, Layton Aging & Alzheimer’s Disease Center; LM, logical memory; MINT, multilingual gaming test; MMSE, Mini-Mental State Exam-
ination; MoCA, Montreal Cognitive Assessment; MRI, magnetic resonance imaging; NACC, National Alzheimer’s Coordinating Center; NIA, National Institute
on Aging; NIH, National Institutes of Health; PET, positron emission tomography; RAVLT, Rey Auditory Verbal Learning Test; TMT A/B, Trail Making Test A-B;
VF, Verbal Fluency; WAIS, Wechsler Adult Intelligence Scale; WGS, whole genome sequencing.

Note: Each includes > 1000 participants, and > 100 attributes, including cognitive tests.

other foundations, such as the National Institute on Aging (NIA), the
Foundation for the National Institutes of Health (FNIH), and the Food
and Drug Administration (FDA). The project aims to identify clinical,
biochemical, genetic, and imaging markers to guide early detection of
the disease and support treatment development, prediction of disease
progression, and trajectory. Participants meeting eligibility criteria are
recruited from various sites in North America.? Other initiatives tackle
similar challenges, and consequently collect similar data, with primary
differences being the focus of study, for example, clinical, radiological,
or biological.

We report on cognitive tests that are common among the pro-
tocols of the free access initiatives listed in Table 1. Building an
exhaustive picture of all the cognitive tests used in AD clinical
practice is outside the scope of this work, as it varies for each
clinical context, location, and purpose of assessment. However, we
report detailed information for measures and test batteries com-
monly featured in data-sharing initiatives (Tables S1-S6 in sup-
porting information), assessment description, subscales, and scoring
system.

2.3 | Contribution from data-driven methods

Analyses afforded by data-sharing initiatives may offer promise in
complementing aspects of current, often qualitative, clinical practice.
Data-driven models have been developed intending to identify pat-
terns from unlabeled data while requiring limited or no human input?
(for examples of discriminative, generative, and other generative
approaches, see Figure 1). One example relevant to AD is the event-
based model (EBM), which combines various disease biomarkers into
a quantitative signature of disease progression.! Data-driven meth-
ods have been used to identify subtypes or clusters in progression
trajectories,'0 or the fine-grain temporal evolution of the disease.!?
Examples of data-driven approaches include identifying cognitively
defined subgroups largely comprising typical, memory-led, and atyp-
ical clusters, and comparing demographic and biological factors and
prognosis between subgroups. Cognitive measures have been used
to characterize and validate data-driven subtypes identified through

10,12

structural imaging, partially predicated on well-documented

atypical exemplars of phenotypic heterogeneity, such as posterior
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i H T - 1
b. Test selection c. Quality Control & Standardisation d. Models and assumptions

Select relevant tests
(examples)

Define the research
question

Evaluate data quality &
appropriateness for question

Select appropriate model and
consider assumptions

Account for
standardisation/transformation

See Table 1 for example
AD data collection

Example questions

See relevant sections on scoring and characteristic effects

Discriminative models

regarding:

initiatives 3.2.1 Scoring issues

3.1.1 Measures for
screening, diagnosis, and o Missing data

Initial cognitive symptoms differential diagnosis

e Heterogeneity of scoring system
o Normative data and cut-off

e Supervised machine-learning
(ML), using labelled data to
discriminate between individuals
based on profile of progression
(e.g. from MCI to syndromic AD)
or disease status.

3.2.2 Characteristic effects
o Practice effect
e Floor/ceiling effect

Candidate examples:

Consider implications for the following:

e Unsupervised ML, emphasising

e Screening measures

e Neuropsychological
tests (Logical
Memory, TMT)

Longitudinal change

3.2.4)

3.1.2 Measures to
characterise AD

tracking progression
(MMSE, ADAS-COG,
MoCA)

(MMSE, MoCA, ACE) e Standardisation (e.g. z scores, scaled scores or percentile rank),
adjusted for demographic factors as appropriate o Deep learning methods, using

e Identifying sources of potential bias and misinterpretation (see
also confounding factors: atypical presentation: 3.1.3; comorbidity:

e Composite scores (3.2.3): candidate examples include
composites sensitive to early disease or longitudinal change, or
composites corresponding to particular cognitive domains

Particular cognitive progression e Missing data methodology

functions or domain e Revisiting test selection: measures and their subscales relevant o Models not including a structure
Candidate examples: to the research question may be available in a different battery between available biomarker data:
e Disease staging or e Assumptions of statistical/computational models

clustering and applicable to
unlabelled data.

multiple linear and non-linear
transformations to learn abstract
representations, supervised or
unsupervised.

Generative models

e.g. event-based and scalar
trajectory / differential equation
models.

3.1.3 Measures to
evaluate discrete
functions or domains

Candidate examples:

e Preferentially
language (Verbal
fluency)

e Visuospatial (Figure
drawing/copying)

e Executive (Stroop)

FIGURE 1

e Models for structured data/data
with a well-defined spatial
organisation: e.g. spatiotemporal,
network propagation and
dynamical systems models

Multilevel/mixed-effects models

e Class of models for data with
complex structures and
dependencies between
observations, including
clustered/longitudinal data. Allow
for effects to vary between units
(e.g. groups, participants)

Flowchart representing example (A) research questions and steps regarding (B) test selection, (C) quality control and

standardization, and (D) computational/statistical methods. Example research questions (A) correspond closely to test selection (B), while
subsequent processes outlined in steps C and D are broadly relevant across questions and tests. Example measures are reported in italics and
section headings underlined. Dashed arrows indicate revisiting steps, for example, revisiting test selection owing to missing data

cortical atrophy.*’ As with other statistical methods, models have dif-
ferent assumptions;” these may include the assumption of a common
disease trajectory across individuals and biomarker/test indepen-
dence, which may be violated by clinical heterogeneity (typical versus
atypical presentation) and dependency between tests and biomarkers,
respectively.

3 | PERSPECTIVES

Quantitative and qualitative methods are complementary for advanc-
ing our understanding of AD progression. However, quantitative
research must maintain clinical relevance, which requires some domain
knowledge that most data scientists do not have. This is particularly
important with cognitive test data, being one of the primary markers
used to track disease progression. In the following sections we present
key considerations for selecting tests for inclusion in data-driven mod-
elling studies and for avoiding common misinterpretations. Sections

are cross-referenced in Figure 1, outlining example research ques-

tions and processes regarding test selection, quality control and stan-
dardization, and computational/statistical methods. We outline recent
directions in cognitive assessment, and make suggestions for improving

these data resources.

3.1 | Considerations for test selection

Batteries of tests are generally rich and diverse, with correspondingly
diverse options for tests to select as either input to a model or for
validating a model. Taking into account the characteristics of different
tests can support best use and more accurate contribution to knowl-
edge (see Figure 1B). We focus on how different tests can be differen-
tially sensitive at various stages of the disease, and additional consid-
erations for tests particularly suited for certain analyses. Some tests
are more appropriate for detecting early cognitive impairment, while
others are more appropriate in assessing patients at intermediate/later
disease stages or longitudinal change. This might be due to task diffi-

culty, properties of tests, or composition of a test battery.
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3.1.1 | Measures for screening, diagnosis, and
differential diagnosis

Early diagnosis of AD continues to be a major challenge, requiring clin-
ical tools sensitive to the most subtle changes that might emerge in the
prodromal phase of AD, prior to clear impairment in everyday function-
ing. Commonly used screening measures include the Mini-Mental State
Examination® (MMSE), Montreal Cognitive Assessment (MoCA), and
Addenbrooke Cognitive Examination (ACE), though these should be
used as support to a comprehensive clinical assessment, being screen-
ing tools and not diagnostic instruments.’® The MoCA may outper-
form MMSE in detecting early changes due to the disease: Freitas
et al.'* found that MoCA is better at discriminating between mild
cognitive impairment (MCI) or AD patients and healthy controls, and
between MCI and AD, compared to MMSE. This might be due to the
MoCA having increased focus on multiple cognitive domains (executive
function, language, short-term memory, or visuospatial skills). Individ-
ual neuropsychological measures with good sensitivity and specificity
for distinguishing AD, MCI, and healthy control participants include
the Logical Memory test,'® typically featuring immediate and delayed
recall, and Trail Making Test (TMT) accuracy and time-based mea-
sures of task-switching/inhibition, working memory, and visuomotor
ability.16

3.1.2 | Measures to characterize AD progression
and evaluate moderate AD

MMSE and the Alzheimer’s Disease Assessment Scale-Cognitive sub-
scale (ADAS-Cog) are often used to stage and track AD progression
during the symptomatic phase. Within these measures, MoCA may be
more sensitive to longitudinal decline than the MMSE.* ADAS-cog
is a commonly used indicator of disease progression in mild to mod-
erate AD, though item-level analyses suggest the ADAS-Cog is most
informative when administered to patients with moderate cognitive
impairment,’” and individual subscore and rater items may be partic-
ularly sensitive to longitudinal change.'® For examples of challenges
in appropriately selecting and interpreting tests across disease stages

including practice, floor and ceiling effects, see section 3.2.2.

3.1.3 | Measures used to evaluate discrete
functions or domains

Above neuropsychological tests (eg, Logical Memory, TMT), and com-
posites thereof, are more appropriate for evaluating particular cogni-
tive domains or functions. As mentioned above, test performance is
multifactorial, for example, verbal fluency tasks place demands on both
language and executive domains, and an individual’s profile of perfor-
mance should be considered rather than a single test. For examples
of preferential assignment of subscales to domains and subdomains,

see supporting information tables (Tables S1-Sé). If the purpose is to

Disease Monitoring

characterize cognitive domains, composite scores may mitigate indi-
vidual test idiosyncrasies® (see Cognitive Composites in section 3.2.3).
Measures may be confounded in their interpretation when adminis-
tered to certain patients, particularly those exhibiting prominent atyp-
ical non-memory symptoms, eg, measures of executive function fea-
turing prominent visual components being susceptible to visuospatial

impairment.

3.2 | Considerations in test analysis and
interpretation

Cognitive test data variously depend on multiple factors such as the
scoring system, the task, the domains that task is preferentially mea-
suring, inter-rater reliability, and numerous other elements related to
individual characteristics and psychological status (fatigue and anxiety
are good examples of this). Providing an exhaustive summary of these
factors is outside the scope of this article. In this section we summa-
rize considerations to minimize misinterpretation and misuse of cogni-
tive data by computational scientists developing data-driven predictive

models of the disease.

3.2.1 | Scoring issues

Heterogeneity of scoring systems. Cognitive tests often differ in
administration and scoring system, complicating the comparison of
results across tests.? In some cases, the direction of the scoring system
might be counterintuitive, eg, optimal performance represented as a
score of zero (ADAS-Cog total items). Tests such as the TMT A/B record
time taken to complete a task as a continuous measure, with long times
corresponding to poor performance. This is also true for Digit Sym-
bol and the number cancellation task in ADAS-Cog. Other tests are
scored using a defined ordinal scale, such as the Clock Drawing Test.
Batteries such as the ADAS-Cog 13-item scale incorporate continuous,
censored, and ordinal measures. While standard scores are routinely
used to compare performance on different tests either within-sample
or relative to a normative sample, that skewed distributions (see below
Floor or ceiling effects in section 3.2.2) complicate their interpretation.

Tests might also include qualitative indicators such as “remembering

» o« » o«

test instructions,” “spoken language ability,” “word-finding difficulty,”
and “comprehension” in ADAS-Cog. This heterogeneity in scoring sys-
tems may impede comparisons or integration with other measures and
should be considered when planning analysis. Moreover, heterogene-
ity in the form of clinical presentation may add further complexity to
the interpretation of individual test scores (see section 3.1.3).
Normative data and cut-off. Normative data appropriately strati-
fied by demographics enables determining cut-off scores, the level at
which a performance is considered impaired. Impaired performance
is conventionally defined as below the fifth or first percentile based
on normative data in clinical practice (for a summary of misapplying

scores, see Della Sala and Cubelli®). Test-dependent variations in
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performance are influenced by demographic factors including age,
education, and sex, and care should be taken in using tests for which
normative data are not available. Correspondingly, results from models
trained on a certain normative sample should be handled carefully if
used to gather insights on separate samples differing in demographic
characteristics.!? The National Alzheimer’s Coordinating Center
Uniform Data Set provides an useful tool, offering neuropsychological
scores adjusted for sex, age, and education.?° It is also important to
note that if cognitive scores are already normalized for other factors
(eg, age, education), then these factors should not be added a second
time as covariates in a data-driven model.

Missing data. It is important to understand possible causes of miss-
ing data, how to best interpret available information, and whether
this affects only part of the assessment or its entirety. Various fac-
tors may underlie missing data or participants considered “untestable.”
These include patients’ difficulty in complying with test instructions,
particularly with more demanding tests and in patients with a greater
degree of cognitive impairment and/or anxiety, premorbid language
aptitude/literacy, comorbidity and uncorrected sight or hearing loss,
or time constraints. Determining whether data are missing completely
at random, missing at random, or missing not at random is reliant on
establishing factors underlying missing data through available records.
While many approaches assume data are missing at random, this
assumption is often violated for cognitive data where participants may
be unable to complete tests owing to degree of impairment. For a
summary of types of missing data and statistical methods to handle
missing data including random effects models, Bayesian approaches,
inverse probability weighting, and imputation, see Sterne et al.?! It is
worth noting that some subscales overlap across batteries, so a miss-
ing subscale might be available in a different battery for the same
participant.

3.2.2 | Characteristic effects of cognitive tests

Practice effect. One of the main uses of cognitive tests is the repeated
administration for tracking progression, for example, in clinical tri-
als. It is therefore vital to be aware of practice effects, defined as
“the improvement in serial cognitive tests with the same or similar
test materials.”?2 Such effects may be particularly evident on mea-
sures of episodic memory, between initial retesting, diminishing across
subsequent visits, and in MCI and AD patients as well as healthy
participants.2® It can also substantially alter interpretation of find-
ings with inadequate control or inappropriate analysis. To overcome
this limitation, many cognitive tests have validated alternative forms
administered in a counterbalanced order, although there is evidence
that they only attenuate and do not eliminate the effect.2* Goldberg
et al.2> suggest three different approaches to attenuate the conse-
quences of practice effect with varying advantages and disadvantages:
introducing massed practice to increase task familiarity, adopting cog-
nitive science principles to reduce practice-related gains, and develop-

ing well-matched alternate forms. While the above efforts are intended

to mitigate practice effects, there is increasing evidence on the clini-
cal utility of characterizing practice effects themselves, for example in
determining their associations with AD risk factors and biomarkers, or
predicting subsequent cognitive decline.2627

Floor or ceiling effects. These occur when the test cannot measure
performance outside the test range, which overestimates or under-
estimates performance and skews score distributions. This is a com-
mon issue with brief cognitive tests that measure a limited range of
task performance. Patients, particularly at an early disease stage, may
make few or no errors on common tests, such as MMSE or ADAS-
Cog.2829 A key challenge is selecting tests on which patients at inter-
mediate disease stages might perform adequately, while being of suffi-
cient difficulty to be sensitive for high-functioning patients and healthy
control participants. Tests meeting such criteria might still yield vari-
ability in task performance that differs considerably between patients
and healthy controls, or between patient groups stratified by severity.
Although not all measures are susceptible to floor and ceiling effects,3°
many cognitive tests used for computational purposes might need fur-
ther analysis or subscales selection3! before comparing them to other
markers. Approaches that are less prone to floor or ceiling effects
include tests whose measurement characteristics include both accu-
racy and timed components, tests without a fixed maximum score, and
experimental designs not featured in data initiatives (eg, using a stair-

case paradigm) or composite measures.®

3.2.3 | Cognitive composites

There is a recent surge in composites derived from batteries of tests
in AD research.> They have been developed for multiple purposes,
including sensitivity to global disease severity,? individual cognitive
domains,?® or longitudinal change®®—particularly in the preclinical
phase relevant to secondary prevention trials.3* In their recent review,
Schneider and Goldberg® identified 12 composite scales that have
been used in clinical trials to assess cognitive functions. Multi-domain
composites may mitigate previously discussed inability to isolate sin-
gle domains, and may be sensitive to domains that are affected in
the preclinical stages of the disease.3* Various methods have explored
composite development, such as psychometric;® a combination of sta-
tistical, theoretical, and empirical approaches;33 and computationally
sophisticated data-driven algorithms.3> However, cognitive compos-
ites are still prone to a number of issues.® Lim et al.3¢ mention the
importance of evaluating the sensitivity of each scale contributing to
the composite, as it can affect the overall sensitivity of the compos-
ite. Moreover, domains relevant to early clinical symptoms of AD are
often underrepresented.® For example, while episodic memory deficits
are one of the earliest and best recognized indicators of preclini-
cal AD, non-memory domains may also be susceptible to pathological
changes during the preclinical phase. Overall, a cognitive-composite
approach might be appropriate in clinical trials and disease progression
monitoring,37 but current measures face various limitations in their

validation and psychometric assumptions.”
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3.24 | Considering comorbidity and other factors
Comorbidities can confound cognitive test scores. Notably, depres-
sion and anxiety are known to have strong effects on cognitive perfor-
mance. For example, Qiu et al.>® reported depression contributing to
cognitive dysfunction in mild to moderate AD, highlighting a need to
handle cognitive test results carefully and consider various factors in
their interpretation. Other factors include native language, literacy,?
and uncorrected sensory loss. This reinforces the importance of con-
sidering cognitive tests in the context of behavioral and other clinical
examinations. In some cases, the qualitative experience of a patient
during a quantitative assessment is recorded and could support the
interpretation for missing data or the psychological/behavioral status
of the interviewee during the assessment.

4 | FUTURE DIRECTIONS

Big data initiatives have already contributed to a better understand-
ing of AD and its characteristics. However, there are still ways in which
these resources can be further developed. First, by highlighting the
challenges of creating resources that enable a comprehensive repre-
sentation of the AD spectrum. Current large cognitive datasets are
broadly characterized by an over-representation of tests preferen-
tially reflecting certain functions (memory) more so than others (visual,
motor). This risks imposing constraints on appreciating the range and
basis of AD phenotypic heterogeneity, not only regarding canonical
atypical clinical phenotypes associated with AD,* but also in typical
late onset AD.2 Furthermore, while memory issues are generally among
the first AD markers, there is evidence that other cognitive functions
may be sensitive to early detection of the disease (eg, spatial navigation
deficits*?). Examples such as the Dominantly Inherited Alzheimer Net-
work (DIAN) study*! demonstrate how trials can adapt to incorporate
additional measures according to advances in research.

One important step toward the adaptation of cognitive assessments
for computational use is digital tests®’, whether comprising paper-
based tests converted into a digital form or novel testing paradigms.
Examples are Cambridge Neuropsychological Test Automated Battery
(CANTAB)*2 or the Cogstate battery.*> One particular feature of most
web-based testing is self-administration, which gives users the oppor-
tunity to complete the test remotely, at their own pace, and does not
require additional hardware or software download.** More recently
we see the advent of tests using eye-tracking technology*® frequently
embedded in serious games or in augmented reality/virtual reality
systems.*¢ This approach overcomes the possible language barrier,
both regarding instructions and verbal responses,*” giving the possibil-
ity for computational methods to identify subtle biomarkers for early
disease detection and progression.*

Digital tests have numerous potential advantages. Not only scoring,
but also detailed reaction times and behavioral measures are recorded
in a standardized manner. Automatic development of datasets and
recording of repeated measures may facilitate data storage, saving

Disease Monitoring

time and costs for analysis. One interesting advantage is the develop-
ment of adaptive computerized tests, which have promise in mitigat-
ing floor and ceiling effects*® while accommodating effective counter-
balancing. Computerized tests offer opportunities to efficiently com-
pare individuals against a population, and may offer scalable mea-
sures to determine abnormal performance currently evaluated qual-
itatively based on experience-led judgments, for example quantita-
tively evaluating speech patterns from audio recording of verbal flu-
ency. While these examples refer to administered or self-administered
cognitive assessments, digital markers of behaviors not requiring task

engagement*’

increasingly evaluate speech detection features, phys-
iological measures, and activity, ultimately intending to promote eco-
logical, continuous assessment.*? Despite its potential, the uptake of
this technology is still slow compared to the classic examinations. This
might be due to limited validation, insufficient normative data, and
issues around technology access and harmonization.*’ Improvement
in this area will not only reinforce the collaboration between disci-
plines, but provide consistent sources of data and patient monitoring,
hopefully leading to better early detection and understanding of the
disease.

Finally, the adoption of data-driven models in healthcare, many
of which may be considered “black box” in nature, has received a
number of criticisms. General concerns regarding interpretability of
machine learning and artificial intelligence algorithms are arguably
particularly relevant in clinical applications, where results can influ-
ence clinical decisions and health outcomes and present unique ethical
challenges.?® Interpretability touches on all stages of the development
and use of these models, including the dataset used, the explainabil-
ity of the models’ decision, and the interpretation of results according
to domain knowledge. Regarding datasets themselves, selection and
other biases in their composition must be acknowledged along with
their implications for interpreting findings. Understanding of models’
decisions is of particular importance in establishing replicability and
generalizability of results. While limitations in understanding are often
contextualized within trade-offs between their explainability and per-
formance, there are increasing efforts to explain model decisions and
results, for example based on presenting model features with observed
behavioral data.*” Regarding interpretation based on domain know!-
edge, nominally significant results do not necessarily constitute clin-
ically meaningful or informative findings at the population, group, or
individual level. To promote relevance of analyses across clinical and
research contexts, involving clinicians and researchers with domain
expertise in interpreting cognitive test data offers key contributions
in formulating research questions, planning analyses, and interpreting

findings.

4.1 | CONCLUSIONS
Researchin AD is moving toward increasing collaboration between dis-
ciplines to better understand and address this condition. The creation

and sharing of big datasets are important vehicles guiding this effort in
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the coming years. In particular, cognitive measures are currently one
of the most used quantitative methods in clinical practice, although
not necessarily familiar to non-clinical disciplines. We have intended
to promote understanding and address knowledge gaps around use
and misuse of cognitive tests for a broad audience of researchers from
different fields. Ultimately, we hope that better appreciation of the
promises and applications of cognitive data will stimulate timely inter-
disciplinary advances in our understanding of AD.

ACKNOWLEDGMENTS

We would like to thank the reviewers and editor for their construc-
tive comments on a previous version of this paper. We would also
like to thank Jennifer Nicholas for assisting with queries regarding
approaches to handle missing data.

FUNDING INFORMATION

This work is supported by the EPSRC CDT in Medical Imaging
(EP/L016478/1) and by the industrial partner icometrix (https://
icometrix.com). This project has received funding from the European
Union’s Horizon 2020 research and innovation programme under grant
agreement No. 666992, and by the EPSRC grant EP/M020533/1. NPO
is a UKRI Future Leaders Fellow (MR/S03546X/1). KXXY is funded by
the Alzheimer’s Society, grant number 453 (AS-JF-18-003).

FINANCIAL DECLARATIONS
Nothing to declare.

CONFLICTS OF INTEREST
The authors declare that they have no conflicts of interest.

REFERENCES

1. Young AL, Oxtoby NP, Daga P, et al. A data-driven model of biomarker
changes in sporadic Alzheimer’s disease. Brain. 2014;137(Pt 9):256-
2577.

2. Crane PK, Trittschuh E, Mukherjee S, et al. Incidence of cognitively
defined late-onset Alzheimer’s dementia subgroups from a prospec-
tive cohort study. Alzheimer’s Dement. 2017;13(12):1307-1316.

3. Gibbons LE, Carle AC, Mackin RS, et al. A composite score for execu-
tive functioning, validated in Alzheimer’s Disease Neuroimaging Initia-
tive (ADNI) participants with baseline mild cognitive impairment. Brain
imaging and behavior. 2012;6(4):517-527.

4. Crutch SJ, Schott JM, Rabinovici GD, et al. Consensus classification of
posterior cortical atrophy. Alzheimer’s Dement. 2017;13(8):870-884.

5. Schneider LS, Goldberg TE. Composite cognitive and functional mea-
sures for early stage Alzheimer’s disease trials. Assess Dis Monit.
2020;12(1).1-9.

6. Della Sala S, Cubelli R. Alleged “sonic attack” supported by poor neu-
ropsychology. Cortex. 2018;103:387-388.

7. Firth NC, Primativo S, Brotherhood E, et al. Sequences of cognitive
decline in typical Alzheimer’s disease and posterior cortical atrophy
estimated using a novel event-based model of disease progression.
Alzheimer’s Dement. 2020;16(7):965-973.

8. PetersenR, Aisen P, Beckett L, et al. Alzheimer’s disease neuroimaging
initiative (ADNI): clinical characterization. Neurology. 2010;74(3):201-
209.

9. Oxtoby NP, Alexander DC. Imaging plus X: multimodal models of neu-
rodegenerative disease. Curr Opin Neurol. 2017;30(4):371-379.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

Young AL, Marinescu RV, Oxtoby NP, et al. Uncovering the hetero-
geneity and temporal complexity of neurodegenerative diseases with
subtype and stage inference. Nat Commun. 2018;9(1):1-16.

Donohue MC, Jacgmin-Gadda H, Le Goff M, et al. Estimating long-term
multivariate progression from short-term data. Alzheimer’s Dement.
2014;10(5):5400-5410.

ten Kate M, Dicks E, Visser P, van der Flier W. Atrophy subtypes in
prodromal Alzheimer’s disease are associated with cognitive decline.
Brain. 2018;141(12):3443-3456. Accessed August 1, 2020.

Creavin ST, Wisniewski S, Noel-Storr AH, et al. Mini-Mental State
Examination (MMSE) for the detection of dementiain clinically uneval-
uated people aged 65 and over in community and primary care popu-
lations. Cochrane Database Syst Rev. 2016;2016(4):CD011145.

Freitas S, Simbes MR, Alves L, Santana |. Montreal cognitive assess-
ment. Alzheimer Dis Assoc Disord. 2013;27(1):37-43.

Rabin LA, Paré N, Saykin AJ, et al. Differential memory test sen-
sitivity for diagnosing amnestic mild cognitive impairment and pre-
dicting conversion to Alzheimer’s disease. Aging, Neuropsychol Cogn.
2009;16(3):357-376.

Ashendorf L, Jefferson A, O’Connor M, Chaisson C, Green R, Stern R.
Trail making test errors in normal aging, mild cognitive impairment, and
dementia. Arch Clin Neuropsychol. 2008;23(2):129-137.

Benge JF, Balsis S, Geraci L, Massman PJ, Doody RS. How well
do the ADAS-cog and its subscales measure cognitive dysfunction
in Alzheimer’s disease?. Dement Geriatr Cogn Disord. 2009;28(1):63-
69.

Dowling NM, Bolt DM, Deng S. An approach for estimating item
sensitivity to within-person change over time: an illustration using
the Alzheimer’s Disease Assessment Scale-Cognitive subscale (ADAS-
Cog). Psychol Assess. 2016;28(12):1576-1585.

Cave J, Grieve K. Quality of education and neuropsychological test
performance. New Voices Psychol. 2009;5(1):29-48.

NACC. NACC Researcher home page, NACC, Alzheimer’s disease
research, FTLD, NIA/NIH, database, neuropathology. https://www.alz.
washington.edu/. Accessed June 23, 2020.

Sterne JAC, White IR, Carlin JB, et al. Multiple imputation for miss-
ing data in epidemiological and clinical research: potential and pitfalls.
BMJ.2009;339(7713):157-160.

Duff K, Foster NL, Hoffman JM. Practice effects and amyloid deposi-
tion: preliminary data on a method for enriching samples in clinical tri-
als. Alzheimer Dis Assoc Disord. 2014;28(3):247-252.

Wang G, Kennedy RE, Goldberg TE, Fowler ME, Cutter GR, Schnei-
der LS. Using practice effects for targeted trials or sub-group analysis
in Alzheimer’s disease: how practice effects predict change over time.
PLoS One. 2020;15(2):1-12.

Beglinger LJ, Gaydos B, Tangphao-Daniels O, et al. Practice effects and
the use of alternate forms in serial neuropsychological testing. Arch
Clin Neuropsychol. 2005;20(4):517-529.

Goldberg TE, Harvey PD, Wesnes KA, Snyder PJ, Schneider LS. Practice
effects due to serial cognitive assessment: implications for preclinical
Alzheimer’s disease randomized controlled trials. Alzheimer’s dement
diagnosis. Assess Dis Monit. 2015;1(1):103-111.

Hassenstab J, Ruvolo D, Jasielec M, Xiong C, Grant E, Morris JC.
Absence of practice effects in preclinical Alzheimer’s disease. Neu-
ropsychology. 2015;29(6):940-948.

Jutten RJ, Grandoit E, Foldi NS, et al. Lower practice effects as
a marker of cognitive performance and dementia risk: a literature
review. Alzheimers Dement (Amst). 2020;12(1):e12055.

Hobart J,Cano S, Posner H, et al. Putting the Alzheimer’s cognitive test
to the test I1: rasch measurement theory. Alzheimer’s Dement. 2013;9(1
SUPPL):54-59.

Franco-MarinaF, Garcia-Gonzalez JJ, Wagner-Echeagaray F, et al. The
Mini-mental state examination revisited: ceiling and floor effects after
score adjustment for educational level in an aging Mexican population.
Int Psychogeriatrics. 2010;22(1):72-81.


https://icometrix.com
https://icometrix.com
https://www.alz.washington.edu/
https://www.alz.washington.edu/

BELLIO ET AL.

Diagnosis, Assessment 9of 9

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

Dean K, Walker Z, Jenkinson C. Data quality, floor and ceiling effects,
and test-retest reliability of the mild cognitive impairment question-
naire. Patient Relat Outcome Meas. 2018;9:43-47.

Podhorna J, Krahnke T, Shear M, Harrison JE. Alzheimer’s disease
assessment scale-cognitive subscale variants in mild cognitive impair-
ment and mild Alzheimer’s disease: change over time and the effect of
enrichment strategies. Alzheimers Res Ther. 2016;8(1):8.
Malek-Ahmadi M, Chen K, Perez SE, He A, Mufson EJ. Cognitive com-
posite score association with Alzheimer’s disease plaque and tangle
pathology. Alzheimer’s Res Ther. 2018;10(1):1-12.

Jutten RJ, Harrison J, Lee Meeuw Kjoe PR, et al. A novel cognitive-
functional composite measure to detect changes in early Alzheimer’s
disease: test-retest reliability and feasibility. Alzheimer’s Dement.
2018;10(1):153-160.

Donohue MC, Sperling RA, Salmon DP, et al. The preclinical Alzheimer
cognitive composite: measuring amyloid-related decline. JAMA Neurol.
2014;71(8):961-970.

Peter J, Abdulkadir A, Kaller C, et al. Subgroups of Alzheimer’s
disease: stability of empirical clusters over time. J Alzheimer’s Dis.
2014;42(2):651-661.

Lim YY, Snyder PJ, Pietrzak RH, et al. Sensitivity of composite
scores to amyloid burden in preclinical Alzheimer’s disease: introduc-
ing the Z-scores of attention, verbal fluency, and episodic memory
for nondemented older adults composite score. Alzheimer’s Dement.
2016;2(1):19-26.

Harrison JE. Commentary: composite cognitive and functional mea-
sures for early stage Alzheimer’s disease trials. Alzheimer’s Dement.
2020;12(1).

Qiu'Y, Jacobs DM, Messer K, Salmon DP, Feldman HH. Cognitive het-
erogeneity in probable Alzheimer disease: clinical and neuropatho-
logic features. Neurology. 2019;93(8):e778-e790.

Caramelli P, Carthery-Goulart MT, Porto CS, Charchat-Fichman H,
Nitrini R. Category fluency as a screening test for alzheimer dis-
ease in illiterate and literate patients. Alzheimer Dis Assoc Disord.
2007;21(1):65-67.

Coughlan G, Lacz6 J, Hort J, Minihane AM, Hornberger M. Spatial navi-
gation deficits—overlooked cognitive marker for preclinical Alzheimer
disease?. Nat Rev Neurol. 2018;14(8):496-506.

Bateman RJ, Benzinger TL, Berry S, et al. The DIAN-TU Next Genera-
tion Alzheimer’s prevention trial: adaptive design and disease progres-
sion model. Alzheimer’s Dement. 2017;13(1):8-19.

Lenehan ME, Summers MJ, Saunders NL, Summers JJ, Vickers JC.
Does the Cambridge Automated Neuropsychological Test Battery
(CANTAB) distinguish between cognitive domains in healthy older
adults?. Assessment. 2016;23(2):163-172.

43.

44,

45,

46.

47.

48.

49.

50.

51

Disease Monitoring

Mielke MM, Machulda MM, Hagen CE, et al. Performance of the
CogState computerized battery in the mayo clinic study on aging.
Alzheimer’s Dement. 2015;11(11):1367-1376.

Hansen TI, Haferstrom ECD, Brunner JF, Lehn H, Haberg AK. Ini-
tial validation of a web-based self-administered neuropsychological
test battery for older adults and seniors. J Clin Exp Neuropsychol.
2015;37(6):581-5%94.

Primativo S, Clark C, Yong KXX, et al. Eyetracking metrics reveal
impaired spatial anticipation in behavioural variant frontotemporal
dementia. Neuropsychologia. 2017;106:328-340.

Garcia-Betances RI, Arredondo Waldmeyer MT, Fico G, Cabrera-
Umpiérrez MF. A succinct overview of virtual reality technology use
in Alzheimer’s disease. Front Aging Neurosci. 2015;7(APR):80.
Mengoudi K, Ravi’ D, Yong KXX, et al. Augmenting dementia cognitive
assessment with instruction-less eye-tracking tests. [EEE J Biomed Heal
Inform. 2020;99:1-1.

Hung M, Stuart AR, Higgins TF, Saltzman CL, Kubiak EN. Computer-
ized adaptive testing using the PROMIS physical function item bank
reduces test burden with less ceiling effects compared with the short
musculoskeletal function assessment in orthopaedic trauma patients.
J Orthop Trauma. 2014;28(8):439-443.

Teipel S, Kénig A, Hoey J, et al. Use of nonintrusive sensor-based infor-
mation and communication technology for real-world evidence for
clinical trials in dementia. Alzheimer’s Dement. 2018;14(9):1216-1231.
Ahmad MA, Eckert C, Teredesai A, Mckelvey G. Interpretable machine
learning in healthcare. IEEE Intell Inform Bull. 2018;19(1):1-7.

Schott JM, Crutch SJ, Carrasquillo MM. Genetic risk factors for the
posterior cortical atrophy variant of Alzheimer’s disease. Alzheimer’s
Dement. 2016;12: 8:862-871. http://doi.org/10.1016/j.jalz.2016.01.
010.

SUPPORTING INFORMATION
Additional supporting information may be found online in the Support-

ing Information section at the end of the article.

How to cite this article: Bellio M, Oxtoby NP, Walker Z, et al.
Analyzing large Alzheimer’s disease cognitive datasets:
Considerations and challenges. Alzheimer’s Dement.
2020;12:12135. https://doi.org/10.1002/dad2.12135


http://doi.org/10.1016/j.jalz.2016.01.010
http://doi.org/10.1016/j.jalz.2016.01.010
https://doi.org/10.1002/dad2.12135

	Analyzing large Alzheimer’s disease cognitive datasets: Considerations and challenges
	Abstract
	1 | INTRODUCTION
	2 | BACKGROUND
	2.1 | Cognitive testing
	2.2 | Data-collection initiatives
	2.3 | Contribution from data-driven methods

	3 | PERSPECTIVES
	3.1 | Considerations for test selection
	3.1.1 | Measures for screening, diagnosis, and differential diagnosis
	3.1.2 | Measures to characterize AD progression and evaluate moderate AD
	3.1.3 | Measures used to evaluate discrete functions or domains

	3.2 | Considerations in test analysis and interpretation
	3.2.1 | Scoring issues
	3.2.2 | Characteristic effects of cognitive tests
	3.2.3 | Cognitive composites
	3.2.4 | Considering comorbidity and other factors


	4 | FUTURE DIRECTIONS
	4.1 | CONCLUSIONS

	ACKNOWLEDGMENTS
	FUNDING INFORMATION
	FINANCIAL DECLARATIONS
	CONFLICTS OF INTEREST
	REFERENCES
	SUPPORTING INFORMATION


