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Abstract

INTRODUCTION: In neuropsychological diagnostics, the assignment of cognitive

tests to domains is usually not empirically based. Hence, we aimed to assess the
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dimensionality structure of cognition in individuals with Parkinson’s disease (PD) and

conceptually replicate the findings in cognitively healthy individuals (CHIs).

METHODS: We performed Exploratory Graph Analysis (EGA) for dimensionality

analysis of cognitive test scores in N = 698 individuals with PD from the DEM-

PARK/LANDSCAPE study. Redundancy was reduced based on Unique Variable Anal-

ysis (UVA) before re-performing EGA. CHI data (N = 60,398) served as a conceptual

replication base.

RESULTS: EGA identified five dimensions. After removing redundancy identified by

UVA, EGA identified a unidimensional structure of cognitive test scores. The findings

were conceptually replicated in CHIs.

DISCUSSION: The findings imply the need to re-evaluate the composition of cognitive

test batteries to reduce redundancy and improve the validity of cognitive diagnostics.

Cognition may be better described as a network of interrelated cognitive functions

rather than a factorial structure of latent cognitive domains.

KEYWORDS

cognitive decline, cognitive domains, dimensionality analysis, mutualism hypothesis, network
analysis, network neuropsychology, Parkinson’s disease

Highlights

∙ Cognitive test scores of the same paradigm were strongly associated with each

other.

∙ This finding indicates redundancy in the cognitive test battery.

∙ After removing redundancy, scores were best represented by unidimensional

structures.

∙ The findings in Parkinson’s diseasewere conceptually replicated in healthy controls.

∙ The results suggest that cognition should be viewed as a complex “network” of

interrelated functions.

1 BACKGROUND

Although thediagnosis ofParkinson’s disease (PD) is basedprimarily on

motor symptoms, there is a large number of accompanying non-motor

symptoms, often including cognitive impairment.1,2 Mild cognitive

impairment (MCI), prevalent in 40% of individuals with PD,3 is charac-

terized by cognitive performance below the age-appropriate norm, but

with little or no impact on activities of daily living. More severe cogni-

tive impairment significantly impairing an individual’s independence in

activities of daily living is referred to as PD dementia (PD-D).4

Given the high risk of cognitive impairment for individuals with PD

and its implications for disease prognosis and therapeutic decisions,

its valid and reliable diagnosis is essential. For diagnosing PD-MCI,

guidelines by the Movement Disorder Society (MDS) recommend a

detailed neuropsychological examination across five cognitive domains

(attention and working memory, executive functions, memory, lan-

guage, and visuospatial functions) with at least two different tests

each.5 PD-MCI is diagnosed if at least two tests indicate impair-

ment, that is, performance of at least one standard deviation (SD)

below the appropriate norms. In addition, theMDS guidelines propose

differentiating single-domain (one cognitive domain impaired) and

multiple-domain PD-MCI (two or more cognitive domains impaired)5

as well as amnestic (if memory is affected) and non-amnestic PD-

MCI.With combining of these classifications, we can differentiate four

PD-MCI subtypes based on cognitive domains,5 which were found

to be associated with different prognoses regarding further cognitive

decline.6

Although cognitive domains play a crucial role in the MDS guide-

lines for diagnosing PD-MCI and subtypes, the concept of cognitive

domains is not well defined, as both definitions of cognitive domains

and the assignment of cognitive functions or tests to cognitive domains

differ. The diagnostic criteria for neurocognitive disorder in the fifth

edition of the Diagnostic and Statistical Manual of Mental Disorders

(DSM)7 define six domains (attention, executive functions, learning and

memory, language, visual-perceptive function, and social cognition);

however, the MDS guideline suggests testing five domains, neglecting
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social cognition. In addition, the two guidelines differ in assignments of

cognitive functions to domains; for example, regarding working mem-

ory (DSM: executive function; MDS guideline: attention) and verbal

fluency (DSM: language; MDS guideline: executive function).5,7 It is

important to note that neither of the twodefinitions provides empirical

justifications for their choice of categorization, providing no bind-

ing guidelines that map specific tests to cognitive functions and/or

domains. As a result, assignments of tests to cognitive domains might

not correctly reflect theunderlying latent functions andchallenge com-

parability between studies, thereby potentially limiting the reliability

and validity of cognitive diagnoses and subtype classifications.

Given the heterogeneity of conceptually based assignments of cog-

nitive tests to cognitive domains, data-driven approaches to identify

the cognitive domain structure in individuals with PD, like factor analy-

sis (FA) methods, are important to ensure valid cognitive diagnostics.

However, previous research has shown limitations of this approach

when applied to healthy or mixed samples, because group-specific

characteristics might be neglected.8 It is notable that existing studies

even in homogenous samples of individuals with PD could mostly not

confirm previously assumed structures of cognitive domains across a

range of differentmethods and assumed structures; for example, using

Exploratory FA9 or Confirmatory FA (CFA) to test bi-factor models of

cognition.10 An alternative for FA methods is exploratory graph analysis

(EGA).11 This advanced form of network analysis allows identifica-

tion of a dimensionality structure within network models. EGA shows

comparable or better performance than widely used FA methods12

and allows for a network perspective on cognition with the possibil-

ity of applying dimensionality analysis within the network. Two studies

applied EGA to cognitive test scores of subgroups on the spectrum

from groups of individuals with healthy cognition over subjective cog-

nitive decline (SCD) and MCI to Alzheimer’s dementia (AD), yielding

inconsistent results in small sample sizes.13,14 Existing studies that

apply EGA to cognitive test scores do not fulfill simulation-based sam-

ple size recommendations for EGA.12 Furthermore, EGA for cognitive

test scores has not yet been applied in individuals with PD.

Psychometric networkanalysis of cognitive test scores is a relatively

new field of research termed network neuropsychology,15 enabling us

to analyze the complex interplay between cognitive functions oper-

ationalized as cognitive test scores. Test scores are represented as

nodes in a network model, with edges between the nodes represent-

ing conditional associations between them.16 Network analysis is the

underlying principle of many functional magnetic resonance imaging

(fMRI) analyses,17 and it has helped to shift our perspective toward

viewing the brain as a highly complex and interconnected system

(rather than modular). It seems highly plausible that if the underly-

ing anatomic features are represented as a network in the human

brain, behavioral outcomes of assessed cognitive functions would be

as well. Consequently, network analysis has been emerging recently

as a method to analyze interconnections between cognitive functions

as well.15 Furthermore, this method opens the possibility of discarding

the idea of an underlying latent factor structure of cognitive domains,

that is, a general factor (g-factor) of intelligence,18 to model cognition in

favor of amutualism hypothesis waiving latent factors.19

RESEARCH INCONTEXT

1. Systematic review: The authors reviewed the empirical

literature using common online databases (e.g., PubMed)

to identify existing dimensionality analyses of cognitive

functioning in Parkinson’s disease (PD) as well as guide-

lines for diagnosing cognitive impairment in PD. The

assignments of cognitive tests to cognitive domains for

research and clinical applications were widely theoret-

ically driven rather than empirically based, threatening

the validity of cognitive diagnoses in PD.

2. Interpretation: The identification of a unidimensional

structure of cognitive test scores following the removal

of redundancy suggests a view of cognition as a complex

system of interconnected cognitive functions instead of a

factorial structure of latent cognitive domains.

3. Future directions: More studies that empirically ana-

lyze the structure of cognitive functioning in individuals

with PD and other conditions are needed, to ensure

the validity of cognitive diagnoses in PD and beyond.

Ideally, such studies would apply network analysis meth-

ods to adequately reflect the complexity of cognitive

functioning.

In this study, we aim to empirically analyze the network and dimen-

sionality structure of cognitive test scores in a sample of individuals

with PD from the DEMPARK/LANDSCAPE cohort study20 with EGA.

This approach enables us to compare the results to a previously

assumed theoretical structure, both qualitatively and quantitively.

Finally, we will critically evaluate the cognitive test battery used and

validate our findings in a large sample of cognitively healthy individ-

uals (CHIs) that was compiled in a factor meta-analysis conducted by

Agelink van Rentergem et al.21

2 METHODS

2.1 Participants

We analyzed the baseline data of individuals with PD from the Demen-

tia and Parkinson’s disease/Langzeitbeobachtung dementieller Symptome

und cognitiver Parameter sowie Anwendbarkeit neuer prognostischer

Marker bei der Parkinson-Erkrankung (DEMPARK/LANDSCAPE) study,20

a completed, observational, prospective multi-center cohort study

that aimed to characterize the natural course of cognitive decline in

individuals with PD. Participants were recruited consecutively from

nine movement disorder centers across Germany. Inclusion criteria

were age between 45 and 80 years and a diagnosis of idiopathic

PD based on the UK Parkinson’s Disease Society Brain Bank crite-

ria. The study included individuals with cognitive functions within the
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TABLE 1 Cognitive tests in the DEMPARK/LANDSCAPE study.

Theoretically assumed

cognitive domain Test score Abbrevation

Attention Digit Span forward30 DSfw

Brief test of attention31 BTA

Stroopword reading32 StrW

Stroop color naming32 StrC

Stroop interference32 StrI

Executive functions SemanticWord Fluencya SemWF

PhonematicWord Fluencya PhoWF

Trail Making Test B/Aa TBA

Digit Span backwards30 DSbw

ModifiedWisconsin Card Sorting Test categories33 CScat

ModifiedWisconsin Card Sorting Test non-perservative errors33 CSnpe

ModifiedWisconsin Card Sorting Test perservative errors33 CSpe

Memory Figures recalla FigR

Verbal Learninga VbL

Verbal Recalla VbR

Language BostonNaming Testa BNT

Visuospatial functions Figures copyinga FigC

Leistungsprüfsystem 734 LPS7

Leistungsprüfsystem 934 LPS9

aPart of the extended Consortium to Establish a Registry for Alzheimer´s Disease (CERAD) neuropsychological test battery (CERAD+).35

demographically adjusted norms (PD-NC), with PD-MCI, as well as

with PD-D, following diagnostic criteria for cognitive impairment22,23

available at the time of study set-up. Of the original sample (N = 711),

we excluded thosewithout cognitive classification at baseline (e.g., due

to missing data) or whose data for the cognitive variables of interest

were completely missing. The final sample for data analysis consisted

ofN= 698 individuals with PD.

2.2 Cognitive and clinical assessment

An overview of the cognitive test battery and the corresponding the-

oretically assigned cognitive domains in the DEMPARK/LANDSCAPE

study24 are reported in Table 1. Domain assignment was based

on experts’ opinions. Raw cognitive test scores were demographi-

cally adjusted and standardized using published normative data (e.g.,

to percentiles, z-scores, or T-scores). Subsequently, these standard-

ized scores were uniformly transformed into z-scores. For descrip-

tive statistics and distributions of cognitive test scores, see Figure

S1. In addition, the data include sociodemographic variables (age,

gender, years of education), clinical variables (disease duration; lev-

odopa equivalent daily dose [LEDD]; Unified Parkinson’s Disease

Rating Scale Part III [UPDRS-III]25; Hoehn & Yahr stages26; Geri-

atric Depression Scale [GDS27]), and variables for the global cog-

nitive status (Mini-Mental State Examination [MMSE]28; Parkin-

son Neuropsychometric Dementia Assessment [PANDA]29; cogni-

tive status). All assessments were performed during ON medication

state.

2.3 Statistical analysis

Statistical analyses and data visualization were conducted in R.36 We

provide the code used for the statistical analyses as Supporting Infor-

mation. First, to test if the cognitive test data are suitable for estimating

a networkmodel, we applied the Loadings Comparison Test (LCT37), an

algorithm based on neural networks that was trained to predict if data

were generated from a latent factor model or a networkmodel.

For dimensionality analysis, we applied EGA11 with the Louvain

algorithm. EGA constitutes an expansion of the correlation matrix as a

unidimensionality method38 to a glasso-regularized gaussian graphical

model (tuning = 0.5), using R package EGAnet.39 Further details includ-

ing the code used for data analysis can be found as Supplementary

Material.We then applied bootstrappingmethods implementedwithin

EGAnet (bootEGA,N= 5000 boots) to assess stability of the dimension-

ality analysis. To compare the EGA-derived empirical dimensionality

structurewith the theoretically assumeddomain structure in theDEM-

PARK/LANDSCAPE study,24 we computed the Total Entropy Fit Index

(TEFI40) as well as model fit indices Chi2, Comparative Fit Index (CFI),

andRootMeanSquareError ofApproximation (RMSEA) basedonCFA.

Following, as recommended to be used with EGA,41 we performed

Unique Variable Analysis (UVA42) to identify possible redundancies in
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the test battery. UVA computes the weighted topological overlap (wTO),

which “quantifies the extent to which a pair of nodes have (dis)similar

connections”.42,43 Variable pairs identified with wTO >0.25 indicated

substantial redundancy42; thus we removed all but one variable from a

set of redundant variables. Specifically, the variable showing the lowest

maximum wTO with all other variables other than the one with which

it is redundant is retained, whereas the other is removed.42 Finally, we

re-analyzed the now-reduced set of cognitive test data applying EGA

as described above.

2.4 Exploratory conceptual replication of findings
in a sample of CHI

For an exploratory conceptual replication of our findings of EGA

and UVA in the sample of individuals with PD from the DEM-

PARK/LANDSCAPE study, we used publicly available data of a large

sample of CHIs compiled by Agelink van Rentergem et al.17 Following

a systematic literature search, they performed a factor meta-analysis

with cognitive test data of N = 60,398 CHIs from 55 studies. All stud-

ies were published after 1997, and administered cognitive tests in a

population of CHIs (i.e., without psychiatric or neurological disorders,

disorders that could interfere with test administration, and conditions

that were studied for their cognitive implications) without any further

manipulations. The authors identified an overlap of 12 cognitive tests

between the studies that were used for analysis (see Table S1). For

this study, we used the total partial correlation matrix of the test vari-

ables that eliminated the influence of age, gender, and education from

the data, as reported by Agelink van Rentergem et al.21 Based on this

matrix, we applied EGA with the same configurations as in the analy-

sis of individuals with PD from the DEMPARK/LANDSCAPE study.We

thenagain performedUVAto identify and removepossible redundancy

in the data and re-performed EGAwith reduced data.

3 RESULTS

3.1 Sample characteristics

In our sample of individualswith PD from the LANDSCAPE/DEMPARK

baseline (N = 698), participants wereM = 67.62 years old (SD = 7.99),

67.48% were male, and 32.52% were female. The sample included

n= 282 individuals with PD-NC, n= 314 individuals with PD-MCI, and

n = 102 individuals with PD-D. For further information on the descrip-

tive sample characteristics of sociodemographic, clinical, and cognitive

variables, see Table 2.

3.2 EGA of cognitive test scores in PD

LCT predicted that the cognitive test data from the DEM-

PARK/LANDSCAPE study was generated from a network model

rather than from a latent factor model, with 91.4% of bootstrapped

replicate samples suggesting networkmodels.

TABLE 2 Descriptive sample characteristics.

Individuals with PD

N= 698

Age, years, mean (SD) 67.62 (7.88)

Gender, n (%)

Male 471 (67.48%)

Female 227 (32.52%)

Years of education, mean (SD) 13.30 (3.18)

Disease duration in years, mean (SD) 6.78 (5.41)

Levodopa equivalent daily dose, mean (SD) 772.73 (553.31)

UPDRS-III, mean (SD) 23.05 (12.28)

Hoehn & Yahr stages, n (%)

1 102 (14.61%)

2 337 (48.28%)

3 198 (28.37%)

4 47 (6.73%)

5 10 (1.43%)

Unknown 4 (0.57%)

GDS, mean (SD) 3.48 (3.08)

MMSE, mean (SD) 27.89 (2.24)

PANDA, mean (SD) 21.45 (6.04)

Cognitive status, n (%)

PD-NC 282 (40.40%)

PD-MCI 314 (44.99%)

PD-D 102 (14.61%)

Note: Data aremean (SD) or n (%) as appropriate.
Abbreviations: GDS, Geriatric Depression Scale; MMSE, Mini-Mental State

Examination; PANDA, Parkinson Neuropsychometric Dementia Assess-

ment; PD-D, Parkinson’s Disease dementia; PD-MCI, Parkinson’s Disease

mild cognitive impairment; PD-MCI, Parkinson’s Disease normal cognition;

UPDRS-III, Unified Parkinson’s Disease Rating Scale Part III.

EGA identified five distinct dimensions that differed from the for-

merly theoretically assumed cognitive domain structure (Figure 1A).

The result was confirmed by bootEGA in 64.92% of bootstrapped sam-

ples (see Figures S2 and S3 and Tables S2–S6 for network and dimen-

sionality analysis stability results). Visual inspection of the estimated

networkmodel and the dimensionality analysis revealed that cognitive

test scores originating from the same higher-level test paradigm (e.g.,

Modified Wisconsin Card Sorting Test [MWCST]; Stroop test; Leis-

tungsprüfsystem) were more strongly related to each other than to

other tests/paradigms in the network. Dimensionality analysis did not

separate scores from the same higher-level test paradigm in any case,

not even if those variables had been conceptually assumed to reflect

different cognitive domains, namely Digit Span forward (attention)

and Digit Span backwards (executive functions) or Figures Copying

(visuospatial functions) and Figures Recall (memory).

Model fit indices of the empirical EGA-derived structure and the

theoretically assumed structure of cognitive domains are presented in

Table 3.
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6 of 10 SCHARFENBERG ET AL.

F IGURE 1 Network and dimensionality structure of cognitive functioning in individuals with PD (A) before and (B) after UVA. Green (solid)
edges indicate positive pairwise conditional associations; red (dashed) edges indicate negative conditional associations. Node colors indicate
assignment to dimensions as empirically derived by EGA. Values near edges indicate wTO, with wTO>0.20 indicating small-to-moderate
redundancy, wTO>0.25 indicatingmoderate-to-large redundancy, andwTO>0.30 indicating large-to-very-large redundancy. Valuesmarked in
bold indicate wTO is larger than the cutoff of wTO>0.25 for removal of redundant variables. BNT, Boston Naming Test; BTA, Brief Test of
Attention; CScat, ModifiedWisconsin Card Sorting Test categories; CSnpe,ModifiedWisconsin Card Sorting Test non-perservative errors; CSpe,
ModifiedWisconsin Card Sorting Test perservative errors; DSbw, Digit Span backwards; DSfw, Digit Span forward; EGA, exploratory graph
analysis; FigC, Figures Copying; FigR, Figures Recall; LPS7, Leistungsprüfsystem 7; LPS9, Leistungsprüfsystem 9; PhoWF, phonematicWord
Fluency; SemWF, semanticWord Fluency; StrC, Stroop color naming; StrI, Stroop interference; StrW, Stroopword reading; TB/A, Trail Making Test
B/A; UVA, unique variable analysis; VbL, Verbal Learning; VbR, Verbal Recall; wTO, weighted topological overlap.

TABLE 3 Model fit indices for empirical and theoretical structures.

Model fit index

Model TEFI Chi2 CFI RMSEA

EGA −9.54 526.98 (satisfactory) 0.92 (satisfactory) 0.06 (poor)

Theoretical −7.86 896.72 (satisfactory) 0.78 (poor) 0.10 (poor)

Note: Interpretation in parentheses under values according to Byrne (1994).44 Lower TEFI values indicate better model fit. EGA = Structure derived from

Exploratory Graph Analysis of cognitive test data of individuals with PD. Theoretical= Previously assumed structure of cognitive tests.24

Abbreviations: CFI, Comparative Fit Index; PD, Parkinson’s disease; RMSEA, RootMean Square Error of Approximation; TEFI, Total Entropy Fit Index.

3.3 UVA and re-analysis

UVArevealed relevant topological overlap for several pairs of cognitive

test scores (Figure 1A). To reduce redundancy within the pool of test

scores, test scores for Verbal Learning, Figures Recall, MWCST per-

severative errors and non-perseverative errors, Stroop color naming,

Leistungsprüfsystem 9, and Digit Span backwards were removed. EGA

of reduced data suggested a unidimensional structure (Figure 1B).

3.4 Exploratory conceptual replication of findings
in a sample of CHIs

EGA of cognitive test data in a group of CHIs identified five distinct

dimensions (Figure 2A). The result was confirmed by bootEGA in 100%

of bootstrapped samples (see Figure S4 and Table S7). Similar to the

results from individuals with PD, test scores from the same higher-

level test paradigmwere always categorized into the same dimensions.

UVA revealed substantial redundancy within several pairs of cognitive

test scores from the same higher-level test paradigm (Figure 2A). After

removal of the redundant variables Trail Making Test part A, Story

Recall direct recall, Digit Span backwards, and Auditory Verbal Learn-

ing Test delayed recall, the EGA identified a unidimensional structure

(Figure 2B).

4 DISCUSSION

In this study we analyzed the dimensionality structure of cognitive

test scores in a large sample of individuals with PD from the DEM-

PARK/LANDSCAPE study with EGA, and compared the results to

a theoretically assumed structure of cognitive domains. EGA iden-

tified five dimensions in a network model of cognitive test scores,

which differed from the theoretically assumed cognitive domain
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SCHARFENBERG ET AL. 7 of 10

F IGURE 2 Network and dimensionality structure of cognitive functioning in CHIs (A) before and (B) after UVA. Green (solid) edges indicate
positive pairwise conditional associations; red (dashed) edges indicate negative conditional associations. Node colors indicate assignment to
dimensions as empirically derived by EGA. Values near edges indicate wTO, with wTO>0.20 indicating small-to-moderate redundancy, wTO>0.25
indicatingmoderate-to-large redundancy, andwTO>0.30 indicating large-to-very-large redundancy. Valuesmarked in bold indicate a wTO larger
than the cutoff of wTO>0.25 for removal of redundant variables. BNT, Boston Naming Test; CHIs, cognitively healthy individuals; COD, Coding;
DSB, Digit Span backwards; DSF, Digit Span forward; EGA, exploratory graph analysis; LF, Letter fluency; SF, Semantic Fluency; SR-DR, Story Recall
direct recall; SR-IR, Story Recall immediate recall; TMTA, Trail Making Test part A; TMTB, Trail Making Test part B; UVA, unique variable analysis;
VLT-DR, Auditory Verbal Learning Test delayed recall; VLT-TR, Auditory Verbal Learning Test total recall; wTO, weighted topological overlap.

structure. Specifically, EGA revealed close alignment of higher-level

test paradigms with empirically identified dimensions. Further analy-

sis of the EGA-derived structure revealed substantial overlap between

test scores from the same higher-level test paradigms, indicating a

redundancy of single test scores within the cognitive test battery

of the DEMPARK/LANDSCAPE study. Following data reduction, re-

performing EGA yielded a unidimensional structure. In an external

validation based on a large CHI sample, we successfully conceptually

replicated these findings.

Results showed that EGA-derived dimensions were closely aligned

with higher-level test paradigms, indicating that these scores are even

more closely associated with each other than test scores that were

theoretically assigned to the same domain. Thus, for dimensionality

analysis, originating from the sameparadigm seems to bemore influen-

tial than the theoretically assumed underlying cognitive domain. This

finding aligns with the concept of method variance, which describes

the tendency that variables from the same test correlate because

their responses are elicited by the same stimuli or methodology.8,45

It thus highlights the MDS guideline recommendation of not using

two very similar test scores to evaluate cognitive performance within

one cognitive domain.5 However, our results encourage expanding

this recommendation even across theoretically assigned cognitive

domains. As an example, test scores FiguresCopying (FigC) andFigures

Recall (FigR) are theoretically assumed to measure different cogni-

tive domains (visuospatial functions and memory, respectively), but

showed substantial overlap in UVA. As a practical implication, an indi-

vidual presenting impairment in FigC due to impaired visuospatial

functions would be likely to show impaired performance in FigR as

well, mainly due to a large overlap of the general psychomotor abili-

ties needed for successfully executing the task rather than additional

memory deficits. Nevertheless, this individualwould be diagnosedwith

multiple-domain amnestic cognitive impairment according to standard

diagnostic criteria. Hence, our results hint toward a possible inflation

of multiple-domain PD-MCI diagnoses and, ultimately, limited validity

of the PD-MCI subtypes.

After removing redundant cognitive test scores identified by UVA,

re-analyzing the reduced data revealed a unidimensional structure,

contradicting both the initially EGA-derived empirical structure and

the theoretically assumed structure of cognitive domains. This result

might suggest that the concept of cognitive domains is reinforced by

strong correlations between redundant test scores due tomethodvari-

ance, creating misleading microfactors.42 The unidimensional struc-

ture identified byUVA and EGA is in linewith two common hypotheses

on the structure of cognitive functions: the mutualism hypothesis of

intelligence aswell as the g-factor hypothesis. Themutualism hypothe-

sis explains positive intercorrelations between cognitive functions by

reciprocal associations between cognitive process,19 not requiring a

latent factor like the g-factor.18 The LCT results of this study support

the application of network perspectives ofmodel cognitive functioning

compared to a latent factor structure. It highlights network analy-

sis and EGA as appropriate methods and suggests interpretation of

our findings as evidence for the mutualism hypothesis rather than the

g-factor, although it remains compatible with both. Correspondingly,

another study comparing psychometric network models with tradi-

tional FA cautiously interpreted their results in favor of the mutualism

hypothesis.46

Even though this study is one of the first to use EGA to evaluate cog-

nitive tests and, to the best of our knowledge, the first one to use it in a

sample of individuals with PD, our findings are unlikely to be an artifact

of the EGAmethod. That is because similar results have been observed
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in studies using traditional FA methods. First, a study that performed

principal components FA to cognitive test data of individuals with PD-

MCI showed method variance as well, even if they were theoretically

assumed to represent different cognitive domains: for example, Digit

Span forward and Digit Span backwards.47 Second, in the factor meta-

analysis with cognitive test data of CHIs by van Rentergem et al.,17 the

best fitting model consistently grouped test scores from the same test

paradigm into the same factor too.

A limitation of this study is that our sample consisted of individu-

als with different cognitive statuses (PD-NC, PD-MCI, PD-D). As it has

been shown that different clinical groups show specific organizations

of cognitive functions,8 thismight be true for cognitive state subgroups

within the same clinical group as well. Network neuropsychology stud-

ies have shown that cognitive organization can change with the onset

of cognitive impairment, being reflected in network characteristics

like node strength centrality.14,48 Existing network neuropsychology

studies aiming to identify communities within network models were

heterogenous regarding statistical method, sample size, group of inter-

est, and cognitive test scores included.15 Two studies applying EGA

showed that the number of dimensions identified changed on the spec-

trum from groups of individuals with healthy cognition over SCD and

MCI to AD.13,14 However, results showed no consistent trend of an

increasing or decreasing number of dimensions across this spectrum.

These findings may be limited in generalizability and robustness, as

they by far did not reach the recommended sample size of n = 500

to apply EGA for each group.12 To comply with this simulation-based

recommendation for sample size, we decided not to split the sample

into subgroups of different cognitive statuses. Future studies should

focus not only on cross-sectional network and dimensionality analysis,

but also on longitudinal approaches, for example, by applying dynam-

ical EGA,49 which can perform longitudinal dimensionality analysis

based on network models. This could help to gain a deeper under-

standing of how the organization of cognitive functioning may change

over time.

Another limitation to consider is the exploratory and data-driven

approach applied in this study. Although it is possible to establish the

stability of network analysis and EGA results by applying bootstrap-

ping methods, it is not possible, to date, to establish the stability of

UVA results. Hence, specific findings based on the UVA algorithm, for

example, the degree of redundancy of specific variable pairs, need to

be interpreted with caution. However, by conceptually replicating our

findings in a different dataset with a different cognitive test battery,

we provided evidence for the stability of the overarching finding that

redundancy within cognitive test batteries could bias the empirical

analysis of the cognitive functioning structure.

It is important to note that we also do not believe that our EGA

results should be interpreted as the true structure of cognitive func-

tions, as cognitive test scores do not necessarily reflect isolated

cognitive functions. Thus, our findings might reflect a measurement

problem regarding cognitive functions in general. Therefore, this issue

is not limited to the network neuropsychology framework, but is also

relevant to traditional FA methods. Furthermore, we would argue that

criteria for cognitive diagnostics relying on cognitive test scores should

consider the test score structure rather than a theoretical structure

of cognitive functions. Hence, applying EGA, especially in combina-

tion with UVA, can be a useful tool for retrospectively evaluating the

validity of cognitive test batteries. We believe that our retrospective

analysis can influence future test battery compositions to improve

valid and reliable measurement, reduce redundancy, and ensure the

validity of cognitive diagnoses and their subtypes as we know them.

Simultaneously, it also may pave the way for challenging the concept

of cognitive domains and the diagnosis criteria that are associated

with them in favor of concepts that reflect the complexity of cognition

as an interconnected system. However, future research will need to

develop appropriate test batteries, convenient parameters to evaluate

cognitive performances, and adequate criteria for diagnosing cognitive

impairment within this framework, which do not yet exist.

A strength of this study is that it is one of the first to systematically

evaluate the structureof cognitivedomainswhile takinganetworkper-

spective on cognition, especially in the groups of individuals with PD

(andCHIs). Taking the first step to fill the gap in this under-investigated

field, we applied an exploratory dimensionality analysis approach and

integrated confirmatory approaches by comparing two empirically

derived structure with a prior theoretically assumed structure using

CFA. Future studies aiming to replicate our findings should ideally be

preregistered with clear hypotheses to further improve confidence in

these findings.

We believe that one major strength of this study is combining net-

work and dimensionality analysis by applying EGA. As we already

mentioned, theoretical19 as well as empirical aspects (results of the

LCT) support the view of cognition as a complex network of interacting

cognitive functions. Tomake inferences about complex interconnected

systems like cognition, we need to apply methods that can adequately

reflect this complexity, like network analysis methods.16 Another

strength is that we were able to conceptually replicate our findings in

another, independent, large sample of CHIs,21 providing first evidence

that our results are conceptually replicable and generalizable, and not

specific to PD. Furthermore, analyses were based on demographically

adjusted, standardized z-scores in the PD sample and by partial cor-

relation in the CHI sample. Even though demographical adjustments

differed between cognitive test scores, therewere no hints that results

were biased by the influences of demographical variables.

5 CONCLUSION

To conclude, by combining network and dimensionality analysis by

applying EGA to cognitive test scores of almost 700 individuals with

PD, we found that theoretically assumed categorizations of cognitive

test scores into cognitive domains could not be replicated. Further-

more, results showed a high redundancy between test scores, having

profound implications for the validity of PD-MCI diagnoses and sub-

type classifications, as well as the composition of cognitive test batter-

ies in this context. Conceptually replicating the results in a large sample

of CHIs, we interpret our findings in the light of the emerging field of

network neuropsychology, arguing that cognitive functioning can be
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viewed as a complex network of interconnected cognitive functions

rather than a latent factor structure withmodular cognitive domains.
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