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ABSTRACT

Introduction: Cognitive complaints are often considered early indicators of Alzheimer's disease (AD) and commonly lead to
memory clinic consultations. Prior studies suggest stronger associations between cognitive complaints and mood than with ob-
jective cognition, but this interplay remains poorly understood. Using a machine learning-supported approach, we aimed to (1)
identify key predictors of cognitive complaints, and (2) compare the value of gamified versus standard neuropsychological testing
in detecting subtle deficits.

Methods: In this international multi-center study, 98 participants (57 females; mean age 71.9, range 55-86) from three mem-
ory clinics completed the Cognitive Failures Questionnaire (CFQ), mood and apathy questionnaires, the tablet-based gamified
Adaptive Cognitive Evaluation Explorer (ACE-X), and standard neuropsychological tests. Predictors of CFQ scores were exam-
ined using elastic net regression and the Boruta algorithm, followed by linear mixed-effects modeling.

Results: Greater mood symptoms were associated with more cognitive complaints, whereas increasing age was linked to fewer
complaints. Study center accounted for additional variance. The final model explained a substantial proportion of variance (con-
ditional R?=0.48, marginal R?=0.33). Participants had lower z-scores on ACE-X compared to standard testing, but neither pre-
dicted the severity of cognitive complaints.

Discussion: Mood and age were main predictors of cognitive complaints in memory clinic patients. Although ACE-X yielded
lower normative scores than standard tests, neither cognitive measure was linked to complaints. These findings highlight the
importance of systematically assessing mood, adopting personalized approaches when evaluating subjective and objective cog-
nition, and the potential value of gamified assessments for screening populations at risk of AD.
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1 | Introduction

Alzheimer's disease (AD) is a progressive neurodegenerative
disease characterized by cognitive decline, behavioral changes,
and impaired daily functioning. AD is the leading cause of
major neurocognitive disorders (MND) [1], accounting for an
estimated 60%-70% of cases worldwide according to the World
Health Organization (WHO Key Facts on Dementia, published
online on March 31 2025). Around the world, about 416 million
people are estimated to fall within the AD continuum, repre-
senting up to 22% of people aged 50 and above [2].

AD pathology begins 10-20years before the onset of clinical
symptoms. When deficits are objectively detected, pathological
changes such as amyloid-beta plaque accumulation and tau tan-
gles are usually already advanced [3, 4]. Therefore, current re-
search efforts shift toward screening and preventive approaches,
in order to enhance the effectiveness of interventions, including
disease-modifying treatments and neurorehabilitation, which
could in turn positively impact prognosis and quality of life 5, 6].

Cognitive complaints are among the first clinical signs that ap-
pear and may represent a target for early screening and preven-
tion of further decline [7]. The presence of cognitive complaints
before the onset of formal objective cognitive deficits is defined
as subjective cognitive decline (SCD) [8, 9]. SCD has shown mod-
erate associations with AD biomarkers [7], and a meta-analysis
found that patients with SCD face a nearly two-fold risk of de-
veloping MND compared to individuals without cognitive com-
plaints [10]. Twenty percent of people with SCD convert to minor
neurocognitive disorder, also labeled mild cognitive impairment
(MCI) and 7% to MND [11]. Furthermore, patients with moder-
ate to high levels of complaints are more likely to progress from
SCD to MCI and MND [12].

The recently proposed SCD+ model identifies individuals with
cognitive complaints and additional factors, such as subtle cog-
nitive deficits or biomarker abnormalities as being at higher risk
for developing AD [8]. Better differentiation and stratification of
patients with SCD would allow for tailored management strat-
egies, targeting those at a greater risk of progression. However,
detecting cognitive decline in early screening of AD remains a
significant challenge. Besides their unavailability to the general
population, standard neuropsychological assessments are lim-
ited in capturing subtle decline in cognitive performance that
may not result in formally deficient normative scores but repre-
sent a considerable loss of function for the affected individuals
[10]. This is primarily due to the absence of baseline data as well
as limited ecological validity [13]. Cognitive reserve may also ac-
count for the discrepancy between SCD and seemingly normal
performance on standard cognitive assessments [14].

Digital assessments could offer a promising alternative. As
opposed to neuropsychological testing, these tools are easily
accessible (e.g., on a PC, phone, or tablet), do not require super-
vision and can easily be administered longitudinally [15-17].
Furthermore, gamified assessments provide an engaging and
interactive environment and immediate feedback, which in
turn potentially allows for a better mobilization of cognitive re-
sources and more adequate representation of the multi-modal
cognitive challenges in everyday life [18-21]. Yet, the application

of gamified cognitive assessments for early AD screening re-
mains understudied.

On the other hand, self-reported mood symptoms appear to
predict cognitive complaints more reliably than objective cog-
nitive tests [22, 23]. A study in healthy individuals showed
that Cognitive Failures Questionnaire (CFQ) scores exhibit
moderate-to-strong positive associations with self-reported de-
pressive and anxious symptoms [24]. Depression, anxiety and
apathy have also been identified as early features of AD pathol-
ogy and are increasingly considered part of its initial clinical
presentation [22, 23, 25-27]. Younger age and professional occu-
pation have also been linked with higher cognitive complaints
[28, 29]. However, the links between cognitive decline, cogni-
tive complaints, demographic factors and mood in older people
presenting for work-up of neurocognitive disorders remain little
understood.

In this international multi-center observational study, we ad-
opted a machine learning-supported framework to disentangle
the contributions of mood, objective cognitive performance,
and demographic factors to the severity of cognitive complaints
as measured by the CFQ in older adults consulting a memory
clinic. The principal aim of this study was to identify the most
relevant predictors of cognitive complaints using a data-driven
feature selection framework.

As a secondary aim, we compared cognitive scores between the
tablet-based gamified Adaptive Cognitive Evaluation—Explorer
(ACE-X) and standard neuropsychological tests, and we evalu-
ated whether gamified assessment may be a better predictor of
the severity of cognitive complaints.

2 | Methods

For the sake of conciseness, the full text and references for all
assessments are available in the Supporting Informations.

2.1 | Participants

This international multi-centric study recruited patients pre-
senting cognitive complaints from three memory centers: the
Department for Geriatric Psychiatry and Psychotherapy in Bern
(Switzerland), the Memory, Resources and Research Center in
Nice (France), and the Leenaards Memory Center in Lausanne
(Switzerland). Patients in all three centers were referred to mem-
ory clinics through routine clinical pathways (self-referral, gen-
eral practitioner, or specialist referral). All consecutive patients
meeting the inclusion criteria during the study period were in-
vited to participate. No additional selection beyond inclusion/
exclusion criteria was applied.

Inclusion criteria were: (a) age > 55years, (b) informed consent,
(c) comprehension of instructions in French or German, (d) no
major neurocognitive or psychiatric disorder according to the
DSM YV, (e) sensory-motor ability to use a tablet, and (f) a Clinical
Dementia Rating scale score < 1. Ethical approval was granted
by the respective ethics committees for each center. All partici-
pants provided written informed consent.
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2.2 | Data Collection

Self-reported cognitive complaints, mood, and apathy were as-
sessed using three widely used patient reported outcome measures
(PROMs), with higher scores indicating greater levels of com-
plaints, and scores used as continuous variables in our analyses:

« The Cognitive Failures Questionnaire (CFQ) as a global
measure of perceived cognitive difficulties.

« The Hospital Anxiety and Depression Scale (HADS)
total score for “mood”, and the sub-scores for anxiety and
depression.

» The Apathy and Motivation Index (AMI) total score.

ACE-X is a gamified, adaptive mobile cognitive test developed
by the Neuroscape Center at the University of California San
Francisco (UCSF) [16]. The administered ACE-X modules in-
cluded the Basic Reaction Time (BRT) task for response speed,

C)

Gem-Chaser (forward and backward) for visuospatial short-
term and working memory, and the Tap'N'Trace (TNT) task for
dual-tasking performance. Figure 1 displays screenshots from
the ACE-X tests.

The standard neuropsychological battery was created to match
the cognitive functions assessed by ACE-X and included the
Test of Attentional Performance (TAP) Alertness subtest for
basic visual alertness, the WMS-III Spatial Span (forward and
backward) for visuospatial short-term and working memory,
and Baddeley's dual-task assessment (digit recall and tracking
tasks) to evaluate multitasking performance. We also included
the Montreal Cognitive Assessment (MoCA) as a screening mea-
sure of global cognition.

All tests and PROMs were administered by trained clinicians on
the same day. Socio-demographic data (age, sex, education) were
collected. Data were de-identified and stored on secure online
Servers.

Feedback

After each answer you'll be given feedback to tell you how
you did

\/ A green check means you g
Y

FIGURE1 | ACE-Xscreenshots. (A) Home-screen where each gem represents an assessment module. (B) Tutorial explaining the feedback indi-
cators and their meanings. (C) In the Gem-Chaser module, participants are required to memorize and recall the sequence of illuminated rhombi. (D)

Dual task condition of the TNT module, requiring participants to simultaneously trace the shape on the center of the screen with the non-dominant

hand while selectively tapping on the circle at the bottom-right of the screen when recognizing a green triangle pattern, and ignoring other geometric

shapes appearing on the edges of the screen.
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2.3 | Statistical Analysis

All analyses were performed using R Software (v4.4.2; R Core
Team 2024).

2.4 | Data Pre-Processing

The available predictors of CFQ scores were age, gender, ed-
ucation (ranked as per Swiss Federal Office of Statistics with
1=compulsory education, 2=upper secondary education:
vocational education and training, 3 =upper secondary edu-
cation: general education, 4 =tertiary education: professional
education, and 5=tertiary education: higher education), data
acquisition center, mood (HADS total), apathy (AMI), and
cognitive performance (mean composite Z-scores for stan-
dard and gamified tests, and MoCA). Raw ACE-X scores
were converted to Z-scores using UCSF norms (Supporting
Information). French and German norms were used for scor-
ing the performance on neuropsychological tests according to
the linguistic zone of the respective centers. For ACE-X and
neuropsychological assessments, the Z-scores for the specific
tests were averaged across domains. Of note, TAP alertness
data were only available for 17 patients (19%) in our final sam-
ple. The sample size for the primary analysis was not affected
by missing TAP alertness values.

To assess the robustness of our approach, we re-ran the entire
analysis pipeline under several variations (e.g., entering HADS
anxiety and depression subscales separately). These exploratory
runs yielded comparable results, with no subscale consistently
outperforming the total HADS score. For parsimony and in-
terpretability, we therefore retained only the HADS total score
in the final model. Participant characteristics were compared
across centers with Kruskal-Wallis (continuous) and x? tests
(categorical). Normality was assessed via Q-Q plots and box-
plots; extreme values (> 3 SD) were removed.

2.5 | Feature Selection

We included all available predictors of cognitive complaints within
a parsimonious model. Feature selection was performed using
machine learning. Elastic net regression was chosen for its ability
to handle moderate correlations among predictors while perform-
ing variable selection through regularization [30]. A correlation
matrix among PROMs and cognitive measures is included in the
Supporting Information Table S2. This method combines Lasso
(L1) and Ridge (L2) penalties, balancing model sparsity with pre-
dictive accuracy by shrinking weakly contributing coefficients
toward zero. The model was trained on 70% of the data using 10-
fold cross-validation to optimize A (regularization strength) and o
(mixing parameter). Performance was evaluated via RMSE and
R? on both training and test sets. We examined the stability of the
regularized coefficients across cross-validation folds to assess the
robustness of each predictor. For descriptive purposes, we defined
coefficients as “unstable” when their sign changed in more than
20% of folds or when amplitude varied markedly.

To validate and complement elastic net findings, the Boruta al-
gorithm was applied [31]. Boruta is a wrapper method extending

random forests that generates “shadow features” by permut-
ing original predictors. Feature importance represented by
Mean Decrease Accuracy (MDA) is compared to the highest-
scoring shadow. Significance is evaluated empirically through
permutation-based comparisons rather than traditional deter-
ministic approaches. Predictors are classified as ‘confirmed’
if their importance is consistently higher than the maximum
importance of shadow features across multiple permutations,
‘rejected’ if consistently lower, and ‘tentative’ if the difference
is inconsistent. This empirical approach reduces false positives
and ensures robust identification of variables most predictive of
cognitive complaints, particularly in datasets with correlated
predictors. The Boruta algorithm was recently used to ob-
tain the most significant features for classification of AD [32].
Combining elastic net and Boruta strengthens the reliability and
interpretability of our feature selection.

2.6 | Final Model and Performance

Predictors selected by both elastic net and Boruta were included
in a linear regression model for interpretability. Goodness-of-fit
was evaluated using R? (from the MuMIn package). Model per-
formance was assessed by calculating within-sample R? using
the entire dataset and a robust out-of-sample R? using the sepa-
rate test set.

2.7 | Post Hoc Analyses

We conducted measures of uncertainty of our primary results by
performing a nonparametric bootstrap with 1000 replicates on
the final mixed-effects model and derived percentile confidence
intervals for each fixed effect. This approach provides a nonpara-
metric estimate of the stability and precision of model coefficients,
offering a more robust assessment of uncertainty given the modest
sample size and potential heterogeneity across centers [33].

Given the multi-center nature of our study and to assess gener-
alizability of the outcomes, we conducted “Leave-One-Center-
Out” analyses by refitting the final mixed-effects model three
times, removing one center at each iteration. We examined
whether the direction and magnitude of the associations for the
selected variables and the CFQ scores remained consistent with
the different iterations.

3 | Results
3.1 | Patients

A total of 98 patients were enrolled (Bern N=55; Nice N=26;
Lausanne N=17). Eight were excluded due to extreme predictor/
outcome values (>3 SD, N=2) or incomplete data preventing Z-
score computation and elastic net model fitting (N=6). Table 1
summarizes characteristics of the 90 retained patients by data
acquisition center. Populations differed across centers in age
(Lausanne younger), gender (more males in Lausanne), mood
(lower depression and anxiety in Bern), apathy (lower apathy in
Nice), and cognitive complaints (lower in Bern; all details in-
cluding means and variances are provided in Table 1).
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TABLE1 | Patients' characteristics across the three centers of data acquisition.

Center
Lausanne Bern Nice p-value Total
Participants’ N 15 54 21 90
Age' Mean (SD) 66.5 (5.6) 72.9 (6.3) 73.4(6.9) 0.002%** 71.9 (6.7)
Gender* Females (%) 4 (26.7%) 31 (57.4%) 16 (76.2%) 0.012* 51 (56.7%)
Males (%) 11 (73.3%) 23 (42.6%) 5(23.8%) 39 (43.3%)
Education* vl 2 (%) 2 (13.3%) 3(5.5%) 0(0.0%) 0.106 5(5.6%)
13 (%) 6 (40.0%) 27 (50.0%) 4(19.0%) 37 (41.1%)
V14 (%) 2(13.3%) 7 (13.0%) 4(19.0%) 13 (14.4%)
V15 (%) 5(33.3%) 17 (31.5%) 13 (61.9%) 35 (38.9%)
Mean Z standard tests’ Mean (SD) -0.7(0.9) -0.2(0.7) -0.3(1.0) 0.146 -0.3(0.8)
Mean Z gamified tests’ Mean (SD) -1.3(1.5) -0.9(1.0) -0.6(1.2) 0.229 -0.96 (1.2)
MoCA total Mean (SD) 26.5(2.0) 257 (3.7) 25.0(3.3) 0.429 25.7 (3.4)
HADS total' Mean (SD) 12.5(7.6) 7.9 (5.3) 11.6 (5.0) 0.004%** 9.5(5.9)
AMI total Mean (SD) 1.4(0.3) 1.5(0.5) 1.1 (0.5) 0.019* 1.4(0.5)
CFQ total’ Mean (SD) 40.9 (15.4) 28.2 (10.2) 43.1 (12.9) < 0.001%** 33.8 (13.6)

"Kruskall-Wallis test.
Chi-square test.
*p<0.05.

£ <0.01.

kD < 0.001.

3.2 | Elastic Net Regression Results

The Elastic Net regression identified an optimal regulariza-
tion strength (1) of 3.16, and a =0, i.e., the optimal model
favored pure Ridge regression (Supporting Information
Figure S1). All predictors were retained after regularization
(Regularized coefficients for age=—0.54; AMI total=—-1.93;
center=1.90; education=1.34; gender=-2.28; HADS
total=1.01; mean Z gamified tests=—0.84; mean Z standard
tests =1.01; MoCA = —0.59). However, only HADS total scores
and age showed stable coefficients (less than 20% of sign
changes and no major variations in amplitude) throughout
cross-validation folds (Figure 2). Being multi-categorical, the
center variable could not be interpreted in the same way, as
the sign of its coefficients (positive or negative) is not intuitive.
Nevertheless, its high regularized coefficient suggests a stable
association with CFQ scores. The elastic net model demon-
strated moderate within-sample performance on training data
(RMSE=10.03, R?=0.47) and slightly reduced out-of-sample
performance on test data (RMSE=11.77, R?=0.31), suggest-
ing mild overfitting.

3.3 | Boruta Results

The Boruta algorithm identified HADS total scores (MDA =19.53),
age (MDA =11.72), and center (MDA =9.47) as important predic-
tors of cognitive complaints (Figure 3). Additionally, it confirmed
the apparent unstable contribution of other factors according to

the elastic net regression, by rejecting AMI total (MDA =1.31),
education (MDA =0.93), mean gamified Z-score (MDA =-0.004),
MoCA total (MDA=-0.32), gender (MDA=-0.34), and mean
standard neuropsychological testing Z-score (MDA=-0.36). Of
note, low positive MDA values indicate negligible contribution to
explaining variance, whereas negative MDA values suggest that
the variable may reduce model accuracy.

3.4 | Final Linear Model

Given that the set of retained predictors included center—a
variable suggesting a hierarchical data structure—we used a
linear mixed model to account for varying intercepts across
centers:

cfq_total ~ HADS _total + age + (1| center).

HADS scores were positively associated with CFQ scores,
whereas age showed a negative association. Of note, there
was no association between HADS and age (Supporting
Information). Mean CFQ scores per center also significantly dif-
fered from each other (Table 1), justifying the inclusion of center
as a random effect. This model explained a substantial propor-
tion of within-sample variance (conditional R?=0.48, marginal
R?=0.33). Specifically, mood and age accounted for about a
third of the variance (33%), while center contributed with an ad-
ditional 15%. When applied to the test data, the model showed
similar performance (conditional R2=0.43, marginal R2=0.34),
thus demonstrating its robustness.
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Stability of Regularized Coefficients Across Folds

® negative @ positive
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FIGURE 2 | Stability of regularized regression coefficients across 10 cross-validation folds for the available predictive parameters (center not

included). Each subplot shows the beta values for a specific predictor (i.e., age) across the folds. Blue points represent negative coefficients, and red

points represent positive coefficients. Greater observed variability (i.e., changes in sign in over 20% across folds or large amplitude differences) across

folds indicates less stable contribution of the predictor to the model, while flatter lines indicate more stable coefficients.

HADS Total
Age

Center
Apathy (AMI)

Education

Feature

Gamified Z-Score

MoCA Total

Gender

Standard Z-Score
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Boruta Feature Importance
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. Confirmed
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Mean Importance Score

FIGURE 3 | Feature importance ranking in predicting the CFQ score based on the Boruta algorithm. The mean importance scores for each pre-

dictor are shown. Features confirmed as important are displayed in green, while features rejected as unimportant are shown in red. The vertical

dashed line indicates the maximum mean importance score among shadow (randomized) features.
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A leave-one-center-out analysis showed that the association
between mood (HADS) and cognitive complaints (CFQ) was
preserved in all center combinations, indicating that the main
findings were not driven by any single site. Age showed similar
effects as in the main model, but slightly weaker and less consis-
tent. Model explanatory power remained stable across iterations
(marginal R>=0.21-0.45).

Bootstrap confidence intervals (1000 replicates) were computed
to assess uncertainty around the fixed-effect estimates. The
bootstrap confirmed that mood was a robust positive predictor
of cognitive complaints (95% CI: 0.84 to 1.72). In contrast, the
confidence interval for age included zero (95% CI: —0.56 to 0.12),
supporting its slightly weaker and more variable association.
The intercept CI was wide, as expected in mixed-effects models
(95% CI: 13.30 to 64.43).

3.5 | Comparison of Gamified With Standard
Cognitive Assessment

The patients presented significantly lower normative perfor-
mances on the ACE-X as compared with the standard neuro-
psychological assessments (mean ACE-X z-score =—0.90; mean
standard z-score = —0.31; p <0.001), suggesting that ACE-X may
have greater sensitivity when screening subtle cognitive deficits.
However, performances on neither the gamified nor the stan-
dard cognitive assessments were retained as significant predic-
tors of cognitive complaints in the analyses above, precluding
further comparison. Sensitivity analyses varying the handling
of the TAP alertness missing data (Supporting Information)
yielded the same overall pattern of findings: mood and age con-
sistently predicted cognitive complaints, while composite cogni-
tive scores were not retained as relevant predictors.

4 | Discussion

Taken together, we identify mood, age and center as signifi-
cant predictors of self-reported cognitive complaints in memory
clinic patients, while objective cognitive performance on either
gamified or standard neuropsychological assessments is not. We
developed a holistic, data-driven analytical framework to iden-
tify the strongest predictors of cognitive complaints. Unlike tra-
ditional approaches that rely on stepwise inclusion or arbitrary
significance thresholds, our pipeline combines elastic net regu-
larization and Boruta feature selection. Elastic net handles mul-
ticollinearity by shrinking correlated predictors and limiting
overfitting, while Boruta compares each variable's importance
against permuted “shadow” features to identify only those with
stable, non-random contributions. This dual approach therefore
improves robustness, interpretability, and reduces the risk of
false positives [30, 31].

To the best of our knowledge, only one multiple regression study
using the Behavior Rating Inventory Executive Function—
Adult version (BRIEF-A) questionnaire in 1219 older people re-
ported both a strong contribution of depression and anxiety as
well as a moderate contribution of younger age to the severity of
cognitive complaints (only on the problem-solving index of the

BRIEF-A, for age) [29]. The present study is the first to formally
quantify the relative predictive contributions of mood, age, and
other clinical variables, including a gamified cognitive assess-
ment, to the severity of cognitive complaints in memory clinic
patients using a rigorous, data-driven pipeline. This may be par-
ticularly relevant given the increasingly considered significance
of SCD in the AD continuum [7-11].

Intriguingly, both in the community setting [24], and in the pres-
ent international memory clinic cohort, older age appears to be
associated with a lower magnitude of cognitive complaints. This
may be due to various factors, such as greater cognitive chal-
lenges in the work environment, greater exposure and compar-
ison to peers, professional and societal expectations, or higher
exposure to daily stressors among younger individuals [34].
Daily life structure may also mask early deficits: older adults,
particularly when retired, may face fewer demanding every-
day tasks, making subtle changes harder to notice. In contrast,
middle-aged working individuals might detect changes earlier,
even if their work demands do not solely explain the prevalence
of complaints [28]. Furthermore, lower cognitive complaints
in older adults may reflect age-related shifts in expectations
[35], normalization of decline, and reduced awareness of ac-
tual cognitive changes, potentially also due to greater social
isolation [36] and thus a lack of external input. Finally, MND-
related stigma in older populations may lead to underreporting
[37, 38]. This has two implications: first, structured assessments
of insight and awareness should be included in clinical prac-
tice (perhaps even before addressing patients to memory clin-
ics), especially for older individuals with minimal complaints.
Discrepancy scores or performance prediction tasks can aid the
detection of early anosognosia [39]. Second, the findings call for
age-sensitive screening strategies that consider how expecta-
tions, routine, mood, and stigma shape subjective appraisal of
cognitive function. Clinicians should be vigilant for both exces-
sive complaints in middle-aged adults and a lack of complaints
in older adults.

Our findings extend previous data on associations between
mood and self-reported cognitive deficits in community-
dwelling mid-life and older individuals [22, 23, 25]. Consistent
with these earlier reports, our models identify mood as a key
statistical predictor of subjective complaints. Because both
measures are subjective in nature, this relationship likely re-
flects shared perceptual and affective influences rather than
a direct causal link. Systematic screening and comprehensive
evaluation of mood disorders may therefore improve diagnos-
tic accuracy and help contextualize subjective cognitive deficits.
Individuals with both mood disorders and perceived cognitive
deficits face a higher risk of progressing along the AD contin-
uum [8, 22, 23, 25, 26, 40, 41]. Interestingly, amyloid pathology
has been found to be associated with heightened awareness (hy-
pernosognosia) and complaints of memory decline in individu-
als who do not present objective cognitive deficits [42]. While we
cannot infer causality—whether mood alterations increase sen-
sitivity to normal cognitive lapses or cognitive failures exacer-
bate mood symptoms, systematic screening and comprehensive
evaluation of mood disorders in memory clinic consultations
may help improve diagnostic accuracy and guide early interven-
tions aimed at mitigating its impact.
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Although mood disorders are common in SCD and early AD, the
impact of treatment has rarely been assessed. Preliminary evi-
dence is encouraging: the ASPIRE meta-cognitive group inter-
vention improved daily activity satisfaction and functioning in
SCD and MCI patients [43], while a pilot combining mindfulness-
based stress reduction training with transcranial direct current
stimulation yielded moderate effect sizes in reducing anxiety
and depression, and a small effect size in improving objective
cognition, though none of these differences reached statistical
significance [44]. A recent review of SCD interventions also
highlighted potential benefits of psychological and lifestyle in-
terventions on well-being, meta-cognition, and objective cogni-
tion, though many results did not reach significance and overall
evidence remains low [45]. A growing body of evidence suggests
that multidomain lifestyle interventions—combining cognitive
training, physical exercise, dietary changes, and psychological
support—can enhance executive functions, psychological well-
being, and even brain connectivity in individuals with SCD
[46-48]. Although most studies are short-term and not powered
to assess effects on progression to MND, improvements in cog-
nition and mood are encouraging early indicators.

The significant influence of study center was expected, given
the marked, statistically significant differences in patient char-
acteristics between the centers. In particular, lower HADS and
CFQ scores in Bern compared to Lausanne and Nice may reflect
cultural or linguistic variations in symptom reporting, as well as
methodological or situational differences between clinics. For in-
stance, differing referral patterns may attract patients at distinct
stages of cognitive decline or with varying cognitive profiles,
leading to divergent baselines in mood and complaints. Cultural
nuances could also shape how individuals from German- ver-
sus French-speaking regions perceive and report symptoms.
Recent guidelines for the translation and cross-cultural adapta-
tion of PROMs provide a framework to address these issues [49].
Overall, our findings underscore the need for context-sensitive
approaches to SCD screening and assessment, as a uniform
framework may not adequately capture the lived experience of
SCD across populations, cultures and stages of cognitive decline.

In contrast to previous studies, gender [50], education [51] and
apathy [52, 53] were not associated with the severity of cognitive
complaints in our sample. Our participants' generally high edu-
cation levels and low apathy scores with restricted variance likely
limited these variables' predictive power and generalizability.
Furthermore, the apathy-cognitive complaints relationship may
be more prominent in populations at greater neurodegeneration
risk [53], a subgroup not specifically represented in this study.

The significantly lower normative scores on the tablet-based
ACE-X testing as compared to corresponding standard neuro-
psychological assessments may indicate greater sensitivity of
ACE-X to subtle deficits in alertness, visuo-spatial short-term
and working memory, and multi-tasking—underlining the po-
tential value of ACE-X as a screening instrument for AD-related
cognitive decline. While in agreement with concepts on the
added value of adaptivity and gamification in cognitive screen-
ing and assessment [18-21], additional research is needed to
confirm this outcome, as the present study used US norms for
ACE-X and French and German norms for the neuropsycholog-
ical assessments.

Furthermore, neither gamified nor standard cognitive assess-
ment performances were significantly associated with the CFQ
scores. Previous studies in memory clinic patients [54] and in
multiple sclerosis [55] suggest that informant-based reports
on cognitive dysfunction align more closely with objective
cognitive measures than self-reported cognitive complaints.
Optimized evaluation of cognitive complaints in older people
may therefore rely on PROMs including self- and informant-
based reports, such as the Subjective Cognitive Decline
Questionnaire (SCD-Q) [56].

5 | Limitations

Several limitations warrant consideration. First, more than 80%
missing data for the TAP alertness task may have reduced the
relevance of the standard neuropsychological composite z-score.
However, sensitivity analyses examining the impact of the TAP
on the composite score did not change overall conclusions.

Moreover, the cognitive assessment was not exhaustive. Both the
standard neuropsychological battery and the gamified ACE-X
battery primarily focused on cognitive control processes such
as attention, working memory, and multitasking—rather than
episodic memory that is most often associated with AD [57].
Nonetheless, cognitive control is critical for everyday function-
ing, with its deficiencies being linked to SCD and increased risk
of later neurodegeneration [7]. Still, future studies should incor-
porate comprehensive episodic memory measures alongside ex-
ecutive and attentional tasks to better reflect the full spectrum
of cognitive dysfunction in AD.

Furthermore, the modest sample size and considerable between-
center heterogeneity may limit generalizability. Differences in
referral patterns and cultural or linguistic factors likely contrib-
uted to center effects, underscoring the need for replication in
larger, more diverse cohorts. Our memory clinic sample also
exhibited slightly higher levels of education than the regional
average (Swiss Federal Office for Statistics).

Finally, while our study excluded patients with a CDR score >1
and those with a prior MND diagnosis, the data do not allow
differentiating patients with SCD from those with MCI.

6 | Future Perspectives

Future studies should clarify the interplay between cogni-
tion, mood, self-awareness, and early neurodegeneration.
Longitudinal and multimodal designs using robust analytical
pipelines such as the one we present in this study are needed
to distinguish factors underlying and resulting from cognitive
complaints and highlight those predicting progression along
the AD continuum. Although age and center were already sig-
nificant predictors in our model, future studies with larger and
more diverse samples are needed to more precisely characterize
how age and cultural/linguistic context shape the reporting of
cognitive complaints. Further work should refine the link be-
tween cognitive complaints and objective cognition, including
more ecological and accessible tests for detecting subtle deficits.
Additionally, rigorous trials are required to determine whether
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treating mood symptoms can both reduce cognitive complaints
and slow disease progression in those at risk.

Finally, integrating novel biomarkers of AD and other neu-
rodegenerative diseases with digital and gamified cognitive
assessments may contribute to earlier and more accurate char-
acterization of individuals at risk.
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Supporting Information

Additional supporting information can be found online in the
Supporting Information section. Table S1. Sensitivity analyses examin-
ing the impact of the TAP Alertness subtest on the standard composite
score. Across all approaches (original composite with TAP, harmonized
composite without TAP, complete-case analysis, or adding a TAP-
inclusion indicator), the overall conclusions remained unchanged:
mood (HADS) and age consistently predicted cognitive complaints,
while cognitive composites were not retained as relevant predictors.
Table S2. Correlation Matrix of PROMs and domain-level cognitive
Z-Scores. Stars: * p<0.05, ** p<0.01, *** p<0.001. Figure S1: Plot of
the Elastic Net Performance. Our Elastic Net regression identified an

optimal regularization strength (A) of 3.16, and a mixing percentage «
=0, which means that the optimal model favored pure Ridge regression.
RMSE: Root Mean Squared Error.
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