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Abstract

Backgrounds

Isolated REM sleep behaviour disorder (iRBD) is a prodromal marker of a-synucleinopathies. Although
cognitive impairment is consistently reported in iRBD, its assessment varies considerably across
studies. This study characterized mild cognitive impairment (MCI) patterns in iRBD using machine
learning and identified the minimal neuropsychological test battery needed for accurate diagnosis.

Methods

Comprehensive neuropsychological data from 216 assessments (162 with MCI, 54 without) in 110 iRBD
patients were analysed. Four supervised classifiers (logistic regression, support vector machine, random
forest, gradient boosting) were trained across three frameworks (raw scores, raw scores plus
demographics, binarized scores) to distinguish MCI status. A multi-objective hyperparameter
optimization approach then identified the minimal test subset preserving diagnostic accuracy.

Results

Of MCI cases, 30% were single-domain and 70% multi-domain, with attention/executive functions and
memory most frequently impaired. Binarized neuropsychological scores yielded the best classification
performance, with support vector machine achieving 94.7% accuracy. Feature importance analyses
consistently highlighted episodic memory, executive, and visuospatial measures. The optimization
framework identified a mean of 8 informative tests spanning these domains, achieving comparable
diagnostic accuracy to the full battery.

Conclusions

Cognitive impairment is common in iRBD and predominantly multidomain. Machine learning approaches
applied to neuropsychological data can accurately classify MCI status and identify a concise, clinically
feasible set of tests with high diagnostic value. These findings support comprehensive, multidomain
neuropsychological assessment in iRBD and may inform optimized risk stratification in prodromal a-
synucleinopathies.

What is already known on this topic

RBD subjects may experience cognitive decline during the course of the disease. The cognitive profile is
usually multidomain, but no consensus exists on the optimal test battery for detecting mild cognitive
impairment (MCI) in this population.

What this study adds: Machine learning approaches applied to neuropsychological data can accurately
identify MCI and highlight a concise set of cognitive tests with high diagnostic value.
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How this study might affect research, practice or policy: These findings have direct implications for
clinical neuropsychological assessment, as they suggest that shorter assessments can remain clinically
informative if they maintain representation across all four cognitive domains, rather than oversampling a
single cognitive system.

Introduction

Isolated REM sleep behaviour disorder (iRBD) is a parasomnia characterized by dream-enactment
behaviours associated with the loss of physiological muscle atonia during REM sleep.! Compelling
longitudinal evidence indicates that iRBD represents one of the most robust prodromal markers of a-
synucleinopathies, with more than 80% of patients eventually phenoconverting to Parkinson’s disease
(PD), dementia with Lewy bodies (DLB), or multiple system atrophy (MSA) over time."? As such, iRBD
provides a unique clinical window into the earliest stages of neurodegenerative disease, when disease-
modifying interventions may be most effective.’

Cognitive impairment in absence of overt parkinsonism or dementia is increasingly recognized in iRBD.*
Cross-sectional and longitudinal studies have consistently shown that people with iRBD perform worse
than healthy controls across multiple cognitive domains, particularly attention, executive functions,
visuospatial abilities, and episodic memory.*~® Importantly, the presence of mild cognitive impairment
(MCI) in iRBD has been associated with a higher risk of phenoconversion, especially toward DLB,
suggesting that cognitive dysfunction may represent a critical marker of disease severity and
trajectory.’”® However, despite increasing recognition of the clinical significance of cognitive
impairment in people with iRBD, substantial variability in neuropsychological assessments, MCI
diagnostic criteria employed, and analytical methodologies across studies continues to exist.

Cognitive impairment in iRBD populations is often assessed using screening tests (mostly the Mini-
Mental State Examination -MMSE-° or the Montreal Cognitive Assessment -MoCA-'%). However, a
comprehensive neuropsychological assessment is more sensitive for diagnosing MCI than screening
tests alone.’" Indeed, the detection of MCI through comprehensive cognitive batteries serves as a more
robust risk factor for phenoconversion, particularly for developing dementia, in iRBD than screening tests
for overall cognition.” On the contrary, comprehensive neuropsychological batteries are time-consuming
and require trained neuropsychologists, and there is no clear consensus yet on the extent of cognitive
assessment in people with iRBD. It remains to be determined whether all cognitive domains should
always be explored or whether a small subset of tests focusing on specific cognitive functions might be

sufficient.’?

In recent years, machine learning approaches have emerged as powerful tools for identifying complex,

multivariate patterns in clinical and neuropsychological data.’® Such methods have demonstrated
promise for early detection of cognitive impairment and for predicting disease progression in
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neurodegenerative disorders.’ Their application to iRBD populations may help in shedding light on the
intrinsic heterogeneity of such disorders, especially regarding cognitive impairment.

The aims of the present study are: (i) to characterize MCI in iRBD patients using multiple supervised
machine learning models, and (ii) to identify which neuropsychological domains and tests are most
informative for MCI detection. The ultimate goal is to inform the design of comprehensive yet clinically
feasible assessments that cover all relevant cognitive domains.

Methods
Patients

Patients were enrolled in IRCCS Azienda Ospedaliera Metropolitana, Ospedale Policlinico San Martino,
Genova (Italy), between January 2013 and December 2024. The inclusion criterion was a diagnosis of
iRBD, confirmed by video-polysomnography (vPSG)."® Exclusion criteria for all participants were the
presence of other brain diseases, assessed through Brain MRI or CT'®, presence of white matter
hyperintensities if the Wahlund scale was > 1 for each brain region,'” as well as the presence of overt
parkinsonism or dementia. At baseline, all patients underwent the Movement Disorder Society Unified
Parkinson Disease rating scale, third part (MDS-UPDRS-III) to quantify motor impairment, the MMSE or
the MoCA, as a measure of global cognitive functioning.

Video Polysomnography Recording

Sleep scoring was performed following current criteria.’® PSG derivations were placed according to
recommended rules’®819 to evaluate sleep features, respiratory, cardiac, and limb events. Chin
electromyography (EMG) was used to visually quantify REM sleep without atonia (RWA), and the ‘any’
REM percentage was used.???" If used, patients were asked to withdraw melatonin, hypnotic
medications, and antidepressant drugs for two weeks before the recording.

Neuropsychological assessment

Cognitive status of patients was assessed using a comprehensive neuropsychological battery, including
at least two tests for each of the main cognitive domains (memory, attention and executive functions,
visuospatial abilities, and language).'® To evaluate the presence of MCI, impairment must be observed in
at least two tests, either within the same cognitive domain (single-domain MCI) or across different
domains (multiple-domain MCI).22 Moreover, the cognitive change needs to be endorsed by the person
or informant, and it should be considered relevant at clinical assessment by a neurologist with specific

expertise in cognition.
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Clinical information on activities and instrumental activities of daily living and cognitive assessments
was evaluated at baseline and prospectively every two years.

In detail, the following tests for each domain were used:

1. Memory: Corsi Span?®?4, Digit Span?, Rey Auditory Verbal Learning Test (RAVLT, immediate and
delayed recall),?® and Craft Story.?®

2. Attention and Executive functions: Trail Making Test A and B (TMTA-TMTB)?%, Symbol Digit task?3,
Stroop Colour Word?’, Wisconsin Card Sorting Test (WCST).28

3. Visuospatial abilities: Clock Drawing Test??, Constructional apraxia (simple copy and copy with
guiding landmarks).3°

4. Language: semantic verbal fluency and phonemic verbal fluency.?°

The neuropsychological battery was repeated every two years, according to our clinical routine.

Standard protocol approval

All patients provided written consent to the study. The local ethics committee approved the study
protocol (CER Liguria: 105/2023-DB id 13027), and all participants signed an informed consent form in
compliance with the Helsinki Declaration of 1975.

Data availability statement

The data that support the findings of this study are available from the corresponding author upon
reasonable request.

Study overview and statistical analysis

The neuropsychological test scores were used in the following analysis frameworks as follows: a) the
raw, uncorrected scores, which were treated as continuous variables; and b) the binarized 0-1 scores,
where 0 indicated tests considered impaired, while 1 indicated tests considered normal, based on
currently published cut-off and normative data for each test.

To study demographics and clinical differences between iRBD patients with and without MCI, a Pearson'’s
Chi-squared test was used, while a descriptive Analysis of Variance (ANOVA) was performed to
summarize differences in cognitive performance. Furthermore, a MANOVA was used to assess whether
MCI status had a global effect on the joint distribution of cognitive variables. The presence of missing
values was addressed using a K-Nearest Neighbours (K-NN) imputation strategy.

In the first step of this study, we aimed to characterize MCI in patients with RBD by exploring the
combinations of neuropsychological tests that are consistently altered. To do this, four supervised
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machine learning models were trained and evaluated for binary classification of patients who were
classified as having MCI versus those who did not:

1. Logistic Regression (a statistical model that estimates the probability that a given input belongs to a
particular class);

2. Support Vector Machine (SVM, a model capable of handling non-linear decision boundaries using
kernel functions);

3. Random Forest (an ensemble of decision trees that aggregates predictions to reduce overfitting and
improve generalizability);

4. Gradient Boosting (a boosting technique that builds models sequentially to correct the errors of
previous ones, often yielding high predictive accuracy).

These analysis models were applied across three experimental frameworks:
Experiment 1) Considering the raw neuropsychological test scores;

Experiment 2) Considering both demographic information (age, sex and education) and raw
neuropsychological test scores;

Experiment 3) Considering the binarized (0—1) neuropsychological test scores.

Each experiment involved a holdout set (20% of the assessments), with the remaining 80% used for
training the models. Within the training set, a 5-fold cross-validation and grid search were conducted to
estimate hyperparameters. The best-performing model was then evaluated on the holdout set. This
process was repeated across five independent runs to simulate real-world prediction scenarios and to
assess the robustness of patient classification. To enhance interpretability, feature importance for each
neuropsychological test was extracted from the Random Forest and SVM models.

As a second step, we applied a multi-objective optimisation approach to minimise both the number of
neuropsychological tests used and the classification error, aiming to identify the minimum set of tests
required to identify MCI patients. A hyperparameter optimisation framework (optuna:
https://github.com/optuna/optuna)3! was tested on both continuous and binary neuropsychological
variables, using the SVM classifier. This process was repeated across 20 independent runs to identify
the smallest subset of features that could achieve optimal performance. All neuropsychological
assessments were treated as independent entries in the statistical analyses to increase the number of

available assessments and boost statistical power.

Results

Group characteristics and Neuropsychological Features

A total of 110 subjects were enrolled (mean age: 69 + 7.57; 78% males), of which 32 eventually

phenoconverted to an overt a-synucleinopathy during a mean follow-up time of 27 + 24 months, either
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PD or DLB based on the clinical syndrome seen at follow-up, according to current criteria®?33, and 78
subjects remained free from overt parkinsonism and/or dementia at the last available follow-up.

Of the 110 iRBD patients included with a baseline neuropsychological assessment, of which 56%
(61/110) met the MClI criteria, 65 had one cognitive follow-up, 38 had two cognitive follow-ups, and 17
had three cognitive follow-ups. Given that the MCI diagnosis is based on a single cognitive assessment,
regardless of prior assessment results, this approach is methodologically appropriate. Seven patients
who had developed dementia during the follow-up time were excluded from the analysis, so to focus on
the prodromal stage. Thus, a total of 216 neuropsychological assessments were retained in the study,
consisting of 162 iRBD patients with MCI and 54 iRBD patients without MCI (Table 1).

Demographic and clinical cha;e::t'zleeriltics of iRBD subjects with and
without MCI.
Age at assessment RBD with MCI  RBD without MCI  p-value
(n=162) (n=54)
7197 68.5%+7.2 0.001
Sex 0.2
Males 132 (81%) 40 (74%)
Females 30 (19%) 14 (26%)
Education 98+4 11.8+4.1 0.002
MCI Type
Single-domain 49 (30%) /
Multi-domain 113 (70%) /
MMSE 27.312.6 29+1.1 <0.001

In the iRBD with MCI group, 49 (30%) assessments were classified as “Single-domain”, while 113 (70%)
were classified as “Multi-domain” MCI. Among patients with single-domain MCI, the Attention and
Executive Function domain was found impaired in 33 evaluations, the Memory domain in 12, the Visuo-
spatial domain in 3 and the Language domain in 1 evaluation.

Of the 113 assessments labelled as Multi-domain MCI, 55 highlighted two impaired cognitive domains
(Memory + Attention and Executive functions = 44; Attention and Executive functions + Visuo-spatial
functions = 5; Memory + Visuo-spatial functions = 5; Attention and Executive functions + Language = 1),
43 highlighted three impaired cognitive domains (Memory + Attention and Executive functions + Visuo-
spatial = 27; Memory + Attention and Executive functions + Language = 13; Attention and Executive
functions + Visuo-spatial + Language = 2; Memory + Visuo-spatial + Language = 1). Lastly, fifteen
evaluations highlighted impairment across all four cognitive domains (Fig. 1). Of note, Memory and
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attention/executive functions were the most frequently affected domains across multi-domain MCI
patterns.

Additionally, taking into consideration patients with both single-domain and multi-domain MCI, Attention
and Executive functions were rated as impaired 140 times, Memory 117 times, Visuo-spatial 58 times,
and Language 33 times (Fig. 1).

Descriptive analysis

When comparing RBD with MCI and RBD without MCI patients across cognitive measures, both ANOVA
and Kruskal-Wallis analyses found that all variables reached statistical significance (p < 0.05),
confirming that the observed differences are not artefacts of distributional assumptions. Moreover, the
MANOVA analysis confirmed the presence of widespread cognitive differences between MCI and non-
MCI groups, distributed across multiple neuropsychological domains (Wilks’ Lambda: F(19.204) = 44.19,
p <0.0001).

Attention and Executive functions tasks (namely: TMTA, TMTB, Stroop Colour, Stroop Colour-Word)
showed the strongest difference, alongside working memory measures (Digit Span, Corsi Span) and
episodic memory (Rey Immediate and Delayed Recall). These findings indicate that the earliest cognitive
impairments in RBD with MCI patients are distributed across multiple domains rather than confined to a
single deficit.

Classification performance across experimental
frameworks

For each experiment, the dataset was split into a training set (80%, n = 174) and a holdout test set (20%,
n = 43); classification performance (accuracy, sensitivity, specificity) for all four models across the three
experimental frameworks is summarized in Table 2.
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Table 2

Classification performance of four machine learning models across the three experimental frameworks.
Values are mean * standard deviation across 5 independent runs.

Model Accuracy Sensitivity  Specificity
Experiment 1: raw neuropsychological  Gradient 85.78 ¢ 89.23+7.4 81.05+%
tests scores Boosting 7.3 7.98
Random Forest  85.33% 90+5.83 78.95%
2.98 6.45
Support Vector 84.44 + 89.23+7.4 7789t
Machine 7.03 9.42
Logistic 81.78 + 85.38+ 76.84
Regression 5.31 5.01 10.26
Experiment 2: demographics and raw Gradient 84.89 + 86.15+ 83.16
neuropsychological tests scores Boosting 5.31 6.44 9.42
Random Forest 84 +4.82 86.92 + 80+5.77
6.99
Support Vector 83.56 86.92 + 78.95+
Machine 6.21 6.99 8.32
Logistic 81.78 = 86.15% 75.79
Regression 6.92 7.98 7.06
Experiment 3: binarized Gradient 8816 86.92 + 89.47 +
neuropsychological tests scores Boosting 6.44 6.45
Random Forest 9216 92.31¢ 91.58+
6.66 7.98
Support Vector 94.67 94.62 + 9474 +
Machine 2.53 2.11 6.45
Logistic 03.33¢ 0231+7.2 09474+
Regression 4.16 5.26
Table 3

Classification performance of the hyperparameter-
optimized minimal test subsets, across 20 independent
runs, using the A) uncorrected, raw neuropsychological

test scores, and the B) binarized neuropsychological test

scores.
Metric Accuracy  Sensitivity  Specificity
Mean 81+44 80.4+6.3 81.81+9.5
Bestrun 89 88.5 89.5
Mean 89.9+58 87.5+82 93.2+6.3
Bestrun 100 100 100
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Using raw neuropsychological scores alone (Experiment 1) or combined with demographic data
(Experiment 2), Gradient Boosting slightly outperformed Random Forest and Support Vector Machine,
while Logistic Regression showed the lowest performance; when adding demographic variables, the
model did not meaningfully improve classification over raw scores alone. Binarizing neuropsychological
scores (Experiment 3) improved performance overall: Support Vector Machine achieved the best
accuracy, exceeding 94%, followed by Logistic Regression, Random Forest, and Gradient Boosting.
Across all three experiments, sensitivity exceeded specificity, indicating a greater ability to detect MCI-
positive patients.

Feature importance

Feature importance analysis showed that the Random Forest model ranked TMTB-A, Rey Auditory Verbal
Learning Test (immediate recall), Craft Story, TMTB, Symbol Digit, Stroop Colour, and TMTA as the most
informative predictors of MCI status in when considering demographics and neuropsychological raw
test scores (Experiment 2) (Fig. 2A). Using binarized scores (Experiment 3), the ten most important
Random Forest features were TMTB, Craft Story, Rey Auditory Verbal Learning Test (immediate and
delayed recall), Corsi Span, Digit Span, Stroop Colour-Word, Constructional apraxia (with guiding
landmarks), TMTB-A, and Clock Drawing Test (Fig. 2B).

In Experiment 2, the Support Vector Machine model instead prioritized Craft Story, education, age at
assessment, Rey Auditory Verbal Learning Test (immediate recall), Stroop Colour-Word, Clock Drawing
Test, TMTB-A, and TMTB (Fig. 2C). In Experiment 3, the Support Vector Machine model selected largely
the same tests (Craft Story, Rey Auditory Verbal Learning Test immediate recall, TMTB, Stroop Colour,
Corsi Span, Rey Auditory Verbal Learning Test delayed recall, Constructional apraxia, Digit Span, Stroop
Colour-Word, Clock Drawing Test), reinforcing memory, executive, and visuospatial measures as the
most robust predictors of MCI status (Fig. 2D). Across both models, episodic memory (Story Recall, Rey
Auditory Verbal Learning Test immediate recall) and executive-function (Trail Making Test) measures
were consistently top-ranked.

Minimal test-battery selection: hyperparameter
optimization

The multi-objective optimization framework, applied to the Support Vector Machine model in
Experiments 1 and 3, identified the smallest test subset that preserved diagnostic accuracy for both
uncorrected and binarized scores (Table 3A-B; Fig. 3A-B).

For uncorrected scores, the most frequently selected tests across 20 runs were Craft Story (16/20),
Corsi Span (14/20), Rey Auditory Verbal Learning Test immediate recall (12/20), and Constructional
apraxia with guiding landmarks (9/20), with a mean of 6.3 + 1.8 tests selected per run.

For binarized scores, the top selections were Craft Story (19/20), Clock Drawing Test (16/20), Rey
Auditory Verbal Learning Test immediate recall (13/20), and Constructional apraxia with guiding
landmarks (13/20), with a mean of 8.1 + 2.0 tests selected per run. In both frameworks, the optimized
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subsets spanned memory, executive, and visuospatial domains, consistent with the feature-importance
analyses above.

We performed a post hoc analysis, applying all the aforementioned statistical models only to baseline
data. The overall results did not change significantly, showing a slight increase in performance variance,
likely due to the reduced sample size and more unstable models.

Discussion

In this study, we showed that cognitive impairment is both highly prevalent and predominantly
multidomain, even at the prodromal stage of a-synucleinopathies. More than half of our cohort of iRBD
patients met the criteria for MCI at baseline, with more than one-third of this exhibiting impairment
across three or four cognitive domains. These findings reinforce the notion that cognitive deficits in iRBD
mirror widespread network dysfunction, already present at the prodromal stage. A key clinical
implication of these findings is that cognitive assessment in iRBD should systematically cover all four
major cognitive domains (namely, memory, attention and executive functions, visuospatial abilities, and
language) regardless of the specific tests chosen. Indeed, no single domain alone captures the full
complexity of cognitive impairment in this clinical population.

The most frequently observed cognitive profile was characterized by deficits in attention and executive
functions, followed by deficits in working memory, episodic memory, and visuospatial abilities. This
pattern aligns with previous studies describing a non-amnestic or multi-domain MCI phenotype in iRBD,
which differs from the predominantly amnestic profile, typically associated with prodromal Alzheimer’s
disease.®3*3% The high frequency of executive—attentional and visuospatial impairments is particularly
noteworthy, as these domains are closely linked to fronto-striatal and posterior cortical networks known

to be affected early in a-synucleinopathies.3637

Using supervised machine learning, we demonstrate that neuropsychological tests reliably
distinguishing iRBD patients based on their MCI status span the four main clinical domains. Notably, no
single domain or a fixed combination of domains characterizes MCI in people with iRBD; rather, impaired
domains co-occur in highly variable patterns across patients. This heterogeneity is clinically meaningful:
while attention and executive functions were the most frequently impaired domains, memory,
visuospatial, and, less commonly, language deficits also contributed substantially to MCI classification.

These findings are in line with prior studies describing the neuropsychological profile of iRBD.%38

Among the four domains examined, language emerged as the least frequently impaired, both in overall
prevalence and in feature selection analyses. However, a minority of patients exhibited isolated or
predominant language-domain deficits, and the hyperparameter optimization analysis confirmed that
excluding language tests reduced overall diagnostic accuracy. This observation underscores that, while
language impairment is uncommon in iRBD, its presence may carry specific diagnostic or prognostic
significance and therefore warrant systematic assessment as part of any comprehensive
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neuropsychological battery. Across multiple experimental frameworks, ensemble-based methods
(Random Forest and Gradient Boosting) and Support Vector Machines consistently outperformed
logistic regression, highlighting the importance of capturing non-linear relationships and complex
interactions among cognitive measures. Across models, the tests most consistently identified as
informative were the Craft Story and Rey Auditory Verbal Learning Test (episodic memory), Trail Making
Test B and Stroop tasks (executive functions), Digit and Corsi Span (attention and working memory),
Clock Drawing Test and constructional apraxia (visuospatial abilities). The convergence of these tests
across multiple frameworks and feature selection methods lends robustness to their role as cognitive
markers in prodromal synucleinopathies. Importantly, the consistent selection of tests from multiple
cognitive domains across all analytical frameworks reinforces a core clinical message: a
neuropsychological battery restricted to one or two domains’ risks missing an important proportion of
MCI patients. The cognitive profile of iRBD is inherently multidomain, and any cognitive assessment
protocol should reflect this complexity. With the aim of striking a pragmatic balance between
comprehensive assessment and clinical feasibility, we conducted a hyperparameter optimization
analysis to identify the minimal yet informative subset of neuropsychological tests that accurately
classify MCl in iRBD patients. Using a multi-objective optimization framework, we show that good
diagnostic performance can be achieved with a mean of 8 tests across the different analysis runs.
Notably, the selected tests span attention, executive function, memory, and visuospatial function. The
prominence of episodic memory and visuospatial measures in the optimized test sets is of particular
interest, as these domains are often associated with posterior cortical dysfunction and may signal an
increased risk for DLB rather than PD.838740 These findings support the use of detailed, multidomain
neuropsychological assessments for the accurate diagnosis of MCl in people with iRBD. Whether the
specific pattern of domain involvement can additionally serve as a marker of phenoconversion risk, and
toward which clinical syndrome, remains an important question for future longitudinal analyses.
Conversely, pure language tests were not selected in this analysis. However, we found that a minority of
patients had specific language-domain impairment. Indeed, the hyperparameter optimization achieved
excellent, though not perfect, accuracy in identifying MCI among patients with iRBD. This result suggests
that a neuropsychological assessment not including language tests might diagnose the vast majority but
not all patients with MCI.

The integration of machine learning techniques provides novel insights into test selection and diagnostic
optimization.

Several limitations should be acknowledged. First, external validation in independent cohorts is needed
to confirm the generalizability of the machine learning models. Then, including biomarker data (e.qg.,
dopamine transporter imaging, seed amplification assay methods) may further enhance predictive
accuracy and should be explored in future studies.

In conclusion, cognitive impairment in iRBD is common, multidomain, and detectable well before the
onset of overt neurodegenerative disease. Machine learning approaches applied to neuropsychological
data can accurately identify MCI and highlight a concise set of cognitive tests with high diagnostic value.
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These findings have direct implications for clinical neuropsychological assessment. Routine practice
often encourages abbreviated cognitive batteries due to time constraints, leading to a focus on selected
cognitive domains. Our results suggest that shorter assessments can remain clinically informative if
they maintain representation across all four cognitive domains, rather than oversampling a single
cognitive system, as cognitive impairment in people with iRBD does not follow a fixed pattern. These
findings have important implications for early diagnosis, risk stratification, and the design of targeted
interventions in prodromal a-synucleinopathies.
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UpSet Plot: Overall MCI Cognitive Profiles (Single & Multi-domain)
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Figure 1

Cognitive domain impairment patterns in iRBD patients with MCI (n = 162).

UpSet plot showing the number of assessments per combination of impaired cognitive domains (main
panel), colour-coded by the number of domains involved (1-4). The left-hand bars show the total
frequency of impairment per cognitive domain across all MCl assessments.
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Experiment 1 Experiment 2
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Figure 2

Feature importance for MCI classification, Experiment 1 (demographics + raw neuropsychological
scores) and Experiment 2 (binarized neuropsychological scores). A) Random Forest in Experiment 1. B)
Random Forest in Experiment 2. C)Support Vector Machine in Experiment 1. D) Support Vector Machine
in Experiment 2.
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Figure 3

Test-selection frequency from the hyperparameter optimization analysis (20 runs), identifying the
minimal informative neuropsychological battery. A) Uncorrected/raw scores. B) Binarized scores.
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