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Janjić, et al.

The Link Between the Applied Visual Strategy When Copying the Rey-Osterrieth Complex
Figure and the Language Abilities in Children with Specific Language Impairment
Reprinted from: Diagnostics 2025, 15, 851, https://doi.org/10.3390/diagnostics15070851 . . . . 75

Teresa Urbano, Riccardo Maramotti, Manuela Tondelli, Chiara Gallingani, Chiara Carbone,

Najara Iacovino, et al.

Correction: Urbano et al. Comparison of Serum and Cerebrospinal Fluid Neurofilament
Light Chain Concentrations Measured by Ella™ and Lumipulse™ in Patients with Cognitive
Impairment. Diagnostics 2024, 14, 2408
Reprinted from: Diagnostics 2026, 16, 1177, https://doi.org/10.3390/diagnostics16081177 . . . . 91

Teresa Urbano, Riccardo Maramotti, Manuela Tondelli, Chiara Gallingani, Chiara Carbone,

Najara Iacovino, et al.

Comparison of Serum and Cerebrospinal Fluid Neurofilament Light Chain Concentrations
Measured by Ella™ and Lumipulse™ in Patients with Cognitive Impairment
Reprinted from: Diagnostics 2024, 14, 2408, https://doi.org/10.3390/diagnostics14212408 . . . . 93

v



Julian Lamilla, Taryn A. Castro-Cuesta, Paula Rueda-Gaitán, Laura Camila Rios Pinto, Diego

Alejandro Rodrı́guez Gutiérrez, Yuri Natalia Sanchez Rubio, et al.

A Robust and Comprehensive Study of the Molecular and Genetic Basis of
Neurodevelopmental Delay in a Sample of 3244 Patients, Evaluated by Exome Analysis
in a Latin Population
Reprinted from: Diagnostics 2025, 15, 376, https://doi.org/10.3390/diagnostics15030376 . . . . 105

Constantinos Halkiopoulos, Evgenia Gkintoni, Anthimos Aroutzidis and Hera

Antonopoulou

Advances in Neuroimaging and Deep Learning for Emotion Detection: A Systematic Review
of Cognitive Neuroscience and Algorithmic Innovations
Reprinted from: Diagnostics 2025, 15, 456, https://doi.org/10.3390/diagnostics15040456 . . . . 120

vi



Preface

Cognitive disorders represent one of the most significant challenges in contemporary medicine,

requiring diagnostic approaches that reflect the complexity of their underlying biological and

environmental drivers. The present Reprint brings together a diverse collection of research and

reviews aimed at refining how we identify and characterize cognitive impairment.

The work presented here is addressed not only to neurologists and neuropsychologists but also

to all specialties that care for patients with cognitive disorders, as well as to researchers dedicated

to improving diagnostic accuracy. Our primary motivation is to bridge the gap between classical

clinical observation and emerging technological tools. From the lung–brain axis to deep learning

applications in neuroimaging, these contributions underscore that the future of cognitive diagnostics

lies in the synergy between human expertise and multidimensional data. We hope this Reprint

provides valuable insights into the shift toward precision cognitive neurology and supports the early

identification of cognitive decline, thereby facilitating better patient outcomes.

Elena Cecilia Rosca

Guest Editor
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Editorial

Assessment and Diagnosis of Cognitive Disorders: Toward
Integrated and Multidimensional Diagnostic Frameworks

Elena Cecilia Rosca 1,2

1 Department of Neurology, Victor Babes University of Medicine and Pharmacy Timisoara, Eftimie Murgu Sq.
No. 2, 300041 Timisoara, Romania; rosca.elena@umft.ro or roscacecilia@yahoo.com; Tel.: +40-746-173-794

2 Department of Neurology, Clinical Emergency County Hospital Timisoara, Bd. Liviu Rebreanu, No. 152,
300736 Timisoara, Romania

1. Introduction

Cognitive disorders represent one of the most significant and rapidly evolving chal-
lenges in contemporary medicine. Affecting individuals across the lifespan and arising
from neurological, systemic, developmental, and psychiatric conditions, cognitive im-
pairment increasingly influences functional independence, quality of life, and long-term
health outcomes. As global populations age and survival improves among patients with
chronic diseases, clinicians face growing diagnostic complexity, with cognitive symptoms
frequently emerging at the intersection of multiple biological and environmental influences.

Historically, the assessment of cognitive disorders has been grounded in careful
clinical observation. Classical neurological practice emphasizes that cognitive syndromes
reflect patterns of network dysfunction rather than specific pathological entities alone,
underscoring the central role of structured history-taking, informant reports, and domain-
oriented cognitive examination [1]. This clinical framework remains fundamental, as the
purpose of cognitive assessment is not merely to quantify impairment but to localize
dysfunction, guide diagnostic reasoning, and determine the need for further investigation.

At the same time, contemporary research has refined the concept of mild cogni-
tive impairment (MCI) as an intermediate stage between normal cognitive aging and
dementia, representing a critical window for risk stratification and early intervention [2].
Despite widespread recognition of MCI, considerable heterogeneity persists in diagnostic
approaches, reflecting differences in assessment tools, biomarker availability, and clinical
interpretation. Analyses of international guidelines emphasize that neuropsychological
evaluation combined with biomarker assessment constitutes the most consistently recom-
mended strategy, although standardization remains incomplete [3].

This perspective introduces the Special Issue “Assessment and Diagnosis of Cognitive
Disorders”, which brings together contributions reflecting this ongoing transformation
in cognitive diagnostics. The articles in this Special Issue collectively illustrate how the
field is moving beyond traditional symptom-based paradigms toward multidimensional
diagnostic frameworks that integrate systemic physiology, molecular biology, cognitive
phenotyping, and computational innovation.

2. Expanding Diagnostic Dimensions: From Systemic Disease to
Cognitive Phenotypes

A major insight emerging from contemporary research is that cognitive dysfunction
rarely exists in isolation from broader physiological processes. Several contributions in this
Special Issue demonstrate how systemic disease directly influences cognitive outcomes,
challenging the historical separation between neurological and general medical disorders.

Diagnostics 2026, 16, 897 https://doi.org/10.3390/diagnostics16060897
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Vastag et al. [4] show that patients with fibrosing interstitial lung diseases exhibit
measurable cognitive impairment that is associated with pulmonary functional decline
and disease severity. This finding supports the concept of a lung–brain axis in which
chronic hypoxemia, inflammation, and metabolic stress contribute to neural vulnerability.
Similarly, Staicu et al. [5] demonstrate that postoperative delirium and cognitive dysfunc-
tion following cardiac surgery arise through complex interactions among inflammatory
activation, perioperative physiological stress, and patient-specific risk factors. Together,
these studies reinforce the view that neuroinflammation and systemic stress represent
central mechanisms linking bodily illness to cognitive decline.

These observations align with broader epidemiological evidence emphasizing vascular
and systemic contributors to cognitive impairment across aging populations [2]. Cognitive
disorders, therefore, increasingly require interdisciplinary evaluation integrating neurolog-
ical assessment with perspectives from internal medicine, cardiology, pulmonology, and
critical care.

Diagnostic complexity is further illustrated by studies examining clinically overlap-
ping syndromes. Aoun Sebaiti et al. [6] identify distinct cognitive phenotypes differentiat-
ing myalgic encephalomyelitis/chronic fatigue syndrome from multiple sclerosis despite
shared symptoms, underscoring the importance of detailed neuropsychological profiling.
Using large population-based data, Yen et al. [7] demonstrate an increased likelihood of
dementia diagnosis among patients with epilepsy while also revealing how healthcare
utilization and clinical surveillance influence detection rates. These findings highlight that
diagnosis reflects not only underlying biological processes but also patterns of clinical
observation and healthcare access.

Expanding beyond adult populations, further research [8] demonstrates that visuospa-
tial organizational strategies are closely associated with grammatical abilities in children
with specific language impairment. Their results support network-based models of cog-
nition in which language, executive function, and perceptual organization emerge from
interacting neural systems rather than isolated domains. Collectively, these studies illus-
trate a shift from categorical disease models toward cognitive phenotyping grounded in
multidimensional, lifespan-oriented perspectives, underscoring the need for diagnostic
frameworks that integrate systemic, developmental, and neurocognitive dimensions.

3. Biomarkers, Genomics, and Computational Approaches in
Cognitive Diagnosis

In parallel with advances in clinical characterization, the contributions included in this
Special Issue highlight transformative progress in biological and technological diagnostic
tools. Biomarkers hold considerable promise for improving diagnostic precision; however,
successful translation into clinical practice requires methodological rigor, validation, and
standardization. Urbano et al. [9] address this challenge by comparing neurofilament
light chain measurements across analytical platforms, demonstrating strong correlations
alongside systematic differences that necessitate harmonization models. Their findings
underscore that diagnostic reliability depends not only on biomarker validity but also on
measurement consistency across laboratories and clinical settings.

These challenges reflect broader guideline observations indicating that biomarker
integration is increasingly essential but remains incompletely standardized within current
diagnostic pathways [3]. Future diagnostic frameworks will likely rely on multimodal
biomarker strategies combining molecular, imaging, physiological, and behavioral indica-
tors rather than single measures, thereby enabling a more comprehensive characterization
of cognitive disorders.

https://doi.org/10.3390/diagnostics160608972
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Genomic approaches further expand diagnostic possibilities. Research demonstrates
the clinical impact of whole-exome sequencing in a large cohort of patients with neu-
rodevelopmental delay, identifying numerous pathogenic and previously undescribed
variants [10]. Such findings exemplify the transition toward genotype-informed classifi-
cation, in which molecular mechanisms refine disease boundaries and support precision
diagnostics beginning in early life. By revealing shared genetic substrates across clinically
heterogeneous presentations, genomic analyses contribute to reconceptualizing cognitive
disorders as biologically interconnected spectra rather than discrete entities.

Technological innovation represents an additional transformative dimension. The
systematic review by Halkiopoulos et al. [11] illustrates how deep learning applied to
neuroimaging enables automated detection of complex neural patterns associated with
emotional and cognitive processing. Increasingly, artificial intelligence systems are capable
of integrating heterogeneous clinical information, mirroring real-world diagnostic reason-
ing. Recent large-scale evidence has demonstrated the feasibility of such approaches: an
artificial intelligence model that was trained on multimodal datasets, including demograph-
ics, medical history, neuropsychological testing, functional assessments, and neuroimaging,
achieved high diagnostic accuracy in differentiating cognitive states and multiple demen-
tia etiologies. Additionally, the model improved clinician performance when used as a
decision-support tool [12]. Notably, AI-assisted evaluations showed substantially higher
diagnostic accuracy compared with clinician-only assessments, highlighting the potential
of computational systems to augment, rather than replace, expert clinical judgment [12].

Importantly, these technological advances should not be interpreted as substitutes
for clinical expertise. Instead, they extend the interpretative capacity of clinicians by
synthesizing complex multidimensional data that exceed traditional analytic limits. Conse-
quently, the convergence of biomarkers, genomics, and artificial intelligence does not entail
a departure from clinical neurology; rather, it is a progression toward a data-informed
and integrated model of cognitive diagnosis. In this model, biological signals and clini-
cal reasoning work in tandem to facilitate the earlier and more precise identification of
cognitive disorders.

4. Toward Integrated Cognitive Diagnostics: Future Directions

Taken together, the studies included in this Special Issue outline a coherent vision for
the future of cognitive disorder diagnosis. Cognitive impairment increasingly emerges as a
multidimensional phenomenon shaped by dynamic interactions among neural networks,
systemic physiology, genetic architecture, behavior, and environmental influences. Within
this evolving framework, the clinical cognitive examination remains indispensable, pro-
viding the interpretative foundation through which biomarkers and technological tools
acquire clinical meaning and diagnostic relevance [1].

Early identification of cognitive decline, particularly at transitional stages such as mild
cognitive impairment, represents a critical opportunity for intervention, risk modification,
and patient counseling [2]. Rather than relying on isolated diagnostic markers, future
models of care will likely integrate longitudinal monitoring, multimodal biomarkers,
neuropsychological profiling, and personalized risk prediction to support preventive and
therapeutic decision-making across the disease continuum.

Equally important is ensuring the accessibility and applicability of emerging diagnostic
approaches across diverse healthcare systems. Advances in genomics and artificial intelli-
gence must be accompanied by ethical oversight, clinician education, data transparency,
and equitable implementation strategies to maximize clinical benefit while minimizing
disparities in access to innovation. As diagnostic technologies become increasingly data-

https://doi.org/10.3390/diagnostics160608973
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driven, maintaining the central role of clinical reasoning and patient-centered evaluation
will remain essential.

Recent developments in multimodal artificial intelligence systems capable of integrat-
ing clinical, cognitive, and imaging data further illustrate the direction of this transfor-
mation, demonstrating how computational tools may enhance diagnostic accuracy and
support clinician decision-making within real-world practice [12]. Such approaches ex-
emplify the emergence of collaborative diagnostic models in which human expertise and
machine learning operate synergistically rather than competitively.

The present Special Issue, therefore, reflects a broader transition within neuroscience
and clinical medicine, from descriptive classification toward precision cognitive neurology.
By integrating clinical observation with biological, genomic, and computational innovation,
the field moves closer to achieving earlier detection, improved diagnostic accuracy, and
individualized management strategies for individuals experiencing cognitive disorders.
Ultimately, the future of cognitive diagnostics will depend not on any single technological
advance, but on the successful integration of multidisciplinary knowledge into coherent,
patient-centered diagnostic frameworks.
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Abstract

Background and Objectives: Fibrosing interstitial lung diseases (ILDs) may predispose
to neurocognitive impairment through chronic hypoxemia and systemic inflammation,
yet data integrating pulmonary physiology, disease severity, and cognition are limited.
We aimed to compare global cognitive performance between adults with fibrosing ILD
and contemporaneous non-ILD clinic comparators, explore differences across ILD sub-
types, and identify physiologic and clinical predictors of low MMSE scores. Materials

and Methods: In this single-center cross-sectional study, 45 adults with fibrosing ILD
and 32 non-ILD participants from university-affiliated pulmonology clinics completed the
Mini-Mental State Examination (MMSE) and standardized lung function testing (includ-
ing diffusing capacity, DLCO%). Comorbidity (Charlson index), inflammatory markers
(C-reactive protein), and GAP (Gender–Age–Physiology) severity were recorded. Associ-
ations with MMSE and MMSE < 24 were examined using correlations and multivariable
logistic regression. Results: Mean MMSE was lower in ILD than in non-ILD participants
(23.9 ± 3.6 vs. 26.8 ± 2.8; p < 0.001), and MMSE < 24 occurred in 33.3% versus 12.5%, respec-
tively. Within ILD, the usual interstitial pneumonia (UIP) pattern showed the lowest MMSE
scores. DLCO% and total lung capacity correlated positively with MMSE (r = 0.44 and
r = 0.34, respectively). In multivariable models, ILD diagnosis remained associated with
MMSE < 24 (odds ratio [OR] 2.72, 95% CI 1.14–6.48), and each 10-percentage-point decre-
ment in DLCO% increased the odds of MMSE < 24 (OR 1.42, 95% CI 1.11–1.92). GAP ≥ 4
was also associated with impaired cognition (OR 2.91, 95% CI 1.13–7.57). Conclusions:

Fibrosing ILD, particularly with reduced diffusing capacity and higher GAP stage, is as-
sociated with lower MMSE scores and a higher frequency of values below a conventional
impairment threshold. Prospective studies incorporating comprehensive neuropsychologi-
cal testing are needed to determine whether and how neurocognitive assessment should be
integrated into routine ILD care.

Diagnostics 2026, 16, 4 https://doi.org/10.3390/diagnostics16010004
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Keywords: interstitial lung diseases; cognition disorders; pulmonary function tests;
neuropsychological tests; spirometry

1. Introduction

Idiopathic pulmonary fibrosis (IPF) remains the prototypical fibrosing interstitial
lung disease (ILD), with a usual interstitial pneumonia (UIP) pattern on high-resolution
computed tomography (HRCT) and histopathology. Contemporary guidelines empha-
size multidisciplinary diagnosis and increasingly recognize the construct of progressive
pulmonary fibrosis (PPF) across non-IPF ILDs, underscoring shared pathobiology and
trajectories of decline [1,2].

Beyond respiratory morbidity, chronic lung disease has been linked to neurocognitive
dysfunction through convergent mechanisms that include sustained hypoxemia, systemic
inflammation, oxidative stress, and microvascular injury. Reviews synthesize evidence for
structural and functional brain changes in chronic respiratory disease—ranging from white-
matter abnormalities to deficits in attention, executive function, and memory—suggesting
a lung–brain axis that may accelerate cognitive aging [3,4].

Epidemiologic and imaging studies increasingly connect reduced pulmonary function
to cerebral small-vessel disease (CSVD)—a major substrate for vascular cognitive impair-
ment. In population cohorts, lower spirometric indices correlate with magnetic resonance
imaging (MRI)-defined lacunes and white-matter lesions, independent of smoking, sup-
porting a vascular pathway by which impaired pulmonary physiology may compromise
cerebral perfusion and oxygen delivery [5]. Authoritative reviews of Cerebral Small Vessel
Disease (CSVD) detail how endothelial dysfunction, hypoperfusion, and inflammatory cas-
cades drive cognitive decline, motor slowing, and gait instability, providing a biologically
plausible framework for pulmonary-to-cerebral signaling [6].

Although cognitive impairment has been extensively characterized in obstructive lung
diseases, ILD-specific data are emergent. Early case–control work in IPF demonstrated
lower performance across attention, processing speed, and learning domains compared
with healthy controls, particularly in those with advanced diffusion impairment [7]. Sub-
sequent studies across idiopathic interstitial pneumonia (IIP) phenotypes corroborated
decrements in multiple domains—often in association with reduced DLCO and exercise
desaturation—yet sample sizes were modest and instruments varied [8]. A recent scoping
review highlighted the paucity of high-level evidence, identified DLCO, hypoxemia, and
disease phenotype (e.g., IPF/UIP) among the factors most consistently linked to worse
cognition, and called for multidimensional analyses integrating pulmonary physiology,
disease severity indices, and comorbidities [9].

Sleep-disordered breathing (SDB) represents a further, potentially modifiable contrib-
utor to neurocognitive risk in ILD. Obstructive sleep apnea (OSA) is highly prevalent in
IPF—prospective and retrospective series and a recent meta-analysis estimate that roughly
two-thirds of patients have OSA—and has been associated with poorer neurocognitive
performance and lower nocturnal oxygen saturations [10–12]. These data suggest that inter-
mittent hypoxemia and sleep fragmentation may compound daytime cognitive deficits in
fibrosing ILDs and strengthen the rationale for routine screening and targeted management
of SDB within comprehensive ILD care pathways [10–12].

Risk-stratification frameworks such as the GAP (Gender–Age–Physiology) and ILD-
GAP models capture survival risk across IPF and non-IPF ILDs and can be augmented
by comorbidity indices to refine prognosis [13–15]. Yet whether these validated stag-
ing tools parallel neurocognitive vulnerability—and how they interact with physiologic

https://doi.org/10.3390/diagnostics160100047
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gas-exchange metrics, systemic inflammatory markers, and multimorbidity—remains insuf-
ficiently defined. Accordingly, we hypothesize that ILD is independently associated with
worse global cognitive performance relative to non-ILD comparators, and that greater re-
striction and gas-exchange impairment (particularly lower DLCO), higher disease-severity
stage (GAP/ILD-GAP), and higher systemic inflammatory burden will be associated with
lower cognitive scores. Our objective is to provide a multidimensional assessment of
pulmonary, cognitive, and clinical correlates to clarify which physiologic and clinical fac-
tors most robustly predict neurocognitive dysfunction in fibrosing ILD. According to the
European Respiratory Society (ERS)/American Thoracic Society (ATS) 2025 update on mul-
tidisciplinary classification of the Interstitial Pneumonias, fibrotic ILDs are divided based
on radiological–pathological criteria into UIP, NSIP, Bronchiolocentric interstitial pneu-
monia (BIP), Diffuse alveolar damage (DAD), Pleuroparenchymal fibroelastosis (PPFE),
Lymphoid interstitial pneumonia (LIP), combined pattern, and unclassifiable pattern [16].

2. Materials and Methods

2.1. Study Design and Setting

We conducted a single-center, observational cross-sectional study at the ‘Victor Babes, ’
University of Medicine and Pharmacy Timis, oara, Romania, using patients evaluated in
the university-affiliated pulmonology clinics. Participants were consecutively enrolled
between October 2022 and September 2025, after ethics approval and until the planned
sample size was reached. Recruitment and assessments were coordinated through the
university’s respiratory research units and conducted in the same academic clinical envi-
ronment described in prior institutional work, with standardized procedures harmonized
across clinics and laboratories. The study period encompassed consecutive enrollments
until the planned sample size was attained.

PICO statement: The study population consisted of adults evaluated in university
pulmonology clinics, including patients with fibrotic ILD [classified by multidisciplinary
discussion (MDD) into IPF, connective-tissue disease-associated fibrotic ILD, hypersensitiv-
ity pneumonitis (HP), idiopathic nonspecific interstitial pneumonia (iNSIP), sarcoidosis-
associated pulmonary fibrosis (SAPF), and unclassifiable ILD] and a contemporaneous
non-ILD comparator group. The “intervention/exposure” was the presence of fibrosing
ILD (and, secondarily, ILD subtype and GAP severity), contrasted with non-ILD partici-
pants as the comparator. The primary outcome was global cognitive performance (MMSE
total score, with secondary analyses of MMSE domains and MMSE < 24). The overarching
objective was to quantify differences in cognition between ILD and non-ILD groups, to ex-
plore cognitive heterogeneity across ILD subtypes, and to identify clinical and physiologic
predictors—particularly diffusing capacity (DLCO%) and GAP severity—associated with
low cognitive performance.

2.2. Legal and Ethical Considerations

The protocol was reviewed and approved by the Local Commission of Ethics for
Scientific Research in accordance with Romanian Law no. 95/2006, Order 904/2006, the EU
Good Clinical Practice Directive 2005/28/EC, ICH–GCP, and the Declaration of Helsinki.
All participants provided written informed consent prior to any study procedure. Data
were pseudonymized at source, stored on secure institutional servers, and analyzed only
in aggregate form; no identifiable information was retained in the analytic datasets.

2.3. Inclusion and Exclusion Criteria

Eligible participants were adults (≥18 years) able to complete neurocognitive testing
in Romanian and to undergo standardized lung function testing within the same evalu-
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ative visit. The fibrosing interstitial lung disease (ILD) group comprised patients with a
multidisciplinary diagnosis of ILD established according to contemporaneous ATS/ERS
guidance (integrating clinical evaluation, HRCT patterning, respiratory functional testing,
serology, and depending on the case, bronchoalveolar lavage or lung biopsy) [16]. ILD
subtypes recorded a priori were UIP, NSIP, BIP, sarcoidosis-associated pulmonary fibro-
sis, and unclassifiable/mixed pattern. The comparator group included adults without
clinical or radiologic evidence of interstitial disease, evaluated contemporaneously in the
same university-affiliated pulmonology clinics for non-fibrotic respiratory complaints (e.g.,
chronic cough, suspected obstructive airway disease, or unexplained dyspnea) and meet-
ing the same eligibility criteria. Although all comparators were free of ILD, their specific
non-fibrotic diagnoses were not retained as a structured variable in the analytic dataset.

Exclusion criteria applicable to both groups were any acute exacerbation of respiratory
disease within four weeks; acute or chronic hypoxemia, decompensated cardiac, renal,
or hepatic failure precluding testing; current delirium or acute confusional state; prior
neurological disorders known to impair global cognition (dementia, major stroke with
residual aphasia); uncorrected visual or hearing deficits interfering with testing; and
inability to complete the Mini-Mental State Examination (MMSE). For analytic consistency,
participants with incomplete primary outcome data (MMSE total score) or key pulmonary
function indices (DLCO%, total lung capacity—TLC%) were excluded.

2.4. Procedures and Measurements

All evaluations were completed during a single visit whenever feasible. Trained clini-
cians administered the MMSE in Romanian under standardized, distraction-free conditions.
In addition to the total MMSE score (0–30), we recorded domain subscores (orientation,
registration, attention/calculation, recall, and language) using the canonical scoring rubric.
Pulmonary function was assessed in accordance with ATS/ERS standards. Spirometry
provided Forced Vital Capacity (FVC) and Forced Expiratory Volume in 1 s (FEV1), and the
FEV1/FVC ratio was calculated from best acceptable maneuvers. Body plethysmography
yielded TLC% and residual volume (RV%). Single-breath diffusing capacity for carbon
monoxide (DLCO%) and transfer coefficient (KCO%) were measured with correction for
the participant’s hemoglobin; percent predicted values were derived from reference equa-
tions implemented by the institutional laboratory. Oxygen saturation at rest on room air
was documented.

Peripheral venous blood was sampled on the same day for routine biomarkers, includ-
ing C-reactive protein (CRP), erythrocyte sedimentation rate (ESR), hemoglobin, differential
leukocyte count (eosinophils), urea, and creatinine. Assays were performed in the hospi-
tal’s ISO-certified core laboratory using validated methods with ongoing internal quality
control. Comorbidity burden was quantified by the Charlson Comorbidity Index (CCI).
Among ILD participants, disease severity was indexed with the GAP index using sex, age,
FVC%, and DLCO%; GAP stage and a dichotomized severity threshold (GAP ≥ 4 vs. < 4)
were pre-specified. Smoking status (never, former, current) was ascertained by structured
interview and chart verification.

2.5. Study Variables and Outcomes

The primary outcome was global cognitive performance by MMSE analyzed as a
continuous score and, in secondary analyses, as a binary endpoint using the custom-
ary impairment threshold MMSE < 24 [17]. Key pulmonary predictors were DLCO%,
KCO%, TLC%, RV%, FVC%, and the FEV1/FVC ratio. Inflammatory and hematologic
biomarkers (CRP, ESR, eosinophils, hemoglobin, urea, creatinine) were secondary pre-
dictors. The principal exposure was diagnostic group (fibrotic ILD vs. non-ILD). Within
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the ILD group, exploratory prespecified subgroup analyses contrasted UIP, NSIP, BIP,
sarcoidosis-associated pulmonary fibrosis and unclassifiable ILD. Additional exploratory
analyses examined GAP severity (GAP ≥ 4) in relation to cognitive outcomes.

We did not systematically collect data on educational attainment, detailed sleep
metrics, mood symptoms, or psychotropic medication use in a structured format suitable for
analysis; these potentially important determinants of cognitive performance are therefore
not included as covariates in the present models.

2.6. Definitions

ILD subtypes followed multidisciplinary discussion, integrating clinical–radiologic–
pathologic data; morphological pattern was defined on HRCT and histology (where
needed). Restrictive ventilatory impairment was inferred from reduced TLC% with pre-
served or elevated FEV1/FVC ratio; gas-exchange impairment was indexed by reduced
DLCO% and KCO%. Low cognitive performance was defined as MMSE < 24, recogniz-
ing that this threshold indicates at least mild global impairment in clinical and research
settings. CRP and ESR were interpreted as systemic inflammation markers; eosinophils
were analyzed as a percentage of leukocytes. GAP staging categorized severity as Stage
I–III and was additionally dichotomized at ≥4 points to denote more advanced disease.

2.7. Sample Size and Power Considerations

Before enrollment, we targeted a medium standardized difference in MMSE between
ILD and non-ILD groups (Cohen’s d ≈ 0.6), which under α = 0.05 and power = 0.80 yields
a minimum total sample of nearly 72 participants for two-group comparisons; to ac-
commodate for potential missingness and ensure adequate precision for subgroup and
multivariable analyses, we planned approximately 75–80 participants. The final analytic
sample comprised 77 individuals (45 ILD and 32 non-ILD), aligning with the original
target and ensuring ≥80% power to detect clinically meaningful between-group MMSE
differences, given observed variances.

2.8. Statistical Analysis

Continuous variables are reported as mean ± standard deviation (SD) if normally
distributed, or median with interquartile range (IQR) if skewed. Categorical variables
are shown as frequencies or percentages. Between-group comparisons (ILD vs. non-ILD)
used independent-samples t-tests or Mann–Whitney U tests, as appropriate. One-way
ANOVA or Kruskal–Wallis tests evaluated differences among three or more subgroups (e.g.,
UIP, NSIP, other). When overall tests were significant, we conducted post hoc pairwise
comparisons via Bonferroni correction to control for type I error. We performed Pearson’s or
Spearman’s correlations (depending on normality) to assess relationships between MMSE
scores and numeric parameters (DLCO%, CRP, etc.). Multiple logistic regression was
applied to identify independent predictors of MMSE < 24, with age, sex, ILD diagnosis,
DLCO%, CRP, and CCI as covariates. Continuous predictors were entered as continuous
terms without categorization; DLCO% was scaled per 10-percentage-point decrement and
CRP per 5 mg/L increase to aid interpretability of odds ratios. The dependent variable in
these models was binary (MMSE < 24 vs. ≥ 24. Statistical significance was set at two-sided
p < 0.05.

3. Results

Table 1 offers a comparative overview of demographic characteristics and key comor-
bidities in the ILD (n = 45) and non-ILD (n = 32) cohorts. The mean age is slightly higher
in ILD at 65.2 years, yet this did not reach statistical significance (p = 0.19). A near-equal
proportion of men appears in both groups (58% vs. 59%), indicating no major sex imbalance.
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The prevalence of smoking history—known to influence both pulmonary function and
extra-pulmonary outcomes—was somewhat greater in ILD (42% vs. 34%), though not
significantly (p = 0.43). Comorbidity burdens, reflected by the CCI, are modestly higher in
ILD (3.7 ± 2.1 vs. 3.1 ± 1.9), but again no statistical difference emerges (p = 0.25). Hyper-
tension (HBP) and diabetes rates are also similar across the two populations, suggesting
that common cardiometabolic conditions are comparably distributed. Dyslipidemia was
more frequently recorded among ILD participants (26.7% vs. 18.8%), yet the difference is
not conclusive (p = 0.42). Non-ILD participants were primarily evaluated for non-fibrotic
respiratory complaints (such as chronic cough, suspected obstructive airway disease, or
unexplained dyspnea) and had no clinical or radiologic evidence of interstitial lung disease,
but their specific non-fibrotic diagnoses were heterogeneous and not tabulated as a separate
analytic variable.

Table 1. Baseline demographics and key comorbidities.

Variable ILD (n = 45) Non-ILD (n = 32) p-Value

Age (years), mean (SD) 65.2 ± 8.4 62.7 ± 9.1 0.19
Male Sex, n (%) 26 (57.8) 19 (59.4) 0.88

Smoking History, n (%) 19 (42.2) 11 (34.4) 0.43
CCI, mean (SD) 3.7 ± 2.1 3.1 ± 1.9 0.25

HBP, n (%) 26 (57.8) 17 (53.1) 0.69
Diabetes, n (%) 9 (20.0) 6 (18.8) 0.88

Dyslipidemia, n (%) 12 (26.7) 6 (18.8) 0.42
Data are presented as mean ± standard deviation (SD) or n (%). ILD = interstitial lung disease; non-ILD = without
interstitial lung disease; CCI = Charlson Comorbidity Index; HBP = high blood pressure; n = number of partici-
pants. Two-sided p-values correspond to between-group tests specified in Methods; α = 0.05; Non-ILD participants
were evaluated for non-fibrotic respiratory complaints in the same pulmonology clinics and had no clinical or
radiologic evidence of ILD; specific non-fibrotic diagnoses were heterogeneous and not stratified in this table.

Table 2 illustrates the ILD cohort stratified by subtype, focusing on markers of disease
severity. The GAP index (Gender, Age, Physiology) median values show moderate severity
overall. The UIP subgroup (n = 15) exhibits the highest GAP index median at 4 (IQR 3–5),
suggesting greater disease burden than NSIP (3 [2–4]) or sarcoidosis-associated pulmonary
fibrosis (2 [1–3]). A one-way ANOVA comparing FVC% among these subgroups yielded
an overall p < 0.05, indicating that at least one pairwise contrast is significant. Post hoc
Bonferroni analysis reveals that UIP patients have significantly lower FVC% (66.2 ± 14.5)
than NSIP patients (72.3 ± 12.1, p = 0.041), consistent with UIP being the more fibrotic and
functionally limiting phenotype. FEV1% tends to mirror FVC% patterns, with UIP showing
the lowest mean (68.7 ± 13.2) and sarcoidosis registering the highest mean (78.3 ± 9.1),
although not statistically significant.

Table 2. Disease severity indices within the ILD group.

ILD Subtype Pattern n GAP Index,
Median (IQR)

FVC%
(Mean ± SD)

FEV1%
(Mean ± SD)

p-Value
(ANOVA)

UIP 15 4 (3–5) 66.2 ± 14.5 68.7 ± 13.2 >0.05
NSIP 16 3 (2–4) 72.3 ± 12.1 74.9 ± 14.3 <0.05
BIP 8 3 (2–5) 70.0 ± 11.3 72.5 ± 10.8 >0.05

Sarcoidosis 3 2 (1–3) 76.5 ± 9.0 78.3 ± 9.1 >0.05
Unclass./Comb. ILD 3 2 (1–4) 68.1 ± 11.7 71.2 ± 12.5 >0.05

Data are shown as median (interquartile range, IQR) for GAP and mean ± SD for spirometry. ILD subtypes:
UIP = usual interstitial pneumonia; NSIP = nonspecific interstitial pneumonia; BIP = Bronchiolocentric interstitial
pneumonia; Unclass./Comb. ILD = unclassifiable/combined pattern ILD.

Both DLCO (46.8 ± 15.7 vs. 71.4 ± 18.2) and KCO are lower in the ILD group compared
with the non-ILD group (68.5 ± 15.2 vs. 86.9 ± 14.3, p = 0.002), reinforcing that alveolar
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membrane pathology affects gas-transfer efficiency. Total lung capacity (TLC%) shows a
classic restrictive pattern in ILD (67.3 ± 12.0) relative to non-ILD (83.6 ± 14.2, p < 0.001).
Residual volume (RV%) is also diminished in ILD, reflecting reduced lung volumes overall
(p = 0.007). Notably, FVC% (forced vital capacity) is significantly compromised in ILD
(69.7 ± 13.4 vs. 82.4 ± 14.5, p = 0.001), though the FEV1/FVC ratio remains normal or even
slightly elevated (81.6 ± 8.2 vs. 78.9 ± 7.5, p = 0.13). This is typical for restrictive diseases,
wherein both FEV1 and FVC decrease proportionally (Table 3).

Table 3. Pulmonary function test comparison: ILD vs. non-ILD.

Parameter ILD (n = 45) Non-ILD (n = 32) p-Value

DLCO% 46.8 ± 15.7 71.4 ± 18.2 <0.001
KCO% 68.5 ± 15.2 86.9 ± 14.3 0.002
TLC% 67.3 ± 12.0 83.6 ± 14.2 <0.001
RV% 59.1 ± 18.1 71.9 ± 19.7 0.007

FVC% 69.7 ± 13.4 82.4 ± 14.5 0.001
FEV1/FVC Ratio 81.6 ± 8.2 78.9 ± 7.5 0.13

Values are mean ± SD unless indicated. DLCO% = diffusing capacity of the lung for carbon monoxide, percent
predicted; KCO% = transfer coefficient (DLCO/alveolar volume), percent predicted; TLC% = total lung capacity,
percent predicted; RV% = residual volume, percent predicted; FVC% = forced vital capacity, percent predicted;
FEV1/FVC = ratio of forced expiratory volume in one second to forced vital capacity. Comparisons are ILD vs.
non-ILD with two-sided tests (α = 0.05).

Table 4 presents cognitive performance, measured by MMSE, stratified by broad
diagnostic categories (ILD vs. non-ILD) and further broken down by ILD subtypes. A
striking difference emerges: the mean MMSE for the ILD group is 23.9 ± 3.6, significantly
lower than 26.8 ± 2.8 in the non-ILD cohort (p < 0.001 by t-test), and nearly one-third
(33.3%) of ILD patients fall below the <24 cutoff consistent with at least mild cognitive
impairment. Among ILD subtypes, those with the UIP pattern show the lowest average
MMSE (22.8 ± 3.5) and the highest frequency (46.7%) of scores <24. By contrast, NSIP
patients exhibit a somewhat higher mean MMSE (24.9 ± 3.2) and fewer individuals below
the cutoff (25%). The one-way ANOVA across ILD subtypes is significant (p = 0.02),
and Bonferroni post hoc testing indicates a significant difference between UIP and NSIP
(p = 0.04). Other fibrotic ILD patterns (e.g., Bronchiolocentric interstitial pneumonia) cluster
closer to NSIP in cognitive scores. The small sarcoidosis-associated pulmonary fibrosis
subgroup (n = 3) had numerically higher mean MMSE scores (25.7), but this subgroup is too
small for reliable inference, and these values should be interpreted as purely descriptive.

Table 4. Cognitive outcomes (MMSE) by diagnostic group and ILD subtype.

Group/Subgroup n Mean MMSE (±
SD)

MMSE < 24, n (%)
p-Value

(ANOVA)

Non-ILD (All) 32 26.8 ± 2.8 4 (12.5) >0.05

ILD (All) 45 23.9 ± 3.6 15 (33.3) <0.001 *
(vs. Non)

UIP 15 22.8 ± 3.5 7 (46.7) >0.05
NSIP 16 24.9 ± 3.2 4 (25.0) 0.02 **
BIP 8 24.6 ± 3.1 2 (25.0) >0.05

SAPF 3 25.7 ± 2.1 0 (0.0) >0.05
Unclass./Comb. Pattern ILD 3 24.5 ± 3.0 1 (33.3) >0.05

Data are mean ± SD or n (%). MMSE = Mini-Mental State Examination. ILD subtypes: UIP = usual inter-
stitial pneumonia; NSIP = nonspecific interstitial pneumonia; BIP = Bronchiolocentric interstitial pneumonia;
SAPF = sarcoidosis-associated pulmonary fibrosis; Unclass./Comb pattern ILD = unclassifiable/combined pat-
tern ILD. Groupwise test among ILD subtypes used one-way ANOVA with Bonferroni-adjusted post hoc com-
parisons. Single asterisk indicates ILD vs. non-ILD t-test (* p < 0.001). Double asterisk indicates overall ANOVA
significance among ILD subtypes (** p = 0.02); reported post hoc p-values are Bonferroni-adjusted. Bonferroni
post hoc: UIP vs. NSIP p = 0.04.

https://doi.org/10.3390/diagnostics1601000412



Diagnostics 2026, 16, 4

Table 5 presents individual MMSE domains, providing insight into which cognitive
aspects are disproportionately impacted in ILD versus non-ILD. Orientation scores are
marginally lower in ILD (9.3 vs. 9.7, p = 0.05), hinting at early deficits in time and place
awareness. Registration (i.e., immediate memory) also shows a mild but significant decline
(2.3 vs. 2.7, p = 0.02). Strikingly, the largest differences lie in attention/calculation (2.9 ± 1.4
in ILD vs. 4.2 ± 1.0 in non-ILD, p < 0.001) and recall (1.4 ± 0.9 vs. 2.2 ± 0.8, p < 0.001).
Language scores, however, do not differ significantly (7.9 vs. 8.0, p = 0.62).

Table 5. Sub-analysis: MMSE domain scores in ILD vs. non-ILD.

Domain ILD (Mean ± SD) Non-ILD (Mean ± SD) p-Value

Orientation (0–10) 9.3 ± 1.1 9.7 ± 0.8 0.05
Registration (0–3) 2.3 ± 0.8 2.7 ± 0.6 0.02

Attention/Calculation (0–5) 2.9 ± 1.4 4.2 ± 1.0 <0.001
Recall (0–3) 1.4 ± 0.9 2.2 ± 0.8 <0.001

Language (0–9) 7.9 ± 1.6 8.0 ± 1.2 0.62
Domain scores are reported as mean ± SD. MMSE domains: orientation (0–10), registration (0–3), atten-
tion/calculation (0–5), recall (0–3), language (0–9). MMSE = Mini-Mental State Examination. Between-group
p-values are two-sided with α = 0.05.

Table 6 compares laboratory parameters between ILD and non-ILD participants, offer-
ing potential insights into systemic inflammation, oxygen transport capacity, and metabolic
status. Hemoglobin levels average around 13.9 g/dL in ILD, slightly lower but not statisti-
cally different from the non-ILD mean of 14.3 g/dL. Eosinophil percentages appear higher
in ILD (2.4 vs. 1.9), yet this did not reach significance (p = 0.16), suggesting that eosinophilic
inflammation is not a universal driver of ILD (though it can be relevant in specific entities
such as eosinophilic pneumonia). CRP and ESR, broad markers of inflammation, trend
higher in ILD (14.2 vs. 8.5 mg/L and 19.7 vs. 13.5 mm/h, respectively), with borderline
significance (CRP p = 0.06, ESR p = 0.07).

Table 6. Laboratory variables compared between ILD vs. non-ILD.

Marker ILD (n = 45) Non-ILD (n = 32) p-Value

Hemoglobin (g/dL) 13.9 ± 1.4 14.3 ± 1.5 0.24
Eosinophils (%) 2.4 ± 1.5 1.9 ± 1.2 0.16

CRP (mg/L) 14.2 ± 12.1 8.5 ± 7.0 0.06
ESR (mm/h) 19.7 ± 14.8 13.5 ± 10.4 0.07

Urea (mg/dL) 35.9 ± 15.1 31.3 ± 13.7 0.21
Creatinine (mg/dL) 0.90 ± 0.25 0.88 ± 0.22 0.65

Values are mean ± SD. CRP = C-reactive protein (mg/L); ESR = erythrocyte sedimentation rate (mm/h).
ILD = interstitial lung disease. Hemoglobin is in g/dL; urea and creatinine are in mg/dL. Two-sided p-values
correspond to tests specified in Methods; α = 0.05.

Table 7 underscores the relationships between cognitive performance (MMSE) and
various physiologic or inflammatory markers. Pearson’s correlation coefficients demon-
strate a moderate positive link between MMSE and DLCO% (r = 0.44, p = 0.0005), KCO%
(r = 0.37, p = 0.002), TLC% (r = 0.34, p = 0.006), and FVC% (r = 0.31, p = 0.01). In essence,
better pulmonary function—particularly higher diffusing capacity (DLCO, KCO)—is as-
sociated with better cognitive scores. These findings bolster the hypothesis that alveolar
gas-exchange capacity may influence cerebral oxygenation and thus cognitive processes.

The analysis also presents a post hoc evaluation comparing individuals with
MMSE < 24 to those scoring ≥24, illustrating more severe physiologic compromise in
the cognitively impaired group. For instance, their mean DLCO% is 38.4 versus 52.1
(p = 0.002), representing a substantial decrement in diffusing capacity. Similar patterns
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emerge for KCO% (62.1 vs. 72.4, p = 0.01), TLC% (61.0 vs. 72.7, p = 0.008), and FVC%
(64.2 vs. 72.3, p = 0.03). CRP, while weakly negatively correlated (r = −0.22, p = 0.07), does
show a trend toward higher values in those with lower MMSE (17.5 vs. 11.1 mg/L, p = 0.09),
but the difference lacks strict significance.

Table 7. Correlation and post hoc analysis: MMSE vs. pulmonary function.

Parameter Pearson’s r (MMSE) p-Value Post Hoc Analysis (MMSE < 24 vs. ≥24)

DLCO% 0.44 0.0005 38.4 ± 14.2 vs. 52.1 ± 15.0 (p = 0.002)
KCO% 0.37 0.002 62.1 ± 11.9 vs. 72.4 ± 12.1 (p = 0.01)
TLC% 0.34 0.006 61.0 ± 9.8 vs. 72.7 ± 12.2 (p = 0.008)
FVC% 0.31 0.01 64.2 ± 11.5 vs. 72.3 ± 13.7 (p = 0.03)

CRP (mg/L) −0.22 0.07 17.5 ± 13.8 vs. 11.1 ± 10.2 (p = 0.09)
Correlations use Pearson’s r unless otherwise specified; r = correlation coefficient. MMSE = Mini-Mental State
Examination; DLCO% = diffusing capacity of the lung for carbon monoxide, percent predicted; KCO% = trans-
fer coefficient (DLCO/alveolar volume), percent predicted; TLC% = total lung capacity, percent predicted;
FVC% = forced vital capacity, percent predicted; CRP = C-reactive protein. Post hoc comparisons contrast
MMSE < 24 vs. ≥ 24 with two-sided tests and α = 0.05.

The flows showed that, overall, 18/77 participants (23.4%) had MMSE < 24 and
59/77 (76.6%) had MMSE ≥ 24. By diagnostic group, cognitive impairment (MMSE < 24)
occurred in 7/15 with UIP (46.7%), 4/16 with NSIP (25.0%), 2/8 with BIP pattern (25.0%),
1/3 with unclassifiable/combined pattern ILD (33.3%), 0/3 with sarcoidosis-associated
pulmonary fibrosis (0%), and 4/32 among non-ILD comparators (12.5%). Consequently,
UIP contributed the largest share of impaired cases (7/18, 38.9%), whereas non-ILD partici-
pants predominantly exhibited preserved cognition (28/32, 87.5%). The aggregate streams
converged to a larger node for MMSE ≥ 24 (n = 59) and a smaller node for MMSE < 24
(n = 18), indicating that most groups retained normal cognition while impairment clustered
in fibrotic ILD—particularly UIP (Figure 1).

 

Figure 1. Flow of diagnostic groups into cognitive status categories. Flow diagram (alluvial layout)
illustrating the distribution of Mini-Mental State Examination (MMSE) scores ≥ 24 versus < 24 across
fibrosing interstitial lung disease (ILD) subtypes and non-ILD comparators. Bars on the left represent
diagnostic groups [usual interstitial pneumonia (UIP), nonspecific interstitial pneumonia (NSIP),
bronchiolocentric interstitial pneumonia (BIP), sarcoid-fibrotic disease, unclassifiable/combined-
pattern ILD, and non-ILD], whereas bars on the right represent MMSE categories (MMSE ≥ 24,
MMSE < 24). The figure highlights that the UIP pattern contributes a disproportionately large share
of individuals with MMSE < 24 compared with other ILD subtypes and non-ILD participants.

https://doi.org/10.3390/diagnostics1601000414



Diagnostics 2026, 16, 4

Table 8 presents a multivariate logistic regression model identifying predictors of
cognitive impairment (MMSE < 24) across the entire sample (n = 77). Even after adjusting for
age, comorbidity burden (CCI), DLCO%, and CRP, having an ILD diagnosis is significantly
associated with increased odds of cognitive impairment (OR = 2.72, 95% CI 1.14–6.48,
p = 0.024). This finding highlights that ILD status itself confers an independent contribution
to poorer cognitive outcomes.

Table 8. Multivariate logistic regression for MMSE < 24.

Predictor Odds Ratio (95% CI) p-Value

ILD Diagnosis 2.72 (1.14–6.48) 0.024
Age (per 5 years) 1.18 (0.97–1.42) 0.09

CCI (per unit) 1.10 (0.90–1.34) 0.34
DLCO% (per 10% ↓) 1.42 (1.11–1.92) 0.008
CRP (per 5 mg/L) 1.04 (0.99–1.09) 0.1
GAP ≥ 4 (vs. <4) 2.91 (1.13–7.57) 0.026

Multivariable logistic regression models for the odds of MMSE < 24. OR = odds ratio; CI = confidence interval;
CCI = Charlson Comorbidity Index; DLCO% = diffusing capacity of the lung for carbon monoxide, percent
predicted; CRP = C-reactive protein; GAP = Gender–Age–Physiology index. “Per 10% ↓” denotes the effect per
10-percentage-point decrement in DLCO%. Covariates and model specification are detailed in Methods; two-sided
α = 0.05.

Among continuous predictors, each 10% decrement in DLCO% elevates the risk of
low MMSE by approximately 42% (OR = 1.42, p = 0.008), emphasizing the importance
of gas-exchange capacity. CRP was not a statistically significant predictor in this model
(p = 0.10), and any apparent association should be considered exploratory; these data do
not support a strong independent effect of CRP on MMSE < 24 once pulmonary physiology
and comorbidity are taken into account. Age, expressed per five-year increment, shows a
borderline effect (p = 0.09), reflecting the general principle that advancing age can modestly
increase the odds of cognitive decline.

We also included GAP ≥ 4 as a dichotomous variable for ILD participants, representing
more advanced disease. ILD patients with GAP ≥ 4 have nearly triple the odds of impaired
cognition (OR = 2.91, p = 0.026) compared to those with lower GAP scores, underscoring
that disease severity is a key driver. Overall, this model supports the notion that ILD
severity and reduced DLCO% are robust predictors of cognitive risk, reinforcing calls for
integrated pulmonary and neurocognitive assessment in patients with fibrotic lung disease.

Standardized mean differences (Hedges g; impaired minus unimpaired) indicated that
the cognitively impaired group had markedly lower lung volumes and gas-transfer capacity,
alongside somewhat higher systemic inflammation. Effect sizes for TLC%, DLCO%, KCO%,
and FVC% ranged from −0.61 to −0.99, corresponding to moderate-to-large deficits in
pulmonary function among participants with MMSE < 24 (Figure 2). In contrast, C-reactive
protein (CRP) showed a moderate positive effect size (g = 0.57, 95% CI 0.04 to 1.09),
indicating higher inflammatory burden in the impaired group, although this finding should
be interpreted cautiously and in conjunction with regression results, where CRP did not
independently predict MMSE < 24.
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Figure 2. Standardized mean differences (Hedges g) in lung volumes, gas-transfer capacity, and
C-reactive protein (CRP) between participants with Mini-Mental State Examination (MMSE) < 24 and
≥24. Negative values indicate lower mean values in the cognitively impaired group (MMSE < 24),
whereas positive values indicate higher mean values. Error bars represent 95% confidence intervals.

4. Discussion

4.1. Analysis of Findings

The present analysis demonstrated that adults with fibrotic ILD had lower global cog-
nitive performance than contemporaneous non-ILD clinic comparators, with approximately
one-third of ILD participants scoring below a conventional MMSE impairment threshold
and the most pronounced deficits observed in the UIP pattern. Within MMSE domains,
attention/calculation and recall were most affected, suggesting that fronto-subcortical net-
works supporting working memory and attentional control may be particularly vulnerable
in this population. These findings are consistent with prior case–control data in idio-
pathic interstitial pneumonia and mild IPF showing lower MMSE and neuropsychological
scores relative to healthy controls [18,19], and they extend this literature by demonstrating
graded relationships between diffusion impairment, GAP severity, and MMSE-defined
cognitive status.

Notably, domains reliant on attention and recall were disproportionately affected
in the current cohort, although the use of a single MMSE administration precludes firm
conclusions about stable domain-specific impairment versus fluctuating attentional perfor-
mance. Collectively, convergent evidence supported a clinically meaningful association
between fibrotic ILD phenotypes—especially UIP—and reduced performance on global
and domain-specific cognitive measures [18,19].

Physiological correlates in this study—particularly the graded relationship between
lower DLCO/TLC and lower MMSE and the independent contribution of ILD status
after adjustment—were coherent with population-based neuroimaging and aging-cohort
findings linking impaired pulmonary function to brain structural injury and subsequent
cognitive decline. In community samples, reduced forced vital capacity was associated
with heavier cerebral small-vessel disease burdens (white-matter hyperintensities, lacunes),
providing a plausible vascular substrate for cognitive impairment when gas-exchange
capacity was compromised [20]. Longitudinal data in older adults further suggested that
lower FEV1/FVC predicted incident cognitive decline and dementia-related outcomes,
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reinforcing the concept that deteriorating lung function tracked with cognitive aging
trajectories [21]. In parallel, systems-level work implicated inflammatory and endothelial
pathways as mechanistic bridges between pulmonary dysfunction and microvascular brain
injury, complementing the current observation that CRP showed only a weak, inconsistent
association with MMSE when modeled alongside physiology [22].

In order to eliminate a confounder, we excluded patients with acute or chronic res-
piratory failure from our cohort. However, mechanistic physiological studies using near-
infrared spectroscopy during exercise offered additional granularity regarding the link
between gas exchange and cognition-relevant brain physiology. Patients with IPF who
desaturated during exertion exhibited an early and disproportionate fall in cerebral oxy-
genation, even at low workloads, compared with non-desaturators; correcting desaturation
attenuated these cerebral oxygenation abnormalities [23]. In ILD, targeted oxygen sup-
plementation during constant-load cycling improved prefrontal cortical oxygenation and
reduced perceived fatigue, directly tying reversal of cerebral hypoxia to a patient-centered
outcome [24]. These studies could at least partially explain our impairment findings in
several domains (attention/calculation, recall) by suggesting that intermittent cerebral
hypoxemia during daily exertion could preferentially burden frontal–subcortical networks
subserving attention and working memory.

Translational implications followed from these converging physiologic and mecha-
nistic signals. A recent meta-analysis of randomized trials in fibrotic ILD concluded that
supplemental oxygen improved exercise SpO2, endurance, dyspnea, and fatigue, with
trends favoring high-flow systems; although long-term cognitive effects were not evaluated,
the demonstrated improvements in exertional hypoxemia and fatigue provided a rationale
for testing cognition as an endpoint in future trials [25]. Contemporary rehabilitation frame-
works for ILD emphasized the intertwined nature of physical and cognitive function and
advocated combining exercise training with cognitive-supportive strategies (e.g., pacing,
dual-task training, cueing) to translate physiologic gains into meaningful daily activities—
an approach that aligned with the present finding that disease severity (GAP ≥ 4) tracked
with cognitive risk [26]. On this basis, routine cognitive screening, preferential attention to
patients with markedly reduced DLCO, and integration of oxygen titration during training
appeared justified as pragmatic steps within comprehensive ILD care.

Subtype-specific signals in the current cohort also warranted comment. The sarcoidosis-
associated pulmonary fibrosis subgroup was very small (n = 3), and thus any appar-
ent preservation of MMSE scores must be regarded as exploratory and non-inferential.
Nonetheless, the absence of marked MMSE deficits in these three participants is not in-
consistent with prior objective testing that failed to detect frank executive dysfunction in
sarcoidosis-absent neurosarcoidosis [27]. At the same time, larger cohort analyses demon-
strated that subjective cognitive difficulties were common in sarcoidosis and independently
associated with poorer health-related quality of life, and prospective data implicated ev-
eryday cognitive failures as a determinant of fatigue—highlighting that patient-reported
cognitive burden may exceed what brief global screens capture [28,29]. These nuances rein-
forced the need to (i) consider diagnosis-specific mechanisms (e.g., neurosarcoidosis, sleep
disturbance, mood/fatigue) when interpreting cognitive measures and (ii) complement
MMSE with targeted domain testing and patient-reported outcomes, particularly in non-
UIP ILDs where overt deficits may be subtle or context-dependent [27–29]. Nevertheless,
these findings may be influenced by patient-specific, environmental, healthcare-related,
and study design factors; therefore, our results should be interpreted within the appropriate
context [30–36].

The findings supported integrating routine neurocognitive assessment into fibrotic
ILD care, with priority given to patients showing greater physiologic restriction, diffusion
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impairment, or advanced stage. Because cognitive performance tracked gas-exchange
and lung-volume limitations, management reasonably emphasized optimization of oxy-
genation at rest and on exertion, early and progressive pulmonary rehabilitation with
cognitive-supportive strategies, and systematic evaluation for modifiable contributors such
as sleep-disordered breathing and medication effects. Subtype signals indicating greater
vulnerability in UIP, together with severity gradients, justified risk-stratified workflows
that included timely neuropsychology referral, caregiver education, and incorporation of
cognitive status into shared decision-making about antifibrotic therapy, rehabilitation goals,
safety counseling, and advance care planning.

4.2. Study Limitations

This cross-sectional analysis from an academic center limited causal inference and gen-
eralizability, and small diagnostic subgroups constrained precision for between-phenotype
contrasts. Second, cognitive status was assessed using a single global screening tool (MMSE)
administered at one time point. MMSE performance is sensitive to transient influences such
as attention, engagement, fatigue, and testing context, and cannot, by itself, distinguish
stable neurocognitive impairment from more isolated attentional fluctuations. Moreover,
the MMSE has limited sensitivity for subtle executive and visuospatial deficits compared
with instruments such as the Montreal Cognitive Assessment (MoCA). Our findings should
therefore be interpreted as preliminary and hypothesis-generating; future ILD studies
should incorporate MoCA and detailed neuropsychological batteries to better delineate
domain-specific profiles and confirm the robustness of the observed associations. Third,
while all non-ILD comparators had no clinical or radiologic evidence of fibrosing interstitial
disease, their underlying non-fibrotic respiratory diagnoses were heterogeneous and not
stratified in our analyses, so we cannot exclude residual confounding from conditions that
themselves may affect cognition. Reliance on a brief global screen introduced ceiling and
floor effects and offered limited domain specificity, while the absence of comprehensive
neuropsychological testing or neuroimaging precluded the localization of deficits. Resid-
ual confounding likely persisted despite adjustment. In particular, we did not capture
educational attainment, detailed sleep measures (polysomnography, validated sleep ques-
tionnaires), mood or anxiety symptoms, or psychotropic medication use in a structured
way, and these unmeasured factors may have influenced MMSE scores and contributed
to the observed differences between groups. Nocturnal oximetry was not systematically
captured, biomarker profiling was restricted to routine inflammatory indices, and multi-
ple exploratory comparisons increased the possibility of spurious findings. Longitudinal
trajectories and responses to targeted interventions were not assessed.

5. Conclusions

ILD was associated with clinically meaningful decrements in global cognition, most
evident in fibrotic phenotypes such as UIP and in patients with more advanced disease, and
cognitive performance paralleled the severity of restriction and gas-exchange impairment.
These observations support the concept of a lung–brain axis in fibrotic ILD and suggest
that consideration of risk-stratified cognitive assessment, alongside oxygenation-focused,
rehabilitative, and sleep-targeted interventions, may be appropriate within comprehensive
care. However, given the cross-sectional design and reliance on a single global screener,
these findings should be viewed as hypothesis-generating and are insufficient on their
own to mandate routine cognitive screening in all patients with ILD. Future multicenter
longitudinal studies incorporating detailed neuropsychological profiling and mechanistic
biomarkers are warranted to clarify causality, delineate diagnosis-specific patterns, and
identify modifiable targets to preserve cognitive health in ILD.
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Abstract: Background/Objectives: Postoperative delirium (POD) and postoperative cog-
nitive dysfunction (POCD) are prevalent neurological complications following cardiac
surgery, significantly affecting patient recovery and long-term outcomes, including in-
creased risk of persistent cognitive impairment, functional decline, and mortality. Un-
derstanding the underlying mechanisms and risk factors for POD/POCD is crucial for
improving perioperative management. This study aimed to investigate the relationship be-
tween postoperative systemic inflammation, assessed through inflammatory markers, and
the occurrence of POD and POCD in patients undergoing cardiac surgery. Methods: We
prospectively enrolled 88 patients aged 18–79 years undergoing open-heart surgery. Pa-
tients with preoperative cognitive impairment or high surgical risk (based on EuroSCORE
and SOFA scores) were excluded to focus on the impact of inflammation in a relatively unse-
lected cohort. Postoperative inflammatory responses (CRP, NLR, IL-6, IL-17A, SII, and SIRI)
were measured, and patients were assessed for POD (CAM-ICU) and POCD (neuropsycho-
logical testing) during hospitalization and at 3 months follow-up. Statistical comparisons
were performed between patients who developed POD/POCD and those who did not.
Results: Postoperative inflammation was confirmed across the cohort, with significant
increases in CRP, NLR, IL-6, SII, and SIRI. While correlational analyses between changes
in individual inflammatory markers and POD/POCD were not statistically significant
in the entire cohort, patients who developed POD/POCD exhibited significantly higher
levels of IL-6 and NLR at 48 h postoperatively (p < 0.05). Established clinical risk factors
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significantly associated with POD/POCD included older age, prolonged cardiopulmonary
bypass (CPB) duration, extended mechanical ventilation, vasopressor support duration,
blood transfusion, renal dysfunction, and elevated postoperative creatine kinase (CK) and
lactate dehydrogenase (LDH) (p < 0.05). Ejection fraction (EF) < 45% and atrial fibrillation
(AF) were also more prevalent in the POD/POCD group. Conclusions: Our findings
emphasize the significant role of the postoperative inflammatory response, particularly
IL-6 and NLR, in conjunction with established clinical risk factors, in the development of
POD and POCD after cardiac surgery. Postoperative IL-6 and NLR levels, readily mea-
surable and cost-effective markers, may contribute to identifying patients at higher risk.
Comprehensive perioperative management strategies targeting inflammation, modifiable
clinical risk factors, and organ function are crucial for mitigating POD and POCD and
improving cognitive outcomes in this vulnerable population.

Keywords: inflammation; neuroinflammation; cardiac surgery; IL-6; IL17-A; CRP; NLR;
SII; SIRI; postoperative cognitive dysfunction; postoperative delirium

1. Introduction

Postoperative delirium (POD) and postoperative cognitive dysfunction (POCD) are
significant neurological complications following surgery, particularly cardiac surgery, im-
pacting patient outcomes and quality of life. These complications are not only distressing
for patients and their families but also pose a substantial burden on healthcare systems due
to increased length of hospital stay and higher healthcare costs. Delirium and POCD are
highly prevalent in intensive care settings, with reported incidence rates reaching up to
79% for cognitive disorders and 81% for delirium [1].

Delirium is defined in the Diagnostic and Statistical Manual of Mental Disorders (DSM)
as a disturbance in attention (reduced ability to direct, focus, sustain, and shift attention)
and awareness (reduced orientation to the environment) [2], accompanied by disorganized
thinking and further categorized into three subtypes: hyperactive, hypoactive, and mixed.
POCD is characterized by a sustained decline in cognitive function manifesting in days,
weeks, or months after surgery [3], potentially affecting attention, memory, language, and
concentration in the absence of pre-existing neurological pathology.

Several factors contribute to the development of postoperative neurological complica-
tions following cardiac surgery, including the complexity of surgical procedures, advanced
patient age, pre-existing comorbidities, cardiopulmonary bypass (CPB), and intraoperative
hypothermia [4]. Prolonged administration of sedative, hypnotic, and analgesic medica-
tions may also play a role. Importantly, patients who develop POD or POCD exhibit a
significantly higher 5-year mortality rate [5]. This increased mortality risk, coupled with
the detrimental impact on quality of life and autonomy, highlights the critical need for
identifying patients at high risk and developing rapid, specific methods for early detection
and intervention.

Cardiac surgery carries a notably higher incidence of delirium and POCD compared
to other surgical fields, including general, orthopedic, and urological surgeries, even
when these involve similarly aged patient populations. Studies report delirium rates of
8.4% to 23.8% after general surgery [6,7], rising to 28% with general anesthesia [7], while
orthopedic surgery shows rates around 8.2% [8] and urological surgery between 8.8% and
29%, depending on the intervention type [9]. Overall, in older adults, delirium incidence
ranges from 9% to 30% for general surgery, 16–44% for hip fractures, and 11–55% for cardiac
surgery [10].
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While cardiopulmonary bypass (CPB) is often correlated with this elevated risk in
cardiac surgery, the precise role of CPB remains debated. Some studies suggest CPB
does not directly impact inflammatory marker levels [11] or POD incidence [12], and off-
pump cardiac surgery has not consistently reduced POD rates [13]. However, even when
considering other intraoperative factors like hemodynamic instability, surgical bleeding,
and anesthesia type, patients can still develop POD and POCD.

Given evidence that inflammatory markers can compromise blood-brain barrier per-
meability, leading to cerebral edema and neurological dysfunction [4], this study prioritizes
the investigation of systemic inflammation as a critical factor contributing to POD and
POCD in cardiac surgery. To investigate the role of inflammation and neuroinflamma-
tion in POD and POCD after cardiac surgery, we assessed a panel of biomarkers. We
focused on composite inflammatory indices, the Systemic Immune-Inflammation Index
(SII) and the Systemic Inflammatory Response Index (SIRI), which have shown promise
as predictors of postoperative delirium, including in cardiac surgery [14–17]. These in-
dices are advantageous as they integrate multiple components of the systemic inflam-
matory response, offering a more comprehensive and robust measure than individual
markers. Specifically, SII is calculated from complete blood counts using the formula:
SII = (neutrophil count × platelet count)/lymphocyte count [18]. SIRI is similarly calcu-
lated as: SIRI = (neutrophil count × monocyte count)/lymphocyte count. To capture the
dynamic inflammatory response, we also assessed the percentage change in SIRI from
baseline to 48 h postoperatively, calculated as (SIRI 48 h − SIRI baseline)/SIRI baseline) ×
100 [14]. The neutrophil-to-lymphocyte ratio (NLR) was also included, as it is associated
with POD risk and reflects systemic inflammation [19–21].

Furthermore, we measured C-reactive protein (CRP) and interleukin-6 (IL-6), well-
established markers of systemic inflammation known to be elevated in POD and demen-
tia [11]. Blocking peripheral IL-6 has even been shown to reduce blood-brain barrier
disruption [22], further supporting its relevance. Finally, we analyzed interleukin-17A (IL-
17A), a cytokine implicated in the central nervous system (CNS) inflammation, blood-brain
barrier (BBB) impairment, and activation of astrocytes and microglia [23,24], suggesting its
potential role in neuroinflammation contributing to POD/POCD.

Therefore, this prospective observational study aimed to investigate the correlations
between pre- and postoperative levels of systemic inflammatory markers (SII, SIRI, NLR,
CRP, IL-6, and IL-17A) and the occurrence of POD and POCD in patients undergoing
elective cardiac surgery (patients devoid of any neurological issues preoperatively, without
elevated inflammatory markers, who underwent identical anesthesia and cardioplegia and
received the same sedation, weaning, and analgesia protocols postoperatively).

2. Materials and Methods

2.1. Study Design and Setting

We conducted a prospective, observational cohort study at a single center, the Institute
of Cardiovascular Diseases in Timisoara, specifically within the Division of Cardio-vascular
Anesthesia and Intensive Care Medicine. The study period spanned from 15 February
2024 to 1 September 2024 and included 88 patients undergoing elective cardiac open-heart
surgery. Ethical approval was obtained from the Ethics Committee of the Institute of
Cardiovascular Diseases from Timisoara (Protocol code 2098/16 March 2022) and the Ethics
Committee of Victor Babes University of Medicine and Pharmacy Timisoara (Protocol code
91/29 April 2022). All participants provided written informed consent prior to enrollment.
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2.2. Participants and Inclusion/Exclusion Criteria

Participants were adult patients aged 18 years or older scheduled for elective cardiac
open-heart surgery. We applied specific exclusion criteria to minimize confounding vari-
ables and ensure a homogenous study population. Patients were excluded if they presented
with any of the following:

• Pre-existing Neurological and Psychiatric Conditions: History of neurodegenerative
diseases (e.g., Parkinson’s disease or Alzheimer’s disease), cerebrovascular disease
(e.g., stroke or transient ischemic attack), pre-existing diagnosis of dementia or cogni-
tive impairment, or major psychiatric disorders (e.g., schizophrenia, bipolar disorder,
or major depressive disorder) requiring ongoing psychotropic medication.

• Active Systemic Illness: Active sepsis, acute or chronic inflammatory diseases requir-
ing immunosuppressive therapy (e.g., rheumatoid arthritis or inflammatory bowel
disease), end-stage renal disease requiring dialysis, Child-Pugh Class C liver cirrhosis,
or pre-existing hematological malignancies or severe coagulopathies. Furthermore,
patients who exhibited elevated inflammatory marker values before surgery were not
included in the study.

• Sensory and Substance Use Disorders: Severe vision or hearing impairment that would
preclude accurate cognitive assessment (vision impairment uncorrectable to 20/200
in the better eye or hearing impairment requiring hearing aids and still unable to
understand conversational speech) or history of chronic alcohol abuse or dependence.

• Perioperative Physiological Instability: Intraoperative mean arterial pressure (MAP)
variations greater than 20% of baseline or MAP < 50 mmHg during cardiopulmonary
bypass (CPB), preoperative or intraoperative hematocrit <20%, intraoperative hy-
pothermia below 32 ◦C, or postoperative benzodiazepine administration.

• Pre-existing Cognitive Impairment (Based on Screening): Preoperative cognitive im-
pairment as indicated by a score below 23 points on the Mini-Mental State Exam
(MMSE) or below 4 points on the Mini-Cog test. This stricter Mini-Cog cutoff (scores
of 3 or less usually indicate dementia) was chosen to conservatively exclude even mild
pre-existing cognitive deficits that could confound POCD assessment [25].

2.3. Surgical Procedures and Anesthesia

All patients underwent elective open-heart surgery, including coronary artery bypass
graft surgery (CABG) and classic and thoracoscopic valve replacements and repairs. Under
predefined institutional guidelines for cardiac surgery, general anesthesia was adminis-
tered using sevoflurane. Typical induction agents included propofol and fentanyl, muscle
relaxation was achieved with rocuronium, and anesthesia was maintained with sevoflu-
rane in oxygen and air. Intraoperative analgesia was typically provided with fentanyl
or remifentanil. While the specific choice of hypnotic agents, opioids, vasopressors, in-
otropes, and vasodilators was at the discretion of the attending anesthesiologist, guided
by institutional guidelines and individual patient factors, anesthetic management was
guided by predefined institutional guidelines. Standard intraoperative monitoring in-
cluded electrocardiography, pulse oximetry, capnograph, invasive arterial blood pressure
monitoring, central venous pressure monitoring, and depth of anesthesia monitoring us-
ing Bispectral Index (BIS), and maintaining a target range between 40–60 throughout the
anesthetic. During surgery before CPB, a mean arterial pressure (MAP) > 65 mmHg was
maintained; during CPB, the target MAP was 50–60 mmHg. Mild hypothermia, targeting a
core temperature between 32 ◦C and 34 ◦C, was maintained intraoperatively. St. Thomas
Hospital cardioplegia solution was administered at 15- to 20-min intervals, using a 1:1
blood/crystalloid ratio for the initial dose and a 4:1 blood/crystalloid ratio for maintenance.
The priming solution consisted of 500 mL of Gelofusine, 500 mL of Ringer’s lactate, 20 mg
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of furosemide, 100 mg of heparin, 1000 mg of cefazolin, and 100 mL of 20% mannitol. A
standard roller pump and heat exchanger system were used for cardiopulmonary bypass
and cardioplegia delivery.

2.4. Postoperative Care and Biomarker Measurements

Postoperatively, patients were transferred to the intensive care unit (ICU) and sedated
with propofol via continuous intravenous infusion until they met standard clinical criteria
for weaning from mechanical ventilation, as determined by the ICU intensivist. Weaning
from mechanical ventilation was conducted according to the intensivist’s clinical judg-
ment based on standard clinical criteria, which typically included adequate oxygenation,
stable hemodynamics, and spontaneous breathing efforts. Morphine was administered
intravenously as needed for analgesia, as per ICU protocol. Blood samples were collected
preoperatively and at 24 and 48 h postoperatively. The SII, SIRI, NLR, and CRP were calcu-
lated from complete blood counts performed on these samples. Plasma samples for inter-
leukin measurements were collected in ethylenediaminetetraacetic acid (EDTA)-containing
tubes, centrifuged immediately after collection, and stored in vacutainers at −80 ◦C until
analysis, as previously described [26,27]. Interleukin-6 (IL-6) and Interleukin-17A (IL-17A)
levels were quantified using commercially available enzyme-linked immunosorbent as-
say (ELISA) kits: Legend Max Human IL-6 ELISA kit (BioLegend, San Diego, CA, USA,
Catalog Number: 430504) and Legend Max Human IL-17A ELISA kit (BioLegend, Catalog
Number: 432504).

2.5. Postoperative Delirium and Postoperative Cognitive Dysfunction (POD/POCD) Assessment

Patients were monitored postoperatively for the development of both POD and POCD.
Delirium assessments were performed twice daily (morning and evening) by trained anes-
thesia residents or attending anesthesiologists as part of their routine clinical evaluations
during ICU rounds. The Richmond Agitation-Sedation Scale (RASS) was used daily to
assess sedation level. Patients with RASS scores of −4 or −5 (comatose and unassessable)
were not evaluated for delirium using CAM-ICU. For patients with RASS scores of −3 or
higher, delirium was assessed using the Confusion Assessment Method for the Intensive
Care Unit (CAM-ICU). CAM-ICU assessments were performed twice daily, starting on the
day of extubation and continuing for up to 7 days after or until ICU discharge, whichever
came first, following an internal standardized protocol based on recommendations from
previous studies [28,29]. Changes in CAM-ICU and RASS scores were recorded daily.
Motoric subtypes of delirium were defined based on CAM-ICU and RASS scores: hyper-
active delirium was defined as CAM-ICU positive with RASS scores between +1 and +4
on each assessment, characterized by restlessness, agitation, and device removal attempts;
hypoactive delirium was defined as CAM-ICU positive with RASS scores between 0 and
−3 on each assessment, characterized by lethargy, somnolence, and inattention.

Postoperative cognitive dysfunction (POCD) was assessed using a cognitive screening
approach employing the MMSE and the Montreal Cognitive Assessment (MoCA). These
assessments were administered by trained research personnel blinded to patient biomarker
levels and delirium status to minimize bias. The MMSE and MoCA were administered
at 96 h postoperatively (for early POCD assessment), at hospital discharge, and again at
3 months. Postoperative cognitive dysfunction (POCD) was diagnosed at 96 h, discharge,
and 3 months if patients achieved a score of 24 or less on the MMSE or a score of 26
or less on the MoCA. These cutoff scores are consistent with established thresholds for
indicating cognitive impairment in older adults and postoperative populations [30,31].
The MMSE and MoCA are well-established and widely used tools for evaluating global
cognitive functioning, covering various cognitive domains relevant to POCD, including
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memory, attention, language, visuospatial skills, and executive function. While not a
comprehensive neuropsychological battery, the combination of MMSE and MoCA provides
a sensitive and clinically practical approach for detecting POCD in the postoperative
setting. POCD assessments were conducted at hospital discharge and again at 3 months
postoperatively. A significant correlation has been observed between the Mini-Mental State
Examination (MMSE), the Montreal Cognitive Assessment (MoCA) scores, and educational
level, highlighting their impact on test outcomes. The findings in various studies suggest a
strong association between educational attainment and the accuracy of diagnoses based
on MMSE and MoCA scores [32], and other studies revealed that educational level had a
lesser impact on performance in the short memory-recall task compared to age. Moreover,
the results suggest that educational attainment plays a more significant role in assessing
memory, particularly when memory recall is impaired [33].

In contrast, age appears to have a more pronounced effect on tasks evaluating memory
absence [33]. Compared to the MMSE, the MoCA is more effective in detecting mild
cognitive impairment (MCI) among younger and highly educated older adults. However,
the MMSE demonstrates an advantage over the MoCA in screening for MCI in individuals
with lower education levels and older age groups [34].

Cognitive function was assessed using the Romanian translation of the MoCA Version
7.1, obtained from the MoCA website (www.mocatest.org) accessed on 14 March 2025.
This version represents a standardized and readily available Romanian translation of
the MoCA. It is the officially recommended Romanian version and is widely used in
clinical and research settings in Romania. Cognitive abilities were also assessed using the
MMSE. While the MMSE is widely used in clinical practice and research in Romania as
a commonly employed cognitive screening tool, we recognize that, to our knowledge, a
formally validated Romanian version of the MMSE is not currently available.

EuroSCORE II and Sequential Organ Failure Assessment (SOFA) scores were calcu-
lated preoperatively and postoperatively to characterize patient risk profiles and overall
disease. Nevertheless, patients with a low probability of mortality, as determined by these
scores, were included in the study cohort.

2.6. Statistical Analysis

Statistical analyses were performed using Microsoft Excel (version 2021) for data
management and preprocessing, while JASP (version 0.19.2) was utilized for advanced
statistical computations. Continuous variables were summarized using means, standard
deviations, and minimum and maximum values, while categorical variables were reported
as absolute and relative frequencies. For comparisons between the POD/POCD group
and the No POD/POCD group, continuous variables were compared using independent
samples t-tests when normally distributed or the Mann–Whitney U test for non-normally
distributed data. Categorical variables were analyzed using chi-square tests. To examine
the relationships between systemic inflammatory markers and postoperative complications,
Pearson’s correlation coefficients were computed. These correlations were assessed to de-
termine potential associations between inflammatory markers, cardiovascular parameters,
and clinical outcomes. Additionally, multiple logistic regression models were applied to
evaluate potential predictors of postoperative outcomes. For between-group comparisons,
independent t-tests and analysis of variance (ANOVA) were used to assess statistical dif-
ferences in inflammatory marker levels across patient subgroups. Chi-square tests were
employed for categorical variable comparisons. The predictive performance of logistic
regression models was evaluated through pseudo-R2 metrics, classification accuracy, and
area under the curve (AUC) analyses. All statistical tests were conducted at a 95% confi-
dence level, with statistical significance set at p ≤ 0.05. Sensitivity analyses were performed
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to ensure the robustness of findings, considering potential confounders and interactions
among variables. Effect sizes were computed using Cohen’s d for continuous variables,
with values interpreted as small (0.2), moderate (0.5), or large (0.8) effects. Odds ratios
(OR) with 95% confidence intervals were calculated for categorical variables to assess the
strength of association between predictor variables and outcomes. We also used multiple
comparison correction methods for inflammatory markers.

3. Results

The study enrolled 110 patients scheduled for open-heart, CABG, and valve surgeries.
After excluding 6 patients lost to follow-up and 16 patients based on preoperative cognitive
screening (MMSE < 23 or Mini-Cog < 4), the final analysis included 88 patients aged from
18 to 79 years. Within this cohort of 88 patients, 22 (25%) developed postoperative delirium
(POD) or postoperative cognitive dysfunction (POCD) during their hospital stay, and 9
(40.9%) of those assessed at 3 months exhibited cognitive impairment.

3.1. Patient Demographics and Clinical Characteristics

Table 1 summarizes the demographic and clinical characteristics of the entire study
cohort (N = 88).

Table 1. Clinical and demographic characteristics of all groups of patients.

Variable Total (N = 88)

Gender (Female), n (%) 16 (18.18%)

Age Group, n (%)

≤55 years 21 (18.57%)

55 to 65 years 23 (28.57%)

65 to 75 years 38 (45.71%)

≥75 years 6 (7.15%)

Height, cm 171.06 ± 9.22

Weight, kg 81.35 ± 15.71

BMI, kg/m2 27.56 ± 4.47

BMI Group, n (%)

≤18.5 kg/m2 0 (0%)

18.5 to 24 kg/m2 22 (25%)

≥24 kg/m2 66 (75%)

Medical Condition, n (%)

Coronary heart disease, n (%) 32 (36.36%)

Diabetes mellitus, n (%) 23 (26.13%)

Transfusion 49 (55.68%)

Smokers 19 (21.59%)

POD 17 (19.31%)

POCD 22 (25%)

Surgical approaches, n (%)

Valve surgery 56 (63.63%)

Coronary surgery 32 (36.37%)

CPB time, min 114.95 ± 34.17

Vasopressor support 19.35 ± 9.80

EF% 46.68 ± 5.95

Mean arterial pressure 89.18 ± 9.31
Medical characteristics: BMI (body mass index), POD (postoperative delirium), POCD (postoperative cognitive
disfunction), EF% (ejection fraction).
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3.2. Postoperative Inflammatory Marker Changes in the Entire Cohort

Analysis of inflammatory markers revealed postoperative changes across the entire
cohort. Specifically, we observed a marked increase in CRP, reaching a mean peak of
186.61 mg/dL at 48 h. The NLR peaked at 24 h postoperatively (mean 18.88) before
decreasing to 10.29. The SII and SIRI showed substantial increases post-surgery (SII:
preoperative mean 465.34, postoperative mean 2326.97; SIRI: preoperative mean 1.38,
postoperative mean 15.80). The IL-6 also rose from a preoperative mean of 15.80 pg/mL to
a 167.88 pg/mL peak. The IL-17A increased from 4.09 pg/mL to 10.29 pg/mL.

Figure 1 presents that none of the tested inflammatory markers demonstrated statis-
tically significant correlations with POD or POCD (all p > 0.05). Notably, the correlation
between Delta IL-6 and POD was weakly positive (r = 0.194) and approached statistical
significance (p = 0.071), suggesting a potential trend. However, no definitive conclusions
can be drawn from this sample regarding the relationship between inflammatory markers
and postoperative neurological complications.

Figure 1. Correlogram of inflammatory markers with POD and POCD. Whole group of patients
(n = 88).

The correlation between POD occurrence and Delta PCR is weak and statistically
insignificant, indicating that changes in PCR (Delta PCR) over time have no clear association
with POD. Regarding POCD, the relationship is direct but weaker than that between POD
and Delta PCR, suggesting minimal influence or no direct connection. We observed a weak,
negative, and statistically insignificant correlation for NLR, indicating that variations in
NLR (Delta NLR) do not significantly impact POD. In relation to POCD, the correlation is
negative (inverse) and weak and lacks statistical significance, further suggesting no clear
association between NLR changes and POCD. The relationship between POD and IL-6 is
direct, yet it approaches statistical significance, indicating a potential link that may become
evident in a larger sample size. Conversely, the very weak negative correlation between
IL-17A and POD/POCD suggests no meaningful association, implying that IL-17A does
not influence these postoperative neurological complications in our study group.

3.3. Comparison of Clinical, Surgical, and Biomarker Variables Between Patients With and Without
POD/POCD

To identify factors associated with POD/POCD, we compared patients who developed
these complications (Group 1: POD/POCD Group, n = 22) to those who did not (Group 2:
No POD/POCD Group, n = 66). Table 2 presents a detailed comparison of demographic,
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clinical, surgical, and biomarker variables between these two groups, Table 3 summarizes
the logistic regression model assessing the presence of POD or POCD. The significant
improvement in model fit (p < 0.001), along with high pseudo-R2 values (McFadden,
Nagelkerke, Tjur = 1.000; Cox & Snell = 0.679), indicates strong explanatory power. Table 4
presents the regression coefficients for the variables included in M1, highlighting their
individual contribution to the model.

Table 2. Comparison of demographic, clinical, surgical, and biomarker variables between patients
with and without postoperative delirium (POD) or postoperative cognitive dysfunction (POCD).

Variable
GROUP 1.

POD/POCD
Group

GROUP 2. No
POD/POCD

Group
p-Value

Cohen’s
d

OR
95%

Confidence
Intervals

Fisher’s
Exact Test
p-Value

Age
(average) 66 ± 8.99 60 ± 11.75 0.004 −0.726

Gender/M 16 55 0.523 0.386 0.386 0.2 2.2 0.53

Weight
(average) 78.04 ± 10.75 82.48 ± 16.96 0.244 0.289

CPB
time/min 135.3 ± 43.9 107.65 ± 26.89 p < 0.001 −0.916

MV/hours
(average) 27 ± 5.07 14.89 ± 4.40 p = 0.004 −0.726

Diabetes
mellitus 7 (31.81%) 16 (24.24%) 0.484 0.377 0.5 4.2 0.57

Postoperative
atrial

fibrillation
4 (18.18%) 10 (15.15%) p = 0.001 1.618). 0.3 4.4 0.74

NA/hours
(average) 26.61 ± 11.80 17.06 ± 7.88 p < 0.001 −1.019

CRP mg/dL
at 24 h 78.26 ± 24.46 74.32 ± 21.02 p = 0.469

CRP mg/dL
at 48 h 217.28 ± 70.82 177.31 ± 61.556 p = 0.020 −0.581

NLR preop 2.91 ± 1.42 2.64 ± 1.26 p = 0.395

NLR at 24 h 21.4 ± 14.59 15.52 ± 8.75 p = 0.038 −0.519

NLR at 48 h 14.98 ± 8.66 8.81 ± 4.23 p = 0.013 −0.623

IL-6 pg/mL
preoperative

values
17.04 15.63 p = 0.301

IL-6 pg/mL
at 48 h 196.94 ± 131.99 160.79 ± 102.97 p = 0.013 −0.623

IL-17-A
pg/mL

preoperative
values

2.08 4.79 p = 0.500

IL-17-A
pg/mL at 48

h
5.16 12.08 p = 0.500

SII
preoperative

values
490.3 ± 312.83 457.83 ± 229.04 p = 0.630

SII at 24 h 2341.9 ± 1280.82 2309 ± 1521.93 p = 0.844
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Table 2. Cont.

Variable
GROUP 1.

POD/POCD
Group

GROUP 2. No
POD/POCD

Group
p-Value

Cohen’s
d

OR
95%

Confidence
Intervals

Fisher’s
Exact Test
p-Value

SIRI
preoperative

values
1.42 ± 0.97 1.36 ± 1.29 p = 0.879

SIRI at 24 h 12.97 ± 7.93 15.52 ± 9.20 p = 0.936

SIRId
(dynamic) 12.49 ± 10.71 12.83 ± 10.42 p = 0.959

Blood
transfusion 18 (81%) 30 (45.45%) p = <0.001 2.028 2.028 2.0 28.18 0.001

Smokers 4 (18.18%) 14 (21.21%) p = 0.881 0.088 0.3 3.4 1

EF
%(average) 43.2% ± 1.76% 47.72% ± 1.11% p = 0.072

VEMS 70% 10 (45%) 12(18.18%) p = 0.015

Creatine
kinase IU/L

(average)
991.19 ± 876.96 566.07 ± 436.71 p = 0.023 −0.570

Lactate
dehydrogenase

U/L
(average)

429.61 ± 139.14 331.36 ± 98.76 p < 0.001 −0.981

Preoperative
creatinine

md/dL
1.57 ± 1.11 0.97 ± 0.45 p < 0.001 −0.868

Postoperative
creatinine

mg/dL
1.95 ± 1.43 1.16 ± 0.53 p < 0.001 −0.933

Glucose/24 h
mg/dL 160.09 ± 34.05 153.43 ± 35.18 p = 0441

Table 3. Model Summary—Presence of POD/POCD.

Model Deviance AIC BIC df ΔX2 p McFadden
R2

Nagelkerke

R2 Tjur R2 Cox &
Snell R2

M0 97.805 99.805 102.259 85 0.000 0.000
M1 1.392 × 10−7 50.000 111.359 61 97.805 <0.001 1.000 1.000 1.000 0.679

Note. M1 includes age, sex, provenience, weight, CPB time, mechanical ventilation, diabetes mellitus, C-reactive
protein (CRP) at 24 h postoperatively, C-reactive protein (CRP) at 48 h postoperatively, preoperative neutrophil-
to-lymphocyte ratio, neutrophil-to-lymphocyte ratio (NLR) at 24 h postoperatively, neutrophil-to-lymphocyte
ratio (NLR) at 48 h postoperatively, IL-6 at 48 h, IL-17 at 48 h, smokers, preoperative creatinine, postoperative
creatinine, lactate dehydrogenase, noradrenaline hours of use, glucose values/24 h, SII preoperative values, SII
postoperative values, SIRI preoperative values, SIRI postoperative values.

Demographic Factors: Patients in the POD/POCD group were significantly older
(mean age 66 vs. 60 years, p = 0.004, Cohen’s d = −0.726, medium effect). Gender distribu-
tion did not differ significantly between groups (p = 0.523).

Surgical and Intraoperative Factors: Patients who developed POD/POCD experi-
enced significantly longer cardiopulmonary bypass (CPB) times (mean CPB time 135.3 vs.
107.65 min, p < 0.001, Cohen’s d = −0.916, large effect) and required vasopressor support
for a longer duration (mean vasopressor support duration 26.61 vs. 17.06 h, p < 0.001,
Cohen’s d = −1.019, large effect).
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Table 4. Coefficients.

Wald Test

Model Estimate Standard
Error

Odds Ratio z Wald Statistic df p

M0 (Intercept) −1.068 0.247 0.344 −4.321 18.669 1 <0.001
M1 (Intercept) −3607.479 556,892.801 0.000 −0.006 4.196 × 10−5 1 0.995

Age 27.864 4333.550 1.263 × 1012 0.006 4.134 × 10−5 1 0.995
Gender (M) 65.211 27,909.801 2.092 × 1028 0.002 5.459 × 10−6 1 0.998
Provenience

(urban) −158.730 46,243.628 1.160 × 10−69 −0.003 1.178 × 10−5 1 0.997

Weight 3.478 691.307 32.407 0.005 2.532 × 10−5 1 0.996
CPB time/min 6.803 921.187 900.333 0.007 5.454 × 10−5 1 0.994

Mechanical
ventila-

tion/hours
23.699 5717.932 1.960 × 1010 0.004 1.718 × 10−5 1 0.997

Diabetes
mellitus −7.708 21,123.056 4.493 × 10−4 −3.649 × 10−4 1.332 × 10−7 1 1.000

C-reactive
protein (CRP)
at 24 h postop-

eratively

−3.284 528.525 0.037 −0.006 3.861 × 10−5 1 0.995

C-reactive
protein (CRP)
at 48 h postop-

eratively

3.237 408.577 25.457 0.008 6.277 × 10−5 1 0.994

Preoperative
neutrophil-to-
lymphocyte

ratio

−117.037 15,992.441 1.484 × 10−51 −0.007 5.356 × 10−5 1 0.994

Neutrophil-to-
lymphocyte

ratio (NLR) at
24 h postopera-

tively

7.251 1147.312 1409.735 0.006 3.994 × 10−5 1 0.995

Neutrophil-to-
lymphocyte

ratio (NLR) at
48 h postopera-

tively

−5.994 2647.201 0.002 −0.002 5.126 × 10−6 1 0.998

IL-6 at 48 h 1.890 259.199 6.617 0.007 5.315 × 10−5 1 0.994
IL-17 at 48 h −8.928 1184.888 1.326 × 10−4 −0.008 5.678 × 10−5 1 0.994

Smokers 242.676 33,565.572 2.472 × 10105 0.007 5.227 × 10−5 1 0.994
Preoperative

creatinine −63.177 151,667.152 3.654 × 10−28 −4.165 × 10−4 1.735 × 10−7 1 1.000
Postoperative

creatinine 122.408 142,604.008 1.450 × 1053 8.584 × 10−4 7.368 × 10−7 1 0.999
Lactate dehy-

drogenase 0.295 55.022 1.343 0.005 2.878 × 10−5 1 0.996

Noradrenaline/
hours 4.365 1304.360 78.626 0.003 1.120 × 10−5 1 0.997

Glucose/24 h −2.568 362.526 0.077 −0.007 5.018 × 10−5 1 0.994
Preoperative

SII value −0.648 104.127 0.523 −0.006 3.870 × 10−5 1 0.995

Postoperative
SII value −0.063 10.644 0.939 −0.006 3.537 × 10−5 1 0.995

Preoperative
SIRI 112.435 15,629.056 6.760 × 1048 0.007 5.175 × 10−5 1 0.994

Postoperative
SIRI 10.446 1489.364 34,415.173 0.007 4.919 × 10−5 1 0.994

Note. Presence of POD/POCD level “Yes” coded as class 1.

Postoperative Factors: The POD/POCD group had significantly longer mechanical
ventilation duration (mean MV duration 27 vs. 14.89 h, p = 0.004, Cohen’s d = −0.726,
medium effect).

Inflammatory Markers and Lab Values: Patients with POD/POCD showed sig-
nificantly elevated CRP levels at 48 h (mean CRP 217.28 vs. 177.31 mg/L, p = 0.020,
Cohen’s d = −0.581, medium effect) and higher NLR levels at 24 h (mean NLR 21.4 vs.
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15.52, p = 0.038, Cohen’s d = −0.519, medium effect) and at 48 h (mean NLR 14.98 vs. 8.81,
p = 0.013, Cohen’s d = −0.623, medium effect) and higher IL-6 levels at 48 h (mean IL-6
196.94 vs. 160.79 pg/mL, p = 0.013, Cohen’s d = −0.623, medium effect). Postoperative crea-
tine kinase (CK) (p = 0.023, Cohen’s d = −0.570, medium effect) and lactate dehydrogenase
(LDH) levels (p < 0.001, Cohen’s d = −0.981, large effect) were also significantly higher in
the POD/POCD group.

Renal Function and Blood Transfusion: Both preoperative (p < 0.001, Cohen’s d = −0.868,
large effect) and postoperative creatinine levels (p < 0.001, Cohen’s d = −0.933, large effect)
were significantly elevated in the POD/POCD group. A significantly greater proportion
of POD/POCD group patients required blood transfusions (81% vs. 45.45%, p < 0.001,
OR = 2.028).

Cardiac and Other Factors: Atrial fibrillation occurred significantly more frequently in
the POD/POCD group (18.18% vs. 15.15%, p = 0.001, OR = 1.618). While ejection fraction
was lower in the POD/POCD group, this difference approached but did not reach statistical
significance (p = 0.072).

Non-Significant Variables: In contrast, patient weight, diabetes mellitus prevalence,
smoking status, preoperative and 24-h CRP levels, preoperative and postoperative IL-17A
levels, preoperative and postoperative SII and SIRI, Delta SIRI, preoperative IL-6 levels,
24-h NLR, and 24-h glucose levels did not differ significantly between the groups (all
p > 0.05).

3.4. Neuropsychological Evaluation

The neuropsychological evaluations, using both the MMSE and MoCA for POCD
assessment and CAM-ICU for delirium, revealed the temporal evolution of postoperative
neurological complications. The POD, assessed twice daily from extubation using CAM-
ICU, was diagnosed in 14 patients (15.9% of the cohort, N = 88) at 48 h postoperatively.

Cognitive function was assessed using MMSE and MoCA at 96 h postoperatively to
evaluate for early POCD. At 96 h postoperatively, 10 of the 14 patients with POD at 48 h
continued to exhibit cognitive dysfunction based on meeting POCD criteria on MMSE
and/or MoCA (score ≤ 24 on MMSE or ≤26 on MoCA). Furthermore, by 96 h, an additional
8 patients were newly diagnosed with POCD based on meeting these same POCD criteria
on either the MMSE or MoCA. This resulted in a cumulative prevalence of POCD in
22 patients (25% of 88) by 96 h postoperatively.

Overall, 22 patients (25% of 88) experienced either POD or POCD during their post-
operative hospitalization up to 96 h. All 22 patients diagnosed with POCD at 96 h were
invited and completed the 3-month follow-up assessment. At this later assessment, 9
(40.9%) patients continued to meet the criteria for POCD, while 13 patients no longer met
the criteria based on MMSE and/or MoCA scores.

4. Discussion

The POD and POCD are significant complications following cardiac surgery, impact-
ing patient recovery and long-term quality of life. This prospective observational study
aimed to investigate the relationship between systemic inflammation, as measured by key
inflammatory markers, and the occurrence of POD and POCD in patients undergoing
open-heart surgery, assessing cognitive function in the immediate postoperative period and
at 3 months. Our analysis confirmed a substantial postoperative inflammatory response
characterized by marked elevations in markers such as CRP, IL-6, and NLR. While our
correlational analysis did not reveal statistically significant associations between individual
inflammatory markers and POD/POCD across the entire cohort, our findings suggest
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that postoperative inflammation, particularly IL-6, may contribute to these neurological
complications’ development.

While correlational analyses across the entire cohort did not show statistically signifi-
cant associations between individual inflammatory markers and POD/POCD, we observed
a more significant increase in postoperative IL-6 levels at 48 h in patients who developed
POD or POCD compared to those who did not (Table 2). Although the correlation between
Delta IL-6 and POD approached but did not reach statistical significance (p = 0.071), the
significantly elevated IL-6 levels in the POD/POCD group suggest a potential role for IL-6
as a marker of increased risk. Interleukin-6 is a key pro-inflammatory cytokine known
to cross the BBB and contribute to neuroinflammation, making it a biologically plausi-
ble candidate in the pathogenesis of POD and POCD [35]. The dynamic postoperative
increase in IL-6, almost 10-fold compared to preoperative values, further highlights its
responsiveness to surgical stress and potential utility as a marker of inflammatory burden.
Our findings, combined with existing literature, suggest that postoperative IL-6 levels,
particularly in conjunction with established clinical risk factors such as advanced age (over
65 years), reduced ejection fraction (EF < 45%), respiratory dysfunction, prolonged CPB
duration, extended mechanical ventilation (over 24 h), and significant blood transfusion,
may contribute to a refined risk assessment for POD and POCD in cardiac surgery patients.

In our study, CRP exhibited a marked postoperative increase across the entire cohort,
indicative of a robust systemic inflammatory response to cardiac surgery. While corre-
lational analysis across all patients revealed a weak, non-significant correlation between
changes in CRP and POD (Figure 1), comparison between groups showed significantly
elevated CRP levels at 48 h in patients who developed POD or POCD (Group 1) compared
to those who did not (Group 2) (Table 2). This suggests that while CRP, as a general
marker of inflammation, rises in all patients after surgery, higher levels at 48 h may be
associated with an increased risk of POD/POCD. Our findings are consistent with some
literature suggesting that postoperative changes in CRP alone may not be a strong predic-
tor of POD/POCD in cardiac surgery [11], particularly compared to other markers like
IL-6. However, CRP’s role might be more pronounced in other contexts, such as when
preoperative CRP is elevated, reflecting pre-existing inflammatory burden and potentially
increasing vulnerability to postoperative complications [25], or in non-cardiac surgery,
where the nature and drivers of inflammation may differ [36].

The NLR also provided insights into postoperative inflammation. Significantly ele-
vated NLR levels were observed at both 24 and 48 h in the POD/POCD group (Group 1)
compared to Group 2 (Table 2), further supporting the role of inflammation in postoperative
cognitive dysfunction. NLR is a readily available marker reflecting systemic inflammation
and the balance between pro-inflammatory neutrophils and anti-inflammatory lympho-
cytes. Our findings align with a growing body of literature demonstrating the association
of increased NLR with POD in non-cardiac [37,38] and cardiac surgery and its potential to
predict mortality in cardiothoracic surgery [39]. However, a limitation of our study is the
exclusion of patients with preoperative NLR values exceeding ≥ 3.4. This exclusion crite-
rion, implemented to minimize confounding from pre-existing inflammatory conditions,
may have limited our ability to capture the spectrum of NLR’s influence fully. By excluding
patients with higher baseline inflammation, we might have missed a potentially more vul-
nerable subgroup where NLR’s predictive value for POD/POCD is even more substantial.
Future studies could explore the role of NLR across a broader range of preoperative values,
including patients with elevated baseline NLR, to better define its clinical utility. The link
between elevated NLR and both cognitive complications and mortality suggests that it
may reflect a broader state of systemic vulnerability and heightened surgical risk.
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In contrast to IL-6, CRP, and NLR, SII and Systemic SIRI did not show significant
differences between groups or significant correlations with POD or POCD in our study.
We did observe a strong positive correlation between postoperative SII and SIRI levels
(r = 0.81), which is unsurprising given that both are composite indices reflecting related
aspects of systemic inflammation. The weak correlation between preoperative SII and
SIRI (r = 0.35) and between preoperative SIRI and postoperative mechanical ventilation
hours (r = 0.25) suggests that baseline inflammatory status, as captured by these markers,
might have a limited direct influence on postoperative ventilation duration in our cohort,
with multiple intraoperative factors likely playing a more dominant role in ventilation
needs. Interestingly, our study contrasts with findings in the literature [36], which high-
light the predictive value of elevated preoperative SII and SIRI for POD risk after cardiac
surgery. While we did not find postoperative SII or SIRI significantly associated with
POD/POCD outcomes in our cohort, the established literature points toward the impor-
tance of preoperative inflammatory status. This discrepancy may suggest that baseline,
pre-existing inflammation, captured preoperatively by SII and SIRI, could be a more critical
determinant of POD risk than postoperative changes in these markers or that our study
lacked the statistical power to detect subtle differences in postoperative SII/SIRI related to
POD/POCD. Further research should explore the relative predictive value of preoperative
versus postoperative SII and SIRI in larger cohorts and consider preoperative SII/SIRI as
potential risk stratification tools.

The strong positive correlation we observed between POD at 48 h and early cognitive
dysfunction at 96 h (MMSE and MoCA-based POCD) underscores the close temporal
relationship between delirium and early postoperative cognitive impairment in our cardiac
surgery cohort. This finding aligns with recent studies demonstrating that immediate
postoperative cognitive deficits, including delirium, can have long-lasting consequences
for cognitive trajectories, potentially extending up to 5 years postoperatively [40,41]. This
emphasizes the clinical importance of early detection and intervention for both POD and
POCD to potentially mitigate long-term cognitive decline.

The association between patients who received corticosteroid therapy and those who
developed POD at 96 h is r = 0.65, p ≤ 0.05 in our study, indicating that corticosteroid
therapy alone may not be sufficient to prevent POD, or its effectiveness remains uncertain.
This finding aligns with existing literature [38,42,43]. Additionally, other studies suggest
that high-dose corticosteroid therapy in cardiac surgery, particularly dexamethasone at a
dose of 0.2 mg/kg, may influence the occurrence of early postoperative POCD [40].

Our study demonstrated significantly longer durations of both mechanical ventilation
and vasopressor support in patients who developed POD/POCD (Table 2). Patients in
the POD/POCD group required an average of 27 h of mechanical ventilation compared
to 14.89 h in the No POD/POCD group (p = 0.004, Cohen’s d = −0.726) and vasopressor
support for 26.61 h versus 17.06 h (p < 0.001, Cohen’s d = −1.019). These findings are consis-
tent with established literature linking prolonged mechanical ventilation and vasopressor
use [41,44] to increased POD and POCD risk. Mechanistically, prolonged mechanical ven-
tilation can contribute to POD/POCD through multiple pathways, including lung-brain
axis inflammation, increased sedation exposure, and prolonged immobility. Similarly,
extended vasopressor support, particularly with norepinephrine, may impact cerebral func-
tion by disrupting blood-brain barrier integrity in the context of systemic inflammation [45],
altering cerebral blood flow, and potentially impairing cerebral autoregulation [46].

Blood transfusion was significantly more frequent in the POD/POCD group. In our
study, 81% of patients in the POD/POCD group received blood transfusions, compared
to 45.45% in the No POD/POCD group (p < 0.001, OR = 2.028). This finding supports
the accumulating evidence linking perioperative blood transfusions to an elevated risk of
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POD and POCD [46]. The causal mechanisms are complex and not fully understood, but
transfusion-related immunomodulation (TRIM) and the introduction of inflammatory me-
diators contained within transfused blood products are proposed mechanisms contributing
to neuroinflammation and cognitive dysfunction [47]. Furthermore, several studies have
indicated that perioperative blood transfusions are associated with an elevated risk of these
complications, particularly when the transfusion volume exceeds 3 units [46]. Other studies
have suggested that the risk is amplified after the transfusion of 6 or more packed red blood
cell units within 24 h postoperatively [44]. We observed correlations between elevated
postoperative LDH levels and the occurrence of POD and POCD at 48 and 96 h. Patients
in the POD/POCD group also exhibited significantly higher postoperative LDH levels
(Table 2, p < 0.001, Cohen’s d = −0.981). Elevated LDH is a marker of cellular damage and
tissue hypoxia, suggesting that increased cellular stress and tissue injury associated with
cardiac surgery, particularly in those developing POD/POCD, may contribute to systemic
stress and potentially neuroinflammation [48].

Our study revealed significantly higher preoperative and postoperative creatinine
levels in the POD/POCD group (Table 2) with p < 0.001 and Cohen’s d = −0.868, respec-
tively, p < 0.001 and Cohen’s d = −0.933. This finding aligns with the known association
between acute kidney injury (AKI) and POD [49]. Renal dysfunction can contribute to
POD/POCD through multiple mechanisms, including accumulating uremic toxins, elec-
trolyte imbalances, and exacerbating systemic inflammation, all of which can impact brain
function [50].

While diabetes mellitus prevalence did not differ significantly between groups in
our study, it is important to consider the potential modifying effect of age. Although
postoperative glucose control appeared similar between groups, suboptimal preoperative
glycemic control, which we did not directly assess, could still be a relevant risk factor. As
highlighted in previous research [51], the impact of diabetes on POCD risk may be more
pronounced in older individuals, and our cohort had a mean age of 66 years. Future research
should explore the role of preoperative glycemic control and potential interactions between
diabetes, age, and inflammatory markers in predicting POD/POCD in cardiac surgery.

Clinical implications: the present study highlights the potential clinical relevance of
postoperative IL-6 levels as a marker associated with an increased risk of POD and POCD in
cardiac surgery. While further research is needed to confirm causality and predictive value,
these findings suggest that IL-6 measurement could be integrated into risk stratification
protocols to identify high-risk patients who may benefit from enhanced monitoring and
preventive strategies. Furthermore, the observed associations of prolonged mechanical
ventilation, vasopressor support duration, blood transfusion, and renal dysfunction with
POD/POCD underscore the importance of perioperative modifiable factors that can be
targeted to reduce cognitive risk.

Our finding that approximately 40% of patients who experienced POCD at 96 h con-
tinued to exhibit cognitive dysfunction at 3 months highlights the clinically significant
potential for persistent cognitive impairment in a substantial proportion of patients follow-
ing cardiac surgery who experience early cognitive dysfunction. While the small sample
size of the persistent POCD group (n = 9) limits statistical power for further analyses of
this subgroup, this prevalence estimate provides valuable descriptive data regarding the
longer-term burden of cognitive dysfunction in patients with early postoperative neurolog-
ical complications.

Future Directions: Future research should prioritize larger, multi-center studies to
validate our findings and refine the predictive models incorporating IL-6, NLR, and clinical
risk factors. Specifically, future research directions include:
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• Validation of IL-6 and NLR predictive accuracy: Prospective, multi-center studies to
rigorously evaluate the predictive accuracy of postoperative IL-6 levels and NLR, both
alone and in combination with clinical risk scores, for POD and POCD development.

• Randomized controlled trials to explore the impact of intervention strategies to mini-
mize modifiable risk factors, such as mechanical ventilation duration, optimize hemo-
dynamic management to reduce vasopressor requirements, and refine transfusion
protocols to reduce blood product exposure on POD/POCD incidence.

• Long-term follow-up studies to characterize the cognitive trajectories of patients
identified as high risk based on postoperative inflammatory markers and clinical
factors and to assess the impact of interventions on long-term cognitive outcomes.

• Further mechanistic studies to elucidate the specific roles of IL-6, NLR, and other
inflammatory pathways in the neuroinflammation underlying POD and POCD
following cardiac surgery, potentially using preclinical models and advanced
biomarker analyses.

• Studies expanding the investigation to include patients with a broader range of preop-
erative inflammatory marker values, particularly NLR, to fully define their predictive
utility and determine if baseline inflammation is a key modifier of postoperative
risk. The interpretation of our findings should consider several limitations. As a
single-center study with a relatively modest sample size (N = 88), our results may
not be fully generalizable to broader cardiac surgery populations. The exclusion
of patients with elevated preoperative NLR values (≥3.4) to minimize confounding
might have limited the spectrum of inflammatory risk captured in our cohort and po-
tentially underestimated the full predictive value of NLR. We used cognitive screening
tools (MMSE and MoCA) for POCD assessment rather than a more comprehensive
neuropsychological battery, which may have limited the sensitivity to detect subtle
cognitive deficits. Furthermore, while we identified associations between inflamma-
tory markers and POD/POCD, our observational design cannot establish causality.
Finally, we did not directly assess preoperative glycemic control, which could be a rel-
evant confounding factor, particularly given the known interaction between diabetes,
age, and cognitive risk.

Another limitation of our study is using the MMSE without a formally validated
Romanian version. While the MMSE is widely used in Romanian clinical practice, the
absence of local validation means that its psychometric properties in the Romanian pop-
ulation, including its sensitivity and specificity for detecting cognitive impairment and
delirium and its susceptibility to floor effects and biases related to age and education within
the Romanian context, are not fully established. Therefore, interpretations of absolute
MMSE scores should be made with caution. However, we believe the MMSE still provides
valuable information, mainly when focusing on changes in scores over time and group com-
parisons rather than precise cutoffs and when considered in conjunction with the MoCA
and our clinical assessments. We recommend that future research in Romania prioritize
developing and validating a standardized Romanian version of the MMSE to enhance the
rigor of cognitive assessments. Furthermore, the lack of Romanian-specific validation data
amplifies the known influence of age and educational level on MMSE performance and
the potential for floor effects. Cultural or educational factors specific to the Romanian
population may further affect the performance of the MMSE in ways not fully understood
without dedicated validation research.

Despite these limitations, our study possesses several notable strengths that warrant
recognition. Firstly, the prospective design enabled systematic and time-linked data collec-
tion of inflammatory markers and cognitive outcomes, reducing recall bias and enhancing
the reliability of our findings. Secondly, we employed validated and clinically relevant
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tools for assessing both delirium (CAM-ICU) and POCD (MMSE and MoCA), ensuring
the clinical applicability of our cognitive outcome measures. Thirdly, measuring multiple
inflammatory markers (IL-6, CRP, NLR, SII, and SIRI) provides a more comprehensive
characterization of the systemic inflammatory response in cardiac surgery patients than
studies focusing on fewer markers, offering a richer understanding of inflammatory dy-
namics. Also, the temporal assessment of inflammatory markers at preoperative, 24 h,
and 48 h time points allowed us to capture the dynamic nature of the inflammatory re-
sponse to the development of POD and POCD, providing valuable insights into the time
course of inflammation and cognitive dysfunction. Finally, our study confirms the clinical
relevance of well-established perioperative risk factors for POD/POCD in our specific
surgical cohort, further validating these factors’ importance and strengthening our findings’
clinical translatability. Furthermore, the homogeneity of our study population, enhanced
by excluding patients with high preoperative NLR, allowed for a more precise focus on
the acute inflammatory response to cardiac surgery, minimizing the confounding effects of
pre-existing chronic inflammation.

5. Conclusions

Our study reinforces the multifactorial nature of POCD in cardiac surgery and identi-
fies several key perioperative factors associated with increased risk. Significantly elevated
postoperative IL-6 levels emerged as a prominent finding, suggesting a potential role for
IL-6 as a marker of inflammatory risk for POD and POCD. Furthermore, our findings high-
light the clinical importance of prolonged mechanical ventilation, extended vasopressor
support, blood transfusion, renal dysfunction, and elevated postoperative LDH and CK as
significant contributors to POD/POCD risk in this cardiac surgery cohort. Advanced age
and atrial fibrillation also warrant consideration as important risk factors. These findings
highlight the critical need for comprehensive perioperative risk assessment, including con-
sideration of inflammatory status and these identified clinical factors, and for implementing
targeted strategies focused on optimizing inflammation control, hemodynamic stability,
perfusion, and organ function to effectively mitigate the burden of POD and POCD and
improve postoperative cognitive outcomes in cardiac surgery patients.
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Abstract: Objective: Cognitive impairments are one of the most common and dis-
abling symptoms associated with myalgic encephalomyelitis/chronic fatigue syndrome
(ME/CFS). Here, we address the possibility of a specific cognitive profile inherent to
ME/CFS. Due to the occurrence of cognitive deficits, fatigue, and pain in both pathologies,
multiple sclerosis (MS) is a relevant comparison model. For this purpose, we carried out a
comparative study between cognitive profiles of patients with ME/CFS and patients suffer-
ing from MS. Methods: In total, 40 ME/CFS and 40 MS patients were included. A complete
screening of all cognitive functions was carried out through an extensive battery of tests
routinely used in clinical practice. Results: ME/CFS and MS patients showed deficits in
episodic memory retrieval, visual selective attention and reading speed. ME/CFS patients
also elicited a lower level of performance than MS patients regarding consolidation. For
both groups, levels of performance on these cognitive tests did not correlate with levels
of fatigue, pain, and depression. Conclusions: This study highlighted both similarities
and differences in the cognitive profiles of ME/CFS and MS patients. While both groups
exhibited deficits in episodic memory retrieval, visual selective attention, and reading
speed, ME/CFS patients showed distinct impairment in consolidation processes. These
cognitive deficits were not correlated with fatigue, pain, or depression, reinforcing the
hypothesis of intrinsic cognitive dysfunction in ME/CFS. These findings define a specific
cognitive phenotype for ME/CFS, which could improve diagnostic accuracy and thera-
peutic strategies. Future research, particularly in functional imaging, may elucidate the
neurobiological mechanisms underlying these impairments.

Keywords: neuropsychological battery; cognition; disorders; memory; reading speed;
specific profile
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1. Introduction

ME/CFS is characterized by the presence of severe, unexplained fatigue that persists
for a minimum of six months. This fatigue is accompanied by central nervous system and
immune system disorders, leading to a significant reduction in occupational or leisure
activities [1]. In healthy individuals, fatigue is usually proportional to the effort expended
or its duration, and a swift recovery is typically observed, with recurrence to the same
extent with the same amount of effort or duration. In myalgic encephalomyelitis/chronic
fatigue syndrome (ME/CFS), the pathological threshold of fatigability is typically reached
with minimal physical or mental exertion, resulting in a reduced ability to engage in the
same activity on the same day or several days later. The condition is characterized by
a constellation of symptoms, including self-reported memory and attention problems,
tender lymph nodes, muscle pain, multi-joint pain, sore throat, headaches, un-refreshing
sleep, and post-exertional malaise. These clinical features are employed as diagnostic
criteria. To date, as many as 20 case definitions have been advanced [2], and those from
Fukuda [3] are the most commonly used [4]. The 2011 International Consensus Criteria
are a set of guidelines that provide a framework for the diagnosis and management of
medical conditions. These criteria were developed through a consensus process involving
experts from various fields of medicine, and they are intended to ensure that patients
receive consistent and high-quality care [5]. In comparison to the CDC criteria, the new
classification system incorporates three significant modifications. First, the waiting period
of six months before diagnosis is no longer required. Second, post-exertional malaise,
characterized by an atypical intolerance to exercise with a recovery time that exceeds normal
expectations, has been incorporated as a mandatory component of the classification. Third,
the identification of symptoms associated with chronic fatigue has been divided into three
distinct groups: (a) indicators of an impairment of the nervous system, (b) indicators of an
impairment of the immune, gastrointestinal, and genitourinary systems, and (c) indicators
of an impairment of energy production/distribution systems. The presence of indicators
indicative of impairment to the nervous system is observed. Concurrently, indicators of
impairment to the immune, gastrointestinal, and genitourinary systems are also present.
Furthermore, indicators of impairment to the energy production and distribution systems
are identified. These criteria allow for a more precise case definition and the stratification of
patients. Recently, the Institute of Medicine (IOM) [6] issued a proposal to rename ME/CFS
as systemic exertion intolerance disease (SEID), which is a significant development in
the field. This proposed change aims to encapsulate the central elements of the disease,
offering a more comprehensive and descriptive alternative to the existing nomenclature.
The present report focuses on the adverse effects that physical, cognitive, or emotional
exertion can have on patients with this condition. It acknowledges that this is a complex
and severe disorder for which specific causes are not yet known. In the present study, the
ME/CFS denomination will be retained, as it is more commonly used.

Cognitive manifestations represent one of the most prevalent and debilitating symp-
toms associated with ME/CFS [7]. A significant proportion of patients, amounting to 89%,
exhibited symptoms indicative of memory and concentration difficulties [8]. Since the
1980s, clinicians have administered formal neurocognitive assessment tests to patients
with ME/CFS. A comprehensive review of 764 studies published between 1988 and 2019
revealed that the neuropsychological profile characteristic of ME/CFS is typified by a
diminished efficiency of visuospatial immediate memory, an augmented reaction time, and
a reduction in reading speed and graphomotricity. This analysis also revealed difficulties
in several processes inherent in episodic verbal memory (storage, retrieval, and recogni-
tion) and visual memory (recovery) and a low efficiency in attentional abilities in terms
of both auditory and visual inputs. Conversely, the study found that executive functions
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appeared to be largely unaffected, and instrumental functions demonstrated consistent
preservation [9].

The diagnosis of ME/CFS requires ruling out any psychiatric or neurological condition
that could explain fatigue, foremost among which is multiple sclerosis (MS) [10], which
is typically observed in the same age group as ME/CFS patients. Unlike ME/CFS, MS
typically includes brain MRI changes, which are part of the diagnostic criteria [11–13] (see
the Supplementary Materials). Most patients initially present with the relapsing–remitting
form [14], but the condition usually progresses over time [15]. Cognitive dysfunctions are
present in 40 to 70% of MS patients [15,16], often early on in the course of disease [17]. Their
identification is essential, given their consequences on autonomy, quality of life, profes-
sional life, and the social sphere [16]. They typically manifest by ideomotor slowing down
and attentional and memory deficits [15,16]. In everyday life, these cognitive difficulties
result in a general slowdown and difficulties in decision making, planning, and memo-
rizing [18]. Episodic memory is impaired in both verbal and visual modalities [19–21],
as well as working memory [16,20] and attentional abilities [22], including sustained and
divided attention. Many patients present with impaired executive functions [22], as seen in
their difficulties in cognitive flexibility, cognitive inhibition, planning, abstraction [16], and
information generation [16].

The presence of both cognitive complaints and unexplained fatigue in ME/CFS of-
ten leads physicians to first suspect MS. Although the profiles of cognitive dysfunctions
seem apparently comparable in ME/CFS and MS [23], it was reported that MS patients
performed poorer than ME/CFS patients in verbal episodic memory, attention, working
memory, mental flexibility, and generation of information tasks [24]. These findings are
in keeping with studies showing that, in MS, cognitive impairment relates to the volume
of lesions, which are mainly located in white matter and, therefore, can disrupt neural
networks [15,16,25]. Conversely, in ME/CFS, no obvious brain injuries viewed using stan-
dard diagnostic imaging may explain cognitive impairments, and cognitive complaints are
usually trivialized and regarded as a simple functional consequence of chronic fatigue [9].
In routine practice, we observed that cognitive dysfunction notably contributes to the
chronic disability seen in ME/CFS. Moreover, it seems comparable in terms of intensity and
profile to that observed in MS patients. To our knowledge, whether the cognitive profiles
in MS and ME/CFS differ or not has not been explicitly investigated by cognitive tests. To
address this issue, we conducted a retrospective study analyzing the neuropsychological
data obtained in 40 ME/CFS and 40 MS patients, all having been evaluated in the same
center and under the same modalities.

This study would allow a better understanding of the origins of the cognitive disorders
inherent in ME/CFS and the development of adapted therapeutic strategies to improve the
daily lives of patients.

2. Materials and Methods

The study was conducted in accordance with the Helsinki Declaration. We performed
a descriptive, retrospective, comparative, and single-center study, carried out at Henri
Mondor Hospital (Department of Neurology and Neuromuscular Pathology Expert Cen-
ter), Créteil, France. The present research is based entirely on the analysis of data from
clinical neuropsychological assessments carried out in the context of care. This study was
approved (Approval No. 21-774) by the INSERM Institutional Review Board (IRB00003888,
IORG0003254, and FWA00005831). Informed consent was obtained following an infor-
mation and non-opposition process. Patients were verbally informed at the end of their
neuropsychological assessment about the potential use of their clinical data for research
purposes. Additionally, a written note of non-opposition was systematically included in
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the letters sent to all patients, allowing them to exercise their right to refuse data usage at
any time (see Supplementary Materials).

2.1. Patients

Out of the 226 ME/CFS patients meeting the Fukuda/CDC1994 criteria [3], we selected
40 consecutive patients who reported cognitive difficulties and underwent a standardized
and complete neuropsychological evaluation. Inclusion criteria for ME/CFS patients
included a confirmed diagnosis according to the Fukuda/CDC1994 criteria, the presence
of self-reported cognitive complaints, and the ability to complete a full neuropsychological
assessment. Patients were not included if they did not report cognitive difficulties or had
received a diagnosis outside the defined age range (18–65 years). Exclusion criteria included
the presence of neurological or psychiatric disorders, like a history of head trauma, stroke,
or neurodegenerative disease, that could significantly impact cognitive performance.

During the same period, 162 MS patients underwent neuropsychological evaluation.
Among them, 15 patients were excluded due to neurological comorbidities, 12 due to
unconfirmed MS diagnoses, and 61 because their neuropsychological assessments were
incomplete or not comparable to those performed in ME/CFS patients. This left 74 remain-
ing MS patients, from whom we excluded the 3 oldest patients to ensure an age-matched
cohort of 71 MS patients.

To further refine the selection and minimize confounding factors, we applied addi-
tional inclusion and exclusion criteria to the MS group. Patients were included if they had a
confirmed diagnosis of relapsing–remitting MS (RRMS) according to the revised McDonald
criteria (2017) [12], reported cognitive difficulties, and had not received immunomodulating
treatment at the time of evaluation, given the potential effects of treatments on cognitive
performance [26]. Patients not included were those with progressive forms of MS, due to
the differences in profile between the forms of MS [15,16,25], or those unable to complete
the cognitive assessment. Exclusion criteria included the presence of neurological or psy-
chiatric comorbidities, like a history of traumatic brain injury or other neurodegenerative
disorders, and any MRI findings inconsistent with typical MS-related lesions.

This rigorous selection process ensured that both groups (ME/CFS and MS) were
methodologically comparable, reducing the influence of confounding variables, such as
disease heterogeneity or treatment effects, on cognitive performance. The application of
clearly defined inclusion, non-inclusion, and exclusion criteria strengthened the validity of
our comparisons and enhanced the interpretability of the results.

For all patients, the socio-educational level was graded as follows: level #1, illiterate;
level #2, can read, write, and count (1st–2nd grades of primary/elementary school); level
#3, primary/elementary school completed; level #4, middle/junior high school completed;
level #5, 11th grade (junior year) of high/senior high school completed; level #6, 12th grade
(senior year) of high/senior high school completed; level #7, university/college.

Mood treatments for ME/CFS patients included pregabalin (n = 5), duloxetin (n = 9),
and amitriptylin (n = 8); for MS, this included paroxetin (n = 8), escitalopram (n = 5), and
duloxetin (n = 2). Mood treatments in MS patients included selective serotonin reuptake
inhibitors (n = 12) and serotonin and norepinephrine reuptake inhibitors (n = 9). The
delays (years; mean ± SD) elapsed between the onset of disease and neuropsychological
impairment in ME/CFS and MS patients were 13.1 ± 5.8 and 10.8 ± 8.3, respectively (NS;
Table 1).
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Table 1. Sociodemographic and clinical characteristics of ME/CFS and MS patients.

Variable ME/CFS (n = 40) MS (n = 40) p-Value

Sociodemographic variables

Age (years) 46.9 ± 12.9 45.7 ± 11.6 0.63

Sex (% female) 55% 68% 0.78

Education (median (range)) 6 (3–7) 6 (2–7) 0.67

Clinical variables

Disease duration (years) 13.1 ± 5.8 10.8 ± 8.3 0.62

Fatigue (VAS) 6.68 ± 2.24 5.21 ± 3.04 0.02 *

Pain (VAS) 4.39 ± 2.1 4.43 ± 2.91 0.94

BDI-II score 16.0 ± 9.1 19.05 ± 12.7 0.23

BMI 22.9 ± 5.3 26 ± 5.9 0.26

% on mood treatments 55% 37.5% 0.32
(*) p < 0.05, indicating a statistically significant difference between groups. BDI-II: Beck Depression Iinventory
(2nd edition), VAS: Visual Analogue Scale, BMI: Body Mass Index.

There was no significant difference between the two groups of patients with regard
to age, educational level, and gender. The mean age (mean ± SD) of ME/CFS and MS
patients was 46.9 ± 12.9 and 45.7 ± 11.6, respectively. The socio-educational level (SCL) of
the participants had a median of 6 in both groups, with values ranging from 3 to 7 for the
ME/CFS group and from 2 to 7 for the MS group. The sex ratios (female/male) of ME/CFS
and MS patients were 22/18 and 27/13, respectively (Table 1).

2.2. Neuropsychological Assessment

The cognitive screening (Table 2) included tests that are conventionally utilized in
neuropsychological evaluation. These tests were selected to reduce the evaluation’s dura-
tion while ensuring a reliable phenotyping of patients. The neuropsychological assessment
encompassed the evaluation of short- and long-term memory in both verbal and visual
modalities, attention, processing speed, executive functions, and instrumental functions.
The evaluation of immediate memory was conducted using the forward digit span in
verbal modality (WAIS IV, Pearson, Paris, France) [27]. Furthermore, consideration must be
given to Corsi’s blocks (Developed by Philip Michael Corsi, McGill University, Montreal,
QC, Canada) [28] for the visual one. The evaluation of working memory was carried out
by a backward condition of digit span and Corsi’s blocks tests. The French version of
the Free and Cued Selective Reminding Test (FCSRT) (Grober & Buschke adaptation for
French populations, Paris, France) was used to evaluate verbal long-term memory [29]. The
present study examined the three stages of the information processing model: encoding,
storage, and retrieval [30]. Subsequently, the phases of recognition and consolidation of
the memory trace were incorporated [29]. The visual modality of long-term memory was
incidentally evaluated using the Rey-Osterrieth Complex Figure (Original test by Rey &
Osterrieth, commonly used in neuropsychology) [31] (recall phase). The evaluation of
visual selective attention was conducted using Zazzo’s cancellation test [32]. The eval-
uation of processing speed was conducted using the Trail Making Test A (TMT A) and
the Stroop test (both used following the GREFEX recommendations, France) [33]. The
TMT facilitates the consideration of the velocity of an act that integrates visual perception
and motor gestures. In contrast, the Stroop test does not involve motor gestures, thereby
allowing for the estimation of reading speed (particularly in the words condition) without
the potential bias of graphomotor slowing down. The screening procedure entailed the
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administration of several psychological assessments. These included the Trail Making
Test (TMT), which was used to evaluate mental flexibility, the Stroop test, which was
employed to assess cognitive inhibition, and the letter “P” and animal fluencies (both
used following the GREFEX recommendations, France), which were utilized to evaluate
information generation. It has been acknowledged that the latter two tasks are particularly
sensitive indicators of executive function [33]. The evaluation of planning abilities was con-
ducted using the ROCF copy [31]. In this evaluation, practitioners must exercise particular
discernment in regard to the nature of the patient’s responses, as these responses serve
as an accurate indicator of the patient’s capacity to formulate an effective response to a
given problem [31]. Finally, as previously outlined, the evaluation of working memory was
conducted using the backward digit span, as outlined in the Wechsler Adult Intelligence
Scale, Fourth Edition (WAIS-IV) [27] and Corsi’s blocks [28]. The evaluation of instrumental
functions, encompassing multiple domains, such as language, ideomotor and motor praxis,
and visuo-construction, was conducted using the DO 80 test for French patients (ECPA,
now Pearson France, Paris, France). The assessment of language (naming capabilities) was
facilitated by this instrument [34]. This evaluation method analyzes denomination through
image-based abilities. The assessment of praxis is conducted using a specialized battery,
such as the Mahieux praxis battery (developed by Mahieux et al., commonly used in neu-
ropsychology in France), which is specifically designed for French patients (Praxes) [35]
and ROCF (visuo-constructive praxis) [31]. These instruments are characterized by their
sensitivity and the minimal time required for their operation. All the other raw performance
scores were converted to mean z scores through comparison with a control population
to express a pathological threshold at 1.65 SD of the normal average. The threshold of
−1.65 standard deviation (SD) as an indicator of pathology in cognitive tests stems from
statistical principles applied to the normal distribution of cognitive scores within a given
population. This threshold corresponds to the 5th percentile (approximately 95% of scores
fall above it) and is used in various contexts to identify performances that significantly
deviate from the expected average [36–40]. The threshold of −1 SD is commonly used in
neuropsychology to identify cognitive performance slightly below average, without being
classified as pathological [38–42]. In a normal distribution, this threshold corresponds ap-
proximately to the 16th percentile, indicating that 16% of the population scores below this
level. Such a deviation can signal a relative weakness in a specific cognitive function, while
remaining within the boundaries of normal variability. This threshold allows clinicians
to detect potential difficulties that, although not pathological, may require attention. It is
imperative to exercise discernment in the interpretation of results, taking into account the
assessment of fatigue, pain, and depression levels. Thus, to determine indicators of fatigue,
mood, and pain states, the Beck Depression Inventory-II (Pearson France, Paris, France) [43]
and Visual Analogue Scale (widely used tool) [44–46] were utilized at the beginning of
the assessment. The Beck Depression Inventory-II (BDI-II) is a widely used self-report
instrument designed to measure the severity of depressive symptoms. The scale consists
of 21 items, each scored from 0 to 3, with a total score ranging from 0 to 63. Threshold
scores help categorize the severity of depression. A total score of 0–13 indicates minimal or
no depression, 14–19 suggests mild depression, 20–28 reflects moderate depression, and
29–63 signifies severe depression. These cutoff points are based on normative data and
clinical research, providing a standardized approach to assess depressive symptoms and
aid in diagnostic and treatment planning. The Visual Analogue Scale (VAS) is a simple and
widely used tool for assessing subjective experiences, such as pain, discomfort, or fatigue.
It consists of a straight line, typically 10 cm long, with one end labeled “0” (no symptom,
e.g., no fatigue) and the other labeled “10” (worst imaginable symptom, e.g., worst fatigue
imaginable). The individual marks a point on the line that corresponds to the intensity of
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their experience. The score is determined by measuring the distance from the “0” point to
the mark, providing a value between 0 and 10. For example, the fatigue reliable change
index (RCI) was established at 3.47 [47].

Table 2. Neuropsychological assessment of patients with chronic fatigue and cognitive complaints.

Domain Tests, Scales

Pain, fatigue, depression BDI-II (Depression), VAS (Pain), VAS (Fatigue)

Memories Forward digit span, FCSRT, ROCF recall (3 min)

Executive functions
and attention

Backward digit span, FCSRT, TMT A and B, Stroop,
P and “Animal” fluencies, ROCF (copy), Zazzo’s
cancellation test

Instrumental functions Praxes, Boston naming test, or DO 80
BDI-II: Beck Depression Inventory (2nd edition), VAS: Visual Analogue Scale, FCSRT: Free and Cued Selective
Reminding Test, ROCF: Rey-Osterrieth Complex Figure, TMT: Trail Making Test, DO: Dénomination orale.

2.3. Procedure

All patients (n = 80) underwent the same cognitive tests in the context of care and the
neuropsychological evaluation lasted for about 75 min. The order of testing was the same
for all patients: Visual Analogical Scale (VAS) for pain and fatigue, BDI-II, forward digit
span, backward digit span, FCSRT, Praxes, TMT A and B, Stroop test, Rey figure (copy),
Zazzo’s cancellation test, Rey figure (recall, +3 min), FCSRT (delayed recall, +20 min), “P”
fluency, “Animals” fluency, and DO80. All the tests were performed in the same session.

2.4. Statistics

Basic statistical analyses were employed to calculate and summarize the results of
cognitive tests and clinical scales. Measures such as mean and standard deviation (SD)
were used. Comparisons of sociodemographic and clinical data were calculated using
a t-test.

For intra- and inter-group analyses, a combined approach was employed. Logistic
regression models were used to evaluate associations between clinical variables, neuropsy-
chological variables, and diagnostic groups (ME/CFS or not), adjusting for confounding
factors, such as mood, pain, and fatigue. Additionally, K-means clustering was applied to
explore intra-group variability within the ME/CFS population, identifying homogeneous
subgroups based on symptomatic and neuropsychological profiles.

3. Results

3.1. Depression, Pain, and Fatigue Data

ME/CFS patients had a level of depression above the depression threshold (14 points;
mean ± SD: 16.08 ± 9.1). Twenty-seven (68%) had scores equal to or above the depression
threshold. The VAS score (mean ± SD) of fatigue was 6.68 ± 2.24 and that of pain was
4.39 ± 2.1.

The level (mean ± SD) of depression in MS patients was 19.05 ± 12.66. Twenty-four
(60%) had scores above the depression threshold. The levels (mean ± SD) of fatigue and
pain were 5.21 ± 3.04 and 4.43 ± 2.91, respectively.

3.2. Cognitive Data

ME/CFS patients exhibited a weak performance in the visual span forward test
(mean ± SD: −1.34 ± 0.6), at all the free recalls (−1.18 ± 1.49), and at delayed free re-
call (−1.49 ± 1.76) of the FCSRT. They also obtained weakened scores in the three-signs
condition of Zazzo’s cancellation test (−1.40 ± 1.12) and the Stroop color naming test
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(1.12 ± 1.83). They were above the pathological threshold in terms of the Stroop word
reading test (1.97 ± 3.79) and total delayed recall of the FCSRT (−2.53 ± 5.47; Table 3).

Table 3. Results by domain for ME/CFS and MS populations.

ME/CFS MS
Domain Test N Mean ± SD N Mean ± SD

Short-Term Memory

Verbal span
forward 40 −0.45 ± 0.77 40 −0.32 ± 1.01

Verbal span
backward 40 −0.38 ± 1.03 40 −0.64 ± 0.89

Visual span
forward 40 −1.34 ± 0.60 40 −0.91 ± 1.01

Visual span
backward 40 −0.04 ± 0.81 40 −0.01 ± 1.1

Long-Term Memory

FCSRT Imm 40 −0.90 ± 1.95 40 −0.77 ± 1.84
FCSRT TR1 40 −0.51 ± 1.58 40 0.09 ± 0.89
FCSRT TR2 40 −0.46 ± 1.56 40 −0.34 ± 1.64
FCSRT TR3 40 −1.09 ± 2.94 40 −0.35 ± 2.07

FCSRT Tot 3 TR 40 0.29 ± 4.94 40 1.67 ± 3.9
FCSRT Rec 40 −0.98 ± 3.56 40 −0.65 ± 2.42
FCSRT DTR 40 −2.53 ± 5.47 40 −0.61 ± 2.53
ROCF Recall 40 −0.38 ± 1.05 40 −0.62 ± 1.03

Executive Functions

FCSRT 3FR 40 −1.18 ± 1.49 40 −0.95 ± 1.11
FCSRT DFR 40 −1.49 ± 1.76 40 −1.02 ± 1.22

TMT A 40 −0.15 ± 1.08 40 0.26 ± 1.1
TMT B-A 40 0.22 ± 1.20 40 0.87 ± 2.44

TMT B-A Err 40 0.16 ± 1.19 40 0.53 ± 1.81
Stroop C 40 1.12 ± 1.83 40 1.24 ± 1.83
Stroop W 40 1.97 ± 3.79 40 1.43 ± 2.15

Stroop
Interference 40 0.92 ± 1.55 40 1.02 ± 1.14

Stroop I-D 40 0.50 ± 1.15 40 0.57 ± 1.17
Stroop I-D err 40 0.48 ± 2.38 40 −0.42 ± 1.90

P Fluencies 40 −0.18 ± 1.72 40 −0.51 ± 1.07
Anim Fluencies 40 −0.45 ± 1.53 40 −0.64 ± 1.10

Attention Zazzo 3 signs 40 −1.40 ± 1.12 40 −1.02 ± 1.38

Language DO 80 40 −0.35 ± 1.49 40 −1.02 ± 3.01

Visuo-construction ROCF Copy 40 0.1 ± 0.81 40 −0.26 ± 1.24

Mood BDI II 40 16.08 ± 9.1 40 19.05 ± 12.66

Pain VAS Pain 40 4.39 ± 2.1 40 4.43 ± 2.91

Fatigue VAS Fatigue 40 6.68 ± 2.24 40 5.21 ± 3.04
FCSRT: Free and Cued Selective Reminding Test; TR: total recall; DTR: delayed total recall; FR: free recall; DFR:
delayed free recall; Rec: recognition; ROCF: Rey-Osterrieth Complex Figure; TMT: Trail Making Test; C: colors;
W: words; I-D: interference—denomination; err: error; Anim: animals; DO: Dénomination Orale; BDI: Beck
Depression Inventory; VAS: Visual Analogue Scale.

MS patients showed a weak delayed free recall (−1.02 ± 1.22) in the FCSRT. They
also showed low scores under the three-signs condition of Zazzo’s cancellation test
(−1.02 ± 1.38), the Stroop color naming test (1.24 ± 1.83), and the Stroop word reading test
(1.43 ± 2.15; Table 3).
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3.3. Comparison of ME/CFS and MS Patients

The multivariable analysis (Table 4) evaluated associations between various clinical
variables and the probabilities of belonging to the ME/CFS group, while controlling
for confounding factors. Clinical variables included measures of fatigue (VAS Fatigue),
pain (VAS Pain), and mood (BDI-II), as well as neuropsychological indicators, such as
FCSRTDTR and TMT B-A. Confounding factors accounted for included medical treatments
received, levels of clinical symptoms at the time of evaluation (fatigue, pain, and mood), and
sociodemographic characteristics. The results showed that impaired cognitive performance,
particularly a score < −1.65 on FCSRTDTR (OR = 6.12; p = 0.02), which is predictive of
belonging to the ME/CFS group, and a score ≥ 1.65 on TMT B-A (OR = 0.14; p = 0.03),
associated with a lower probability of belonging to the CFS group. Additionally, fatigue
levels ≥ 3 on VAS Fatigue emerged as a major predictive factor (OR = 7.34; p = 0.03).
Conversely, the impact of treatments and pain levels appeared less significant. Other
neuropsychological tests were not included in the final results of the analysis due to the
lack of significant differences in performance between the ME/CFS and MS groups. This
suggested that these tests may evaluate cognitive functions that are similarly affected in
both conditions.

Table 4. Multivariable analysis with adjustments for mood, pain, fatigue, and treatment.

N = 80
Odds Ratio (CI 95%) p-Value

FCSRTDTR ≥−1.65 1 (ref.)
<−1.65 6.12 (1.34; 27.95) 0.02

TMTBA <1.65 1 (ref.)
≥1.65 0.14 (0.02; 0.78) 0.03

BDI-II [0;13] 1 (ref.)
[13;28] 1.56 (0.48; 5.08) 0.46
[28;63] 0.17 (0.03; 0.98) 0.047

VAS Pain <3 1 (ref.)
≥3 1.44 (0.45; 4.68) 0.54

VAS
Fatigue <3 1 (ref.)

≥3 7.34 (1.19; 45.29) 0.03
Treatment None 1 (ref.)

Pregabalin/Amitriptylin/
Duloxetin/Escitalopram/Paroxetin 1.68 (0.58; 4.84) 0.34

CI 95%: 95% confidence interval.

3.4. Neuropsychological Stratification of ME/CFS Patients

On the basis of the neuropsychological finding on the heterogeneity of cognitive
impairment in ME/CFS [48–53], we managed to classify ME/CFS patients into three
groups, forming a continuum with a gradient of severity going from group 1 to group 3
(Figure 1): (i) group 1 (15/40): very mild cognitive impairment, without a pathological
score, but with a slowdown in reading speed (score > +1 SD for the Stroop words condition)
for 33% of them; (ii) group 2 (12/40): moderate cognitive impairment with a minimum
weakness (score < –1 SD) in selective attention in visual entry, immediate visual memory,
and reading speed; (iii) group 3 (14/40): definite cognitive impairment with a deficit
(score < −1.65 SD) in selective visual attention, reading speed, and the capacities for storage
and consolidation in episodic verbal memory, as well as a weakness in immediate visual-
sequential memory and executive functions (mental flexibility, cognitive inhibition, and
information generation).
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In the same way, the logistic regression analysis identified the FCSRTDTR as a strong
predictor of group classification, with a score < −1.65 significantly increasing the odds of
belonging to the ME/CFS group (OR = 6.12; p = 0.02). This finding aligns with previous
research highlighting heterogeneity in cognitive impairments in ME/CFS populations.
Specifically, the FCSRTDTR plays a pivotal role in distinguishing among the three severity-
based cognitive impairment groups identified in previous studies. In addition, K-means
clustering was conducted to explore symptomatic and neuropsychological variations
within the population diagnosed with ME/CFS (Table 5). This analysis revealed two
distinct subgroups within the population diagnosed with chronic fatigue syndrome (CFS),
highlighting differences in symptomatic and neuropsychological profiles. The first group
(Cluster 1, n = 27) exhibited pain (VAS Pain = 4.12 ± 2.09), fatigue (VAS Fatigue = 6.44 ±
2.17), and mild depressive symptoms (BDI-II = 15.04 ± 8.48). Neuropsychologically, their
cognitive performance was close to normal, as indicated by scores such as FCSRTDTR
(0.31 ± 0.47) and TMT B-A (−0.37 ± 0.64), suggesting preserved memory and cognitive
flexibility. This group also demonstrated good inhibitory capacity (Stroop interference =
0.15 ± 0.68) and a normal BMI (20.11 ± 3.41).

Table 5. Results of the clustering with K-means in the population of ME/CFS.

Cluster 1, Cluster 2,
N = 27, N = 13,
Mean (±SD) Median (IQR) Mean (±SD) Median (IQR)

Sociodemographic and clinical data
Age 48.11 (±12.81) 51.00 (39.00; 60.00) 44.38 (±13.18) 45.00 (43.00; 49.00)
Delta 12.25 (±6.12) 12.00 (9.50; 17.00) 15.75 (±4.03) 16.00 (12.50; 19.00)
BMI 20.11 (±3.41) 19.00 (18.00; 22.00) 28.77 (±3.68) 28.00 (26.00; 32.00)

Neuropsychological
testing
Verbal forward −0.33 (±0.84) −0.45 (−0.75; 0.32) −0.70 (±0.55) −0.53 (−0.92; −0.15)
Verbal backward −0.18 (±1.12) −0.25 (−0.75; 0.31) −0.79 (±0.68) −0.69 (−1.23; −0.46)
Visual forward −1.20 (±0.55) −1.27 (−1.50; −0.71) −1.63 (±0.60) −1.60 (−1.95; −1.22)
Visual backward 0.03 (±0.88) −0.05 (−0.34; 0.62) −0.20 (±0.65) −0.20 (−0.45; 0.18)
FCSRT Imm −0.70 (±1.80) 0.43 (−1.60; 0.43) −1.29 (±2.24) −0.56 (−1.67; 0.40)
FCSRT 3FR −0.45 (±0.98) −0.52 (−0.93; 0.31) −2.69 (±1.19) −2.66 (−3.20; −2.30)
FCSRT TR1 0.13 (±0.82) 0.12 (0.06; 0.69) −1.84 (±1.94) −1.50 (−2.82; 0.06)
FCSRT TR2 0.28 (±0.63) 0.58 (0.11; 0.63) −1.99 (±1.80) −1.88 (−1.92; −0.63)
FCSRT TR3 0.23 (±0.52) 0.50 (0.20; 0.56) −3.83 (±3.94) −2.78 (−4.50; −1.80)
FCSRT Tot 3 TR 2.52 (±2.41) 3.00 (2.00; 4.00) −4.35 (±5.68) −4.00 (−5.00; −1.00)
FCSRT Rec 0.31 (±0.30) 0.43 (0.17; 0.43) −3.66 (±5.43) −1.50 (−3.17; −1.50)
FCSRT DFR −0.58 (±1.04) −0.50 (−1.19; 0.07) −3.39 (±1.41) −3.28 (−4.94; −2.17)
FCSRT DTR 0.31 (±0.47) 0.38 (0.33; 0.38) −8.43 (±6.39) −6.33 (−9.67; −3.38)
Rey Copy 0.08 (±0.81) 0.40 (−0.30; 0.84) 0.13 (±0.84) 0.40 (0.00; 0.84)
Rey Recall −0.09 (±0.96) −0.08 (−1.03; 0.38) −0.99 (±0.99) −0.96 (−1.23; −0.56)
TMT A −0.05 (±1.23) −0.42 (−0.79; 0.25) −0.35 (±0.68) −0.21 (−0.79; 0.00)
TMT B-A −0.37 (±0.64) −0.59 (−0.90; 0.16) 1.45 (±1.15) 1.05 (0.91; 1.86)
TMT B-A err −0.24 (±0.62) −0.30 (−0.42; −0.27) 0.98 (±1.64) −0.27 (−0.38; 1.70)
Zazzo 3 signs −0.96 (±1.00) −1.20 (−1.71; 0.09) −2.32 (±0.75) −2.48 (−2.82; −1.71)
Stroop C 0.41 (±0.87) 0.44 (−0.32; 1.23) 2.59 (±2.40) 1.78 (1.31; 3.58)
Stroop W 0.73 (±1.40) 0.50 (−0.33; 1.50) 4.54 (±5.65) 2.80 (1.30; 3.67)
Stroop interference 0.15 (±0.68) 0.22 (−0.31; 0.66) 2.51 (±1.64) 2.67 (1.41; 2.89)
Stroop I-D −0.03 (±0.76) 0.00 (−0.67; 0.57) 1.60 (±1.06) 1.59 (1.17; 2.06)
Stroop I-D err 0.21 (±1.76) −0.36 (−0.37; −0.25) 1.03 (±3.35) −0.36 (−0.37; −0.25)
P fluencies 0.37 (±1.76) 0.11 (−0.91; 1.39) −1.33 (±0.87) −1.52 (−1.85; −0.83)
Anim fluencies 0.09 (±1.40) 0.10 (−0.93; 0.84) −1.55 (±1.20) −1.54 (−2.40; −0.75)
DO 80 −0.34 (±1.66) 0.32 (−0.97; 0.70) −0.36 (±1.10) −0.04 (−1.30; 0.70)

Mood, Pain, Fatigue
BDI-II 15.04 (±8.48) 13.00 (10.00; 22.00) 18.23 (±10.29) 17.00 (12.00; 21.00)
VAS Pain 4.12 (±2.09) 4.60 (2.80; 5.40) 4.93 (±2.10) 5.00 (4.30; 5.30)
VAS Fatigue 6.44 (±2.17) 7.00 (5.20; 8.00) 7.18 (±2.40) 7.40 (5.20; 10.00)

Sociodemographic and clinical data
Gender 1 18 (66.67%) 0 (0.00%)

2 9 (33.33%) 13 (100.00%)
Pathology CFS 27 (100.00%) 13 (100.00%)
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Table 5. Cont.

Cluster 1, Cluster 2,
N = 27, N = 13,
Mean (±SD) Median (IQR) Mean (±SD) Median (IQR)

Type 1 14 (51.85%) 0 (0.00%)
2 12 (44.44%) 0 (0.00%)
3 1 (3.70%) 13 (100.00%)

SCL 3 4 (14.81%) 1 (7.69%)
4 5 (18.52%) 2 (15.38%)
5 4 (14.81%) 3 (23.08%)
6 6 (22.22%) 4 (30.77%)
7 8 (29.63%) 3 (23.08%)

Laterality D 25 (92.59%) 13 (100.00%)
G 2 (7.41%) 0 (0.00%)

Treatment Amitriptylin 5 (27.78%) 3 (75.00%)
Duloxetin 8 (44.44%) 1 (25.00%)
Pregabalin 5 (27.78%) 0 (0.00%)

The second group (Cluster 2, n = 13) displayed more pronounced symptoms, including
pain (EVA Pain = 4.93 ± 2.10), fatigue (VAS Fatigue = 7.18 ± 2.40), and depressive symptoms
(BDI-II = 18.23 ± 10.29). Their neuropsychological profile was marked by significant
impairments in episodic memory (FCSRTDTR = –8.43 ± 6.39), cognitive flexibility (TMT
B-A = 1.45 ± 1.15), and inhibition (Stroop interference = 2.51 ± 1.64). Additionally, this
group had a higher BMI (28.77 ± 3.68)

4. Discussion

The present study drew parallels and distinctions between the cognitive impairments
associated with ME/CFS and MS. The neuropsychological battery employed for the routine
evaluation of patients was meticulously designed as a compromise to minimize the duration
of neuropsychological evaluation, thereby limiting the impact of fatigue, while striving
to evaluate various cognitive functions in an efficient manner. Notably, it excluded tests
such as the PASAT [54], CVLT [55], and the SDMT [56]. These tools are frequently utilized
in the neuropsychological evaluation of patients with MS. They are also employed, on
occasion, to assess the cognitive capacities of individuals with ME/CFS [57]. The decision
to utilize the FCSRT was predicated on the premise that we had previously indicated the
existence of potential disorders that could potentially impact several of these processes.
Consequently, it is imperative to examine the integrity of the encoding phase [58]. Indeed,
the degree to which information is encoded is contingent upon the level of attention
allocated to its memorization. A dearth of attention on the information in question has been
shown to adversely affect the quality of storage as well as the subsequent retrieval of that
information [59]. The selection of tests for the evaluation of episodic memory was made
with the objective of regulating the quality of encoding by reducing the effect of potential
variations in attention levels. The FCSRT imposes and controls the encoding mode, thereby
limiting the potential bias of attention that may hinder the processing of the information
to be memorized [29]. It must be acknowledged that this may impose limitations on the
ability to make comparisons between studies. Nevertheless, the battery demonstrated its
reliability in assessing the primary cognitive domains, while also requiring the least time, a
crucial consideration when evaluating patients with ME/CFS.

With regard to ME/CFS, our classification confirmed the existence of inter-patient
heterogeneity, within a well-defined syndromic framework excluding any impairment of
instrumental functions. If the groups differed in functions, such as executive functions,
selective attention to visual input, or episodic memory, there was a common symptomato-
logic core in that a weakness at least in immediate visual-sequential memory was present.
There was, therefore, a continuum in terms of symptomatology with a gradient of severity

53



Diagnostics 2025, 15, 487

from group 1 to group 3 and a disorder common to all patients, concerning immediate
visual memory (the auditory–verbal modality was apparently preserved). The idea that
this symptomatology could be specific to ME/CFS was supported by the frequency of onset
of symptoms, which was high in ME/CFS patients and significantly more expressed than
in MS patients with regard to the common disorder affecting visual immediate memory
but also consolidation disorders. This information, which still needs to be confirmed, is
not anecdotal. Indeed, the visuospatial memory is believed to be supported by the fronto-
temporo-parietal and occipital regions [60–62], and functional brain imaging uncovered
hypometabolism of posterior associative regions [63,64]. Put together, these data suggested
the implication of several specific cortical areas in the cognitive deficit of ME/CFS. The clus-
tering analysis revealed that group 2 presented higher levels of fatigue and pain compared
to group 1, aligning with the diagnostic criteria of ME/CFS. While an interpretation could
attribute the cognitive impairments in group 2 to these factors, an alternative perspective
emerged. It is striking to observe that the exacerbation of core ME/CFS symptoms, such as
fatigue and pain, was consistently mirrored by a worsening of cognitive impairments. This
pattern suggests a cohesive aggravation across all dimensions of the disease. As fatigue
and pain intensified, so too did deficits in memory, cognitive flexibility, and inhibitory
control and attention, reflecting an intertwined progression of both physical and cognitive
aspects of the disorder. These findings underscore the systemic nature of ME/CFS, where
worsening symptomatology spans multiple domains [6,65–67]. Similarly, an alternative
analysis might attribute cognitive impairments in ME/CFS primarily to depressive symp-
toms, given their prevalence in this population. However, this perspective overlooks the
broader pattern of symptom aggravation across multiple domains. The clustering analysis
showed that as fatigue and pain intensified, there was a concomitant decline in cognitive
performance, suggesting that these impairments were not solely triggered by depression.
Conversely, the overall worsening of ME/CFS symptomatology can significantly impact
mood and quality of life. This was corroborated by the increased BMI observed in group 2,
potentially linked to reduced mobility and lifestyle changes. These interconnected factors
underscore the systemic nature of ME/CFS and the complex interplay between physical,
cognitive, and emotional domains.

One cognitive symptom, which appeared common to ME/CFS and MS patients, was
the slowing down of reading speed. This element was assessed by the fact that on the one
hand, neither of the two groups, ME/CFS and MS, showed a slowing down at TMT A, but
on the other hand, both groups showed a slowdown in the color and word conditions of
the Stroop test. However, the Stroop test, due to its sensitivity to eye saccades [68], tends
to replicate the conditions in a reading situation [69–71]. Patients with multiple sclerosis
are likely to present a disorder affecting eye movements [72,73], which seems to be able to
impact the level of performance of tasks related to visual inputs, regardless of whether it
concerns selective attention or reading speed [74]. ME/CFS patients showed impairment
in the Stroop test, an outcome that could be attributed at least in part to eye movement
dysfunctions. Interestingly, it was shown that continuous pursuit activity (accurately
tracking a moving object), even for a short time period, could reveal dysfunctional eye
movement behavior in ME/CFS patients [75], suggesting that oculometry could probably
contribute to the diagnosis of ME/CFS.

Difficulties in episodic memory were also encountered in both pathologies, with
a common denominator of a deficit in the executive component of episodic memory,
namely, the ability to recover information stored or consolidated in episodic memory [33].
This deficit is described in multiple sclerosis [19] and possibly related to white matter
involvement, playing an important role in the efficiency of executive functions [76]. Such
a deficit is less described in the context of ME/CFS, for which there is more evidence
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of a disorder concerning the encoding phase [29,58] and consolidation [77]. However,
memory retrieval difficulties in the ME/CFS patients included in our study could not
be investigated due to their storage capacities being affected, as well as consolidation
difficulties. These symptoms were significantly less likely to be found in MS patients. The
difference in memory profile suggests the presence of an organic etiology contributing
to memory impairments observed in individuals diagnosed with ME/CFS. In effect, the
consolidation and storage processes are underpinned by the internal temporal regions
and, more particularly, by the hippocampi [78,79], included in the circuit of Papez [79].
A deficit of these processes could be due to an alteration involving these structures, as
has been described in other pathologies, such as Alzheimer’s disease [80] or temporal
epilepsy [81]. Moreover, cellular and metabolic abnormalities have been described by
functional imaging in ME/CFS [63,64,82,83], tending to raise the question of a possible
correlation between disorders affecting episodic memory and a dysfunction affecting
internal temporal structures.

The mechanisms underlying cognitive dysfunction in ME/CFS remain to be elucidated.
Conventional imaging procedures yield normal results and are primarily employed for
differential diagnoses. Neuroinflammation can be visualized through positron emission
tomography (PET) brain imaging using a radioligand for translocator protein (TSPO), a
protein belonging to the mitochondrial permeability transition pore (MPTP) complex and
produced when microglia are activated [67]. This approach demonstrated a correlation
between cognitive impairment in patients with myalgic encephalomyelitis/chronic fatigue
syndrome (ME/CFS) and positron emission tomography (PET) signals, particularly in
the region between the mid-pons and thalamus [82], which support the hypothesis of
neuroinflammation in myalgic encephalomyelitis/chronic fatigue syndrome (ME/CFS).

Furthermore, this study has several strengths, particularly in its rigorous method-
ology and comparative approach between ME/CFS and MS patients. By applying strict
inclusion and exclusion criteria, we ensured the homogeneity of the sample, reducing
potential confounding factors, such as neurological comorbidities or treatment effects.
Furthermore, the use of both multivariate analyses (logistic regression) and unsupervised
clustering (K-means) provided complementary insights into the cognitive and symptomatic
heterogeneity within the ME/CFS population. The comprehensive neuropsychological
assessment allowed us to identify specific cognitive impairments in ME/CFS, distinguish-
ing them from those observed in MS patients. Additionally, the study contributes to the
field by highlighting that cognitive dysfunction in ME/CFS is not merely a consequence
of fatigue, pain, or depression, reinforcing the hypothesis of an intrinsic neurocognitive
alteration in this condition.

However, this study also has limitations. The sample size was moderate, which may
limit the generalizability of our findings to the broader ME/CFS and MS populations.
Additionally, while we controlled for major confounders, other factors, such as sleep distur-
bances, autonomic dysfunction, or subtle mood fluctuations, were not explicitly accounted
for in the analysis and could influence cognitive performance. Another limitation is the
cross-sectional design, which did not allow us to assess the evolution of cognitive impair-
ments over time or their potential responsiveness to therapeutic interventions. Finally,
while our statistical approach was robust, alternative multivariate methods, such as prin-
cipal component analysis (PCA) or partial least squares regression (PLSR), could further
explore complex relationships between cognitive, symptomatic, and biological parameters,
providing additional insights in future studies. Despite these limitations, we suppose that
this study represents an important step toward a better understanding of ME/CFS-related
cognitive impairments, offering potential implications for both diagnostic refinement
and targeted cognitive rehabilitation strategies. Future research should aim to validate
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these findings in larger, longitudinal cohorts, integrating multimodal approaches, such as
neuroimaging and electrophysiological markers, to further elucidate the neurobiological
underpinnings of cognitive dysfunction in ME/CFS.

Based on the findings of this study, several practical recommendations can be made
to improve the clinical management of ME/CFS, particularly regarding cognitive impair-
ments. Given that ME/CFS patients exhibit specific deficits in episodic memory retrieval,
selective visual attention, reading speed, and consolidation processes, targeted cognitive
rehabilitation strategies should be implemented. Neuropsychological interventions should
focus on enhancing memory encoding and retrieval through structured cognitive training
programs, particularly those involving verbal learning strategies and working memory
exercises. Additionally, given the strong impact of attention deficits, cognitive remediation
programs incorporating attentional control training may help improve daily functioning.

From a clinical perspective, multidisciplinary care should be emphasized, integrat-
ing neurologists, neuropsychologists, physiotherapists, and occupational therapists to
address the multifaceted aspects of ME/CFS. Given the observed absence of correlation
between cognitive impairments and fatigue, pain, or depression, cognitive dysfunction
should be assessed independently rather than being attributed solely to general symptoms.
This highlights the necessity of systematic neuropsychological evaluations in ME/CFS
patients reporting cognitive complaints, as cognitive impairment may not always align
with subjective fatigue severity.

Furthermore, given the heterogeneity of cognitive deficits revealed in this study,
a personalized approach to treatment is crucial. Patients presenting with predominant
memory impairments may benefit from mnemonic techniques and compensatory strategies,
while those with attentional dysfunctions may require task-switching training and executive
function support. In addition, considering the potential role of cortico-subcortical network
dysfunctions, non-invasive neuromodulation techniques, such as transcranial direct current
stimulation (tDCS) [84–88] or neurofeedback training [89–92], targeting prefrontal and
central regions could be explored as adjunct therapies.

Finally, clinicians should provide lifestyle recommendations to optimize cognitive
performance in ME/CFS patients. These include sleep hygiene strategies, physical activity
adapted to post-exertional malaise, and dietary interventions targeting neuroinflamma-
tion and oxidative stress [93–96]. Future research should investigate the efficacy of com-
bined cognitive rehabilitation and neuromodulatory approaches to develop personalized,
evidence-based interventions aimed at improving cognitive function and overall quality of
life in ME/CFS patients.

5. Conclusions

In conclusion, the present study highlighted both similarities and differences in the
cognitive phenotypes of ME/CFS and MS. Cognitive impairments in ME/CFS patients
may be similar to or even more severe and frequent than those observed in MS patients.
Neuropsychological stratification suggested that cognitive symptomatology in ME/CFS
varies among individuals but remains confined within a restricted syndromic framework,
excluding disturbances in instrumental functions. While certain impairments, such as
visual immediate memory deficits, appear to be common to most patients, the presence of
additional symptoms seems to depend on the severity of cognitive dysfunction.

Further studies will be necessary to validate these findings in larger cohorts and
correlate them with functional brain imaging data. Advanced neuroimaging techniques,
including innovative functional imaging procedures and oculometry, should be integrated
into cognitive assessments. This step is crucial for identifying the organic mechanisms
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underlying cognitive dysfunction, thus contributing to the recognition of ME/CFS as a
distinct neurological disease rather than a syndrome.

Moreover, the 2024 report from the ME/CFS Research Roadmap Working Group [97]
emphasized the importance of a multidisciplinary approach that incorporates neurology,
immunology, metabolism, and genetics to refine both diagnostic and therapeutic strategies.
As ME/CFS is a multifactorial disorder involving immune dysfunction, neuroinflamma-
tion, metabolic disturbances, and genetic predispositions, future research must prioritize
integrated methodologies, such as multi-omics profiling, neurophysiological assessments,
and personalized treatment strategies. The convergence of biomedical, technological, and
clinical expertise will be essential to enhancing diagnostic precision, developing targeted
therapies, and ultimately, improving patient outcomes.
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Abstract: Objective: This retrospective cohort study assessed dementia risk in epilepsy patients
associated with the compliance to epileptic treatment visits. Methods: We used Taiwanese insurance
claims data to establish an epilepsy cohort (N = 39,216) diagnosed in 2000–2015 and a matched control
cohort without epilepsy (N = 156,864), evaluating the incident dementia by the end of 2016. Results:
The dementia incidence was 2.9-fold higher in the epilepsy cohort than in comparisons (4.68 vs. 1.59
per 1000 person-years). Only 9.3% of epilepsy patients were compliant to ≥80% of scheduled
treatment visits, but they exhibited a 7.2-fold higher dementia incidence than those without treatment.
The contrast was greater in younger patients than in the elderly (20-fold versus 5.5-fold). Dementia
incidence increased with the frequency of neurological consultations, peaking in the first year after
epilepsy diagnosis. Conclusions: Epileptic patients with more clinical visits for active treatment had
a higher chance of dementia diagnosis, highlighting the importance of close neurological monitoring
post-epilepsy diagnosis to address potential dementia complications.

Keywords: epilepsy; epilepsy treatment gap; retrospective cohort study; dementia; compliance

1. Introduction

Epilepsy is a highly prevalent chronic brain disorder, affecting 70 million individuals
globally and over 3 million in the United States [1,2]. It manifests as repetitive seizures or
seizure clusters, temporary episodes of involuntary movement that can lead to neurologi-
cal, cognitive, and psychosocial consequences [2–5]. Alarmingly, nearly 80% of epilepsy
patients reside in low- and middle-income countries, where appropriate diagnosis and
treatment are often lacking [2]. However, up to 70% of individuals with epilepsy can be
seizure free if they received suitable care [6].

Addressing the epilepsy treatment gap (ETG) is a pressing global challenge [2]. A
retrospective cohort study in the United States discovered that 36.7% of newly diagnosed
individuals with epilepsy remained untreated for up to three years after diagnosis [7].
Recent reports have highlighted the association between ETG and socioeconomic status in
the United States [8]. In the Philippines, the gap is influenced not only by socioeconomic
limitations but also by a lack of public support [9]. The elderly citizens with epilepsy faces
a more significant challenge due to ETG [10].

Diagnostics 2024, 14, 2748. https://doi.org/10.3390/diagnostics14232748 https://www.mdpi.com/journal/diagnostics62



Diagnostics 2024, 14, 2748

Misunderstandings and social stigma surrounding epilepsy result in many affected
individuals avoiding treatment, leading to a significant treatment gap known as ETG.
Shockingly, research indicates that over 75% of epilepsy patients remain untreated, greatly
impacting their health and well-being [4,5]. These untreated individuals face an elevated
risk of injuries, hospitalization, and even suicide, resulting in increased healthcare costs
and resource allocation compared to those who receive adequate care [7,11]. Furthermore,
uncontrolled epilepsy significantly affects cognitive performance, placing patients at a
higher vulnerability [12,13].

A previous three-year study conducted in Taiwan following 100 patients with crypto-
genic epilepsy. Utilizing a cognitive ability screening instrument (CASI), the study revealed
that 36% of patients developed cognitive impairment [14]. This deterioration was associ-
ated with factors such as education level, seizure types, duration of epilepsy, and the use of
multiple therapies [14,15]. The finding underscores the potential benefits of appropriate
treatment in mitigating the negative impact of seizures on cognitive function.

Research has shown an elevated risk of developing dementia among individuals
with epilepsy. A prospective case-control study found a more than 7-fold higher risk
of psychiatric disorders, including dementia, in adults with active epilepsy and intellec-
tual disability [16]. In the recent longitudinal, multicenter cohort studies, Zawar et al.
found that both cognitively normal adults and those with mild cognitive impairment
with poor-controlled/active seizures were at a near 2-fold higher risk to develop earlier
cognitive decline [17,18]. Evidence suggests a bidirectional relationship between dementia
and epilepsy [13]. Furthermore, recent research indicates shared pathogenesis between
dementia, Alzheimer’s disease, and late-onset epilepsy [19,20].

Depression, dementia, psychosis, and epilepsy may all be classified as disorders of
brain networks [21,22]. Moreover, clinic visits for appropriate treatment may significantly
reduce adverse cognitive effects associated with epilepsy. In light of this, a population-
based longitudinal study was conducted to explore whether individuals with epilepsy
who have more frequent appointments for clinic visits for their treatment regimen have a
lower risk of developing dementia. This study analyzed population data from the Taiwan’s
National Health Insurance Research Database, which provides coverage to over 99% of the
country’s residents [23].

By investigating the relationship between clinic visit frequency and the occurrence
of dementia in individuals with epilepsy, this study aimed to shed light on the potential
benefits of treatment compliance, particularly for the elderly patients. The findings from
this study could enhance our understanding of the importance of treatment compliance,
not only for seizure control but also for reducing the risk of cognitive decline and dementia
in individuals with epilepsy.

2. Methods

2.1. Data Source

This study used the real-world data of the National Health Insurance Research
Database and death registry of Taiwan from 2000 to 2016. The insurance database tally
medical claims data for outpatient and inpatient services in Taiwan provide information on
treatments, prescriptions, and costs for services. Identifications of the insured population
in the database were re-coded with surrogate identifications for privacy protection [23]. In
the database, drug and disease classifications conformed to the Anatomical Therapeutic
Chemical (ATC) Classification System and the International Statistical Classification of
Diseases and Related Health Problems, 9th and 10th Revisions (ICD-9 and ICD-10). This
study was approved by the Research Ethics Committee of China Medical University and
Hospital (CRREC-107-021).

2.2. Study Subjects

We identified patients who had been diagnosed with seizures (or epilepsy) at least
twice for the potential epileptic cohort. From the whole insured population, 320,559 cases
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of epilepsy were diagnosed in 2000–2015 (Figure 1). After excluding 281,343 patients who
were ineligible for this study, 39,216 cases of epilepsy patients were included in the epilepsy
cohort. The date epilepsy was diagnosed was defined as the index date. We used a similar
method to exclude 1,620,117 persons among individuals without any history of epilepsy.
From 8,917,940 persons without a history of epilepsy and/or dementia, the comparison
cohort were selected and matched by propensity scores with a sample size four time that
of the epilepsy cohort. Individuals in both cohorts were followed until dementia was
diagnosed, death occurred, withdrawal from the insurance occurred, or the end of 2016
arrived. The follow-up person-years were measured for each person.

Figure 1. Flow chart for establishing study cohorts with and without epilepsy.

2.3. Comorbidity, Anti-Epilepsy Compliance Rate, and Neurologic Visit Frequency

We also considered comorbidities of hypertension, diabetes, hyperlipidemia, coronary
heart disease, atrial fibrillation, chronic obstructive pulmonary disease (COPD), cancer,
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heart failure, depression, liver disease, and chronic infection/inflammation as covariates in
this study. The comorbidity that had been diagnosed in at least three outpatient visits, or
once in inpatient care at baseline, was defined for inclusion. In order to evaluate whether
a patient who adhered to the epilepsy treatment was associated with the diagnosis of
dementia, we calculated rates of taking anti-epilepsy drugs (AEDs) by the sum of days
taking AEDs in the follow-up days from the index date to the end of follow-up for each
individual [24]. We divided those patients into 3 groups: taking AEDs for >800 days,
400–799 days, and 1–399 days per 1000 follow-up days as compliance rates of ≥80%,
40–79%, and 1–39%, respectively. Those without the medication were in the non-compliant
group of 0%. The compliance rate reflects how active a patient was in taking the prescribed
medication. Furthermore, we also evaluated the dementia diagnosis associated with
neurological consultation frequency in the epileptic cohort.

2.4. Statistical Analysis

We compared distributions of sex, age, income, urbanization level, and comorbidities
between epilepsy and comparison cohorts. Balances of demographics and comorbidities
between the two cohorts were presented by standardization differences, with the stan-
dardization difference over 0.1 being defined as unbalanced. The cumulative incidence
of dementia in two cohorts was calculated and plotted by the Kaplan–Meier method and
examined by the log-rank test. We calculated the incidence rate of dementia for each cohort.
For the epilepsy cohort, we further calculated the dementia incidence by compliance rate,
and the patient compliance to treatment regimen: ≥80%, 40–79%, 1–39%, and 0%. The
epilepsy cohort to the comparison cohort hazard ratio (HR) and related 95% confidence
interval (CI) were assessed using Cox proportional hazards regression. The adjusted hazard
ratio (aHR) was calculated after controlling for matched pairs. The HRs were also estimated
by sex and compliance rate, age and compliance rate, and by follow-up years (<1.0, 1.0–2.9,
3.0–4.9 and ≥5.0 years). We further conducted a nested case-control analysis comparing
dementia cases and non-dementia patients for the epilepsy cohort, attempting to identify
whether demographic status, comorbidities, and neurologic consultation frequency were
associated with the diagnosis of dementia in the epilepsy cohort. Odds ratios (ORs) of
dementia with 95% CIs were estimated using logistic regression analysis. All statistical
tests were two-sided, and the statistical significance was defined as p-value < 0.05. We used
SAS, version 9.4 (SAS Institute, Cary, NC, USA).

3. Results

3.1. Baseline Characteristics of Study Cohorts

Table 1 shows that distributions of demographic status and most comorbidities were
similar in the epilepsy cohort and the comparison cohort, with nearly 53% being men and
19% being the elderly. Prevalence rates of atrial fibrillation and heart failure at baseline
were slightly higher in the epilepsy cohort than in comparisons, but significant.

Table 1. Baseline characteristics compared between cohorts with and without epilepsy.

Epilepsy
N = 39,216

Comparisons
N = 156,864

Standardization
Difference

n % n %

Sex
Male 20,835 53.1 83,737 53.4 0.005

Female 18,381 46.9 73,127 46.6 0.005
Age, years

30–44 15,529 39.6 61,356 39.1 0.010
45–64 16,283 41.5 65,664 41.9 0.007
65+ 7404 18.9 29,844 19.0 0.004

Mean (SD) 50.8 (14.5) 50.8 (14.4) 0.006
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Table 1. Cont.

Epilepsy
N = 39,216

Comparisons
N = 156,864

Standardization
Difference

n % n %

Income, NTD
<19,200 12,828 32.7 51,428 32.8 0.002

19,200–28,799 16,160 41.2 64,910 41.4 0.003
28,800+ 10,228 26.1 40,526 25.8 0.006

Residential Urbanization
1 (highest) 10,531 26.9 41,887 26.7 0.003

2 11,760 30.0 47,178 30.1 0.002
3 12,256 31.3 49,174 31.4 0.002

4 (lowest) 4669 11.9 18,625 11.9 0.001
Comorbidity
Hypertension 11,451 29.2 46,466 29.6 0.009

Diabetes 5726 14.6 22,972 14.6 0.001
Hyperlipidemia 7118 18.2 28,739 18.3 0.004

Coronary heart disease 5301 13.5 21,129 13.5 0.001
Atrial fibrillation 500 1.27 1425 0.91 0.035

COPD 5874 15.0 22,478 15.0 0.000
Cancer 11,038 28.2 44,756 28.5 0.009

Heart failure 1454 3.71 4792 3.05 0.036
Depression 3022 7.71 12,058 7.69 0.001

Liver disease 7804 19.9 31,653 20.2 0.007
Chronic infection 1068 2.72 3680 2.35 0.024

COPD, chronic obstructive pulmonary disease.

3.2. Incidence of Dementia Between Cohorts by Sex and Compliance Rate

During the follow-up, the cumulative incidence of dementia was about 4% higher
in the epilepsy cohort than in the comparisons, and it was similar for men and women
(log-rank test p < 0.0001) (Figure 2). Table 2 shows the incidence of dementia was nearly
three times higher in the epilepsy cohort than in comparisons (4.68 versus 1.59 per
1000 person-years), with an aHR of 2.92 (95% CI = 2.70–3.13). In the epileptic cohort,
patients who were active in adhering to clinic visits for over 80% of days had a much higher
rate of being diagnosed with dementia, with an incidence of 33.9 per 1000 person-years
or an aHR of 17.3 (95% CI = 14.4–2.07). The incidence rate decreased with the decreas-
ing compliance rate. Near 30% of patients were untreated with an incidence of 4.68 per
1000 person-years with an aHR of 2.91 (95% CI = 2.58–3.29). Both men and women had
similar trends.

All Men Women

Figure 2. Kaplan–Meier plot for cumulative incidence of dementia in epilepsy cohort and comparisons.
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Table 2. Incidence of dementia and related epilepsy cohort to comparison cohort hazard ratio by sex
and compliance rate of clinic visit.

Hazard Ratio (95% CI)
Compliance Rate N Event PY Rate Crude Adjusted

All
Comparisons 156,864 1713 1,077,085 1.59 1.0 1.0

Epilepsy cohort 39,216 1035 221,379 4.68 2.91 (2.69–3.14) *** 2.92 (2.70–3.13) ***
≥80% 3649 134 3950 33.9 17.3 (14.4–20.6) *** 17.3 (14.4–2.07) ***

40–79% 4534 174 19,216 9.05 5.45 (4.67–6.38) *** 5.45 (4.67–6.37) ***
1–39% 19,634 433 135,417 3.20 2.01 (1.81–2.24) *** 2.01 (1.81–2.24) ***

0% 11,399 294 62,796 4.68 2.91 (2.57–3.29) *** 2.91 (2.58–3.29) ***

Men
Comparisons 83,737 850 556,430 1.53 1.0 1.0

Epilepsy cohort 20,835 506 108,651 4.66 3.00 (2.68–3.34) *** 3.00 (2.69–3.34) ***
≥80% 2119 75 2106 35.61 17.9 (14.1–22.7) *** 17.9 (14.0–22.8) ***

40–79% 2508 85 9813 8.66 5.36 (4.29–6.70) *** 5.36 (4.29–6.70) ***
1–39% 10,414 194 67,423 2.88 1.88 (1.61–2.20) *** 1.88 (1.61–2.20) ***

0% 5794 152 29,309 5.19 3.34 (2.81–3.97) *** 3.34 (2.82–3.96) ***

Women
Comparisons 73,127 863 520,655 1.66 1.0 1.0

Epilepsy cohort 18,381 529 112,728 4.69 2.81 (2.52–3.13) *** 2.81 (2.53–3.12) ***
≥80% 1530 59 1844 31.99 16.5 (12.7–21.5) *** 16.5 (12.6–21.7) ***

40–79% 2026 89 9403 9.47 5.54 (4.45–6.89) *** 5.54 (4.45–6.88) ***
1–39% 9220 239 67,994 3.52 2.12 (1.84–2.45) *** 2.12 (1.84–2.45) ***

0% 5605 142 33,487 4.24 2.53 (2.12–3.03) *** 2.53 (2.13–3.01) ***

PY, person-years; rate, per 1000 person-years; CI, confidence interval. *** p < 0.001.

3.3. Incidence of Dementia by Age and Compliance Rate

Table 3 shows that dementia incidence increased with age in both cohorts. In the
epilepsy cohort, the incidence increased from 1.10 per 1000 person-years in the younger
group to 26.9 per 1000 person-years in the elderly. Among those with a compliance
rate of ≥80%, the incidence was nearly 13 times higher in the elderly than in the young
(169.2 versus 13.2 per 1000 person-years). However, the aHR was, relatively, much greater
for the younger epilepsy patients than the elderly ones (205 vs. 12.3). Among patients
with an 80% compliance rate, younger patients were more likely than the elderly to be
diagnosed with dementia (20-fold versus 5.5-fold), compared to corresponding patients
with a 0% compliance rate.

Table 3. Incidence of dementia and related epilepsy cohort to comparison cohort hazard ratio by age
and compliance rate of clinic visits.

Hazard Ratio (95% CI)
Compliance Rate N Event PY Rate (‰) Crude Adjusted

Age, 30–44 years
Comparisons 61,356 26 499,203 0.05 1.0 1.0

Epilepsy cohort 15,529 120 108,957 1.10 20.8 (13.6–31.8) *** 20.8 (13.6–31.8) ***
≥80% 1025 27 2052 13.2 205 (119–354) *** 205 (121–349) ***

40–79% 1867 28 11,047 2.53 46.7 (27.4–79.6) *** 46.7 (27.4–79.4) ***
1–39% 8248 45 65,617 0.69 13.1 (8.10–21.3) *** 13.1 (8.10–21.3) ***

0% 4389 20 30,242 0.66 12.5 (6.98–22.4) *** 12.5 (6.98–22.4) ***
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Table 3. Cont.

Hazard Ratio (95% CI)
Compliance Rate N Event PY Rate (‰) Crude Adjusted

Age, 45–64 years
Comparisons 65,664 223 443,336 0.50 1.0 1.0

Epilepsy cohort 16,283 302 89,596 3.37 6.47 (5.44–7.69) *** 6.47 (5.43–7.69) ***
≥80% 1448 27 1425 18.9 36.2 (24.1–54.3) *** 36.2 (24.0–54.6) ***

40–79% 1811 64 6792 9.42 18.5 (14.0–24.4) *** 18.5 (14.0–24.4) ***
1–39% 8204 141 55,443 2.54 4.86 (3.93–6.00) *** 4.86 (3.92–6.02) ***

0% 4820 70 25,936 2.70 5.20 (3.97–6.80) *** 5.20 (3.98–6.78) ***

Age, 65+ years
Comparisons 29,844 1464 134,547 10.9 1.0 1.0

Epilepsy cohort 7404 613 22,826 26.9 2.40 (2.19–2.64) *** 2.40 (2.19–2.64) ***
≥80% 1176 80 473 169.2 12.3 (9.76–15.5) *** 12.3 (9.58–15.8) ***

40–79% 856 82 1377 59.5 5.18 (4.14–6.47) *** 5.18 (4.09–6.55) ***
1–39% 3182 247 14,357 17.2 1.56 (1.36–1.78) *** 1.56 (1.36–1.78) ***

0% 2190 204 6618 30.8 2.78 (2.40–3.22) *** 2.78 (2.39–3.23) ***

PY, person-years; rate, per 1000 person-years; CI, confidence interval. *** p < 0.001.

3.4. Incidence of Dementia by Follow-Up Years

Among 1035 cases with dementia developed in the epileptic cohort, 398 cases (38.5%)
occurred within the first year of follow-up (aHR = 6.06, 95% CI = 5.24–7.00) (Table 4).
The incidence decreased with the follow-up year, with an aHR that declined to 1.93
(95% CI = 1.68–2.21) after 5.0 years or longer of follow-up.

Table 4. Incidence and related epileptic cohort to comparison cohort hazard ratio of dementia by
follow-up year.

Epilepsy Cohort
N = 39,216

Comparison Cohort
N = 156,864

Hazard Ratio (95% CI)

Follow-Up Event PY Rate Event PY Rate Crude Adjusted

<1.0, year 398 32,004 12.4 304 151,721 2.00 6.06 (5.22–7.04) *** 6.06 (5.24–7.00) ***
1.0–2.9 204 51,753 3.94 412 263,511 1.56 2.52 (2.13–2.98) *** 2.52 (2.13–2.98) ***
3.0–4.9 142 40,233 3.53 298 207,483 1.44 2.46 (2.01–3.00) *** 2.46 (2.01–3.00) ***
≥5.0 291 97,388 2.99 699 454,370 1.54 1.93 (1.68–2.21) *** 1.93 (1.68–2.21) ***

PY, person-years; Rate, per 1000 person-years; CI, confidence interval. *** p <0.001.

3.5. Nested Case-Control Analysis of Dementia in Epilepsy Cohort

The nested case-control analysis shows that most of comorbidities were more prevalent
in dementia cases than in non-cases (Table 5), but no comorbidities could explain the risk
of developing dementia. Female epilepsy patients had an aOR of 1.32 (95% CI = 1.16–1.50)
to develop dementia compared with male patients. Patients diagnosed with dementia
increased with neurological consultations. Epilepsy patients who had >20 neurological
visits were 2.6 times more likely to be diagnosed with dementia than those without the
visit, with an aOR of 4.04 (95% CI = 3.15–5.18).
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Table 5. Nested case-control analysis of dementia in epilepsy cohort.

Dementia
N = 1035

Non-Dementia
N = 38,181

Odds Ratio (95% CI)

Variable n % n % Crude Adjusted

Sex
Male 506 48.9 20,329 53.2 Ref. Ref.

Female 529 51.1 17,852 46.8 1.19 (1.05–1.35) ** 1.32 (1.16–1.50) ***
Age, years

30–44 120 11.6 15,409 40.4 Ref. Ref.
45–64 302 29.2 15,981 41.9 2.43 (1.96–3.00) *** 2.48 (2.00–3.08) ***
65+ 613 59.2 6791 17.8 11.6 (9.51–14.1) *** 11.7 (9.41–14.6) ***

Income, NTD/month
<19,200 395 38.2 12,433 32.6 1.66 (1.40–1.98) *** 1.32 (1.10–1.58) **

19,200–28,799 448 43.3 15,712 41.2 1.49 (1.26–1.77) *** 1.11 (0.93–1.34)
28,800+ 192 18.6 10,036 26.3 Ref. Ref.

Urbanization
1 (highest) 263 25.4 10,268 26.9 1.01 (0.85–1.19) 1.08 (0.90–1.28)

2 294 28.4 11,466 30.0 1.01 (0.86–1.19) 1.11 (0.94–1.31)
3 304 29.4 11,952 31.3 Ref. Ref.

4 (lowest) 174 16.8 4495 11.8 1.52 (1.26–1.84) *** 1.32 (1.09–1.61) **
Medical history
Hypertension 507 49.0 10,944 28.7 2.39 (2.11–2.71) *** 0.91 (0.78–1.06)

Diabetes 244 23.6 5482 14.4 1.84 (1.59–2.13) *** 1.02 (0.87–1.20)
Hyperlipidemia 251 24.3 6867 18.0 1.46 (1.26–1.69) *** 0.98 (0.83–1.15)

Coronary heart disease 268 25.9 5033 13.2 2.30 (2.00–2.65) *** 1.05 (0.89–1.23)
Atrial fibrillation 22 2.13 478 1.25 1.71 (1.11–2.64) * 0.60 (0.38–0.94)

COPD 272 26.3 5602 14.7 2.07 (1.80–2.39) *** 0.93 (0.80–1.09)
Cancer 274 26.5 10,764 28.2 0.92 (0.80–1.06)

Heart failure 87 8.41 1367 3.58 2.47 (1.97–3.10) *** 0.92 (0.72–1.18)
Depression 94 9.08 2928 7.67 1.20 (0.97–1.49)

Liver disease 189 18.3 7615 19.9 0.90 (0.76–1.05)
Chronic Infection 39 3.77 1029 2.70 1.41 (1.02–1.96) * 0.87 (0.62–1.23)

Neurologic clinic visit, n
0 80 7.73 4806 12.6 Ref. Ref.

1–5 151 14.6 11,440 30.0 0.79 (0.60–1.04) 1.16 (0.88–1.53)
6–20 307 29.7 10,806 28.3 1.71 (1.33–2.19) *** 2.43 (1.88–3.15) ***
>20 497 48.0 11,129 29.2 2.68 (2.11–3.41) *** 4.04 (3.15–5.18) ***

COPD, Chronic obstructive pulmonary disease; CI, confidence interval. * p < 0.05, ** p < 0.01, *** p < 0.001.

4. Discussion

4.1. Epilepsy Risk, Treatment Compliance, and Socio-Demographics

The risks of developing epilepsy and subsequent dementia vary among popula-
tions [11,16,19,20,25,26]. In our real-world data, we observed that 1.24% of the population
had epilepsy (Figure 1), which might be higher than the annual prevalence of 1.1% reported
in the United States [25,26].

It has been reported that populations in low- and middle-income countries are at
a higher risk of epilepsy associated with weak healthcare systems, poor hygiene, and
insufficient knowledge, tending to affect the elderly [2]. In our study, we identified a higher
proportion of men than women with epilepsy, and only 11.9% of epilepsy cases in the least
urbanized area. Our elderly patients, accounting for only 19% of all patients, were more
likely to reside in rural areas. We suspect that the rapid aging of Taiwan’s population may
explain this finding [27,28]. However, they had no challenges in accessing healthcare.

Known as National Health Insurance, and instituted in 1995 by merging all public
health insurance programs, a universal healthcare system covers all residents in Taiwan.
This healthcare provides high-quality comprehensive care coverage, with a low burden of
healthcare costs [23]. However, we were surprised to find that only 9.3% of patients with
epilepsy in our study adequately adhered to their treatment, defined as a compliance rate
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of over 80%. They were much more likely to be diagnosed with dementia. This indicates a
significant gap of AEDs among epilepsy patients in Taiwan. Notably, among the elderly,
the rate of good treatment compliance was higher compared to younger individuals (15.9%
[1176 out of 7404] versus 6.6% [1025 out of 15,529]).

4.2. Treatment Compliance and Dementia Detection

The availability of epilepsy treatment [ETGs] poses a significant challenge worldwide,
with varying rates of ETG ranging from 5.6% in Norway to 100% in some developing coun-
tries [29]. The barriers hinder the accessibility of healthcare services, including essential
pharmacotherapy and surgical options for epilepsy patients [9,30,31]. Previous research
has consistently demonstrated that epilepsy patients who receive adequate treatment expe-
rience show an improved quality of life and reduced seizure activity [5,11]. On the other
hand, patients with poorly controlled epilepsy may face various challenges such as low
self-esteem and psychiatric symptoms including anxiety, depression, and the risk of sudden
unexpected death associated with epilepsy (SUDEP) [5]. A recent study from Milan found
that AEDs can help reduce adverse cognitive effects in epilepsy patients [12]. In our study,
we hypothesized a lowered dementia risk as the benefit of good compliance with making
a clinic appointment for epilepsy treatment, particularly among the elderly population.
To our surprise, we discovered a proportional relationship between compliance rate and
dementia incidence, which increased with age. The incidence of dementia in patients with
a treatment compliance of 80% or higher was 7.2 times higher compared to those who did
not receive medication (33.9 vs. 4.68 per 1000 person-years). The incidence was nearly
13 times higher in those aged over 65 years compared to those aged 30–44 years old. This
suggests that patients with better treatment compliance have a higher likelihood of being
diagnosed with dementia, with a more pronounced impact observed in the elderly. To our
knowledge, there are no previous studies that have reported such astounding findings. We
suspect that patients with more clinic visits for AEDs may actually have a higher frequency
of severe seizures, leading to more frequent clinic visits, increased medical attention, and
the subsequent diagnosis of dementia.

4.3. The Role of Neurological Consultation

The nested case-control analysis conducted within the epilepsy cohort provided
further insights into the puzzle. The results revealed that the odds of being diagnosed with
dementia increased with the number of neurological clinic visits.

An earlier study in Taiwan reported that nearly half of epilepsy patients chose tra-
ditional Chinese medicine and temple worship as treatment options [32]. A recent study
on medical care-seeking behaviors in rural communities of Taiwan found that the elderly
population is less aware of disease severity, leading to delayed treatment [33]. However,
this disadvantage did not seem to apply to the elderly patients in our study. Approximately
48% of patients had more than 20 visits for neurological consultations, indicating higher
treatment compliance. On the other hand, around 8.0% of patients had no consultations,
suggesting lower treatment compliance. Elderly epilepsy patients were more likely to
have frequent neurological consultations, indicating a higher treatment compliance rate.
Epilepsy patients without medication and with treatment compliance rates below 40%
might have delayed medical treatment, making it less likely for dementia to be diagnosed.

Our case-control analysis revealed that epilepsy patients living in the least urbanized
rural areas were at an elevated risk of dementia. High insurance coverage, easy accessibility,
and a low copayment of the healthcare system in Taiwan lead to highly frequent clinical
visits [34]. Individuals living in areas with the lowest urbanization levels have the least
chance of using medical services compared to those in areas with higher urbanization levels.
The medical divergence between urbanization levels are a major factor associated with the
possibility and frequency of medical services [35–37]. We suspect that epilepsy patients
living in rural areas are likely to have fewer clinic visits. The elevated dementia risk in
rural areas was likely true, which might be associated with poor rural risk factors instead
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of treatment compliance. The recent studies reported that patients with poor compliance
or fewer neurological consultations for seizures might display quicker decay in cognitive
functions based on recent research [17,18].

Current healthcare institutions in Taiwan are divided into four levels: medical centers,
regional hospitals, district hospitals, and clinics. Obviously, large hospitals located in
higher urbanization areas provide higher healthcare-seeking choices and behaviors due
to more diversity in medical care types with easy accessibility and a low medical cost
burden. The “hierarchical medical system” fails to reduce unnecessary healthcare-seeking
and medical resource wastage [35,36].

While seizures are common in epilepsy patients, it is surprising to observe that 38.5%
(398/1035) of dementia cases were diagnosed within one year after the diagnosis of epilepsy.
The incidence of dementia decreased from 12.4 per 1000 person-years in the first year to 2.99
per 1000 person-years after five years of follow-up. Patients with intensive neurological
consultations may have had their dementia diagnosed earlier. Previous studies have
documented a bidirectional relationship between epilepsy and dementia [13,38,39]. A
recent study using data from the Framingham Heart Study found that dementia patients
had a hazard ratio (HR) of 1.82 for developing epilepsy, while epilepsy patients had a HR
of 1.99 for dementia [40]. Our data support a nearly 6-fold increased risk of developing
dementia soon after the diagnosis of epilepsy. This extraordinary finding has not been
previously reported.

5. Conclusions

Our findings underscore the importance of the nature of complexity in treatment
adherence and ETGs for epilepsy patients. Patients with dementia are, indeed, at a higher
risk of experiencing subsequent disorders and a decline in quality of life. In this study,
we observed that patients with epilepsy had a nearly 3-fold increased risk of developing
dementia. However, only a small proportion of epilepsy patients demonstrated good com-
pliance to medication therapy, but they were more likely to be diagnosed with dementia.
This finding suggests that patients with more frequent clinic visits may experience more
recurrent seizures and frequent neurological consultations, which, in turn, increases their
chances of being diagnosed with dementia. It highlights the importance of healthcare
providers to understanding the complex relationship between treatment compliance, re-
current seizures, and the risk of dementia. It is essential to closely monitor patients with
epilepsy after diagnosis to ensure they receive adequate care and appropriate interventions.
It is crucial for both patients and healthcare providers. Further research is needed to
gain deeper insights into the underlying factors contributing to these observations, and to
develop strategies that ensure optimal treatment and care for epilepsy patients.

6. Limitations

This study has the advantage of utilizing a large population dataset to conduct a
propensity score matching retrospective cohort study to assess the risk of dementia in
patients with epilepsy. However, it also has some limitations that should be taken into
consideration. First, approximately 79% of epileptic patients in this study had fewer clinic
visits with compliance rates of <40%. This suggests that these patients may have been
reluctant to seek treatment, which could potentially impact the findings. Conversely, only
9% of patients with high compliance rates (>80%) had received aggressive treatment. This
could be associated with an increased diagnosis of epilepsy-related disorders, including
dementia. The lack of information on the severity of epilepsy in the insurance claims data
limits the ability to assess the impact of severity on the development of dementia.

Second, certain risk factors associated with the development of dementia, such as
blood pressure, blood sugar levels, lipoprotein levels, and lifestyle factors, were not avail-
able for assessment in the dataset. This limits the ability to fully account for these factors in
the analysis. However, the nested case-control analysis did not find a significant association
between comorbidities and the occurrence of dementia.
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Third, data on cognitive impairment levels, measured by tools such as CASI, Mini-
Mental State Examination (MMSE), and Clinical Dementia Rating (CDR), were not available.
Therefore, the assessment of the level of cognitive impairment in the study population was
not possible.

Lastly, the dataset did not include information on the use of over-the-counter or
complementary and alternative medicines, which could be relevant to the study. The
impact of poor seizure control on the risk of developing dementia could not be evaluated
due to the lack of data on patients with poor controlled status.

These limitations should be acknowledged when interpreting the findings of the
study. Further research addressing these limitations could provide a more comprehensive
understanding of the relationship between epilepsy, treatment compliance, and the risk
of dementia.
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Abstract: Background/Objectives: Although specific language impairment (SLI) was
thought to be a language impairment, recent studies suggest that it is also associated with
domain-general and nonverbal deficits such as deficits in nonverbal working memory,
visual short-term memory, executive functions, etc. This study aimed to examine if applied
visual strategy when copying the Rey-Osterrieth complex figure (ROCF) correlates with
language abilities in children with SLI. Methods: The sample consisted of 37 children
diagnosed with SLI, divided into two groups based on the strategy used when copying
ROCF. We used ROCF to assess perceptual organization and planning, and the Peabody
Picture Vocabulary Test, Boston Naming Test, Token Test, Grammatical Judgment, The
Children’s Grammar, and Global Articulation Test for language measurement. Univariate
ANOVA was used for statistical analysis. Results: The results indicate that children
who used a more mature strategy when copying ROCF achieved better results on tests
used to assess grammar and articulation status. Conclusions: These results support the
conclusion that there are neurocognitive mechanisms underlying both grammatical and
visuospatial deficits. The obtained results suggest the importance of examining visual and
visuospatial functions in children with SLI and the need for more comprehensive treatment
of those children.

Keywords: specific language impairment; visual perception; visual organization; language
abilities; Rey-Osterrieth complex figure

1. Introduction

Specific language impairment (SLI) is a neurodevelopmental disorder that affects
understanding and/or producing language [1,2], which is not due to intellectual disability,
neurological impairments, hearing impairments [2–4], social deprivation, or impairments
in reciprocal social interactions [5]. This condition manifests as deficits in syntax, mor-
phology, semantics, and phonology [6]. Comprehension deficits manifest as deficits in
comprehending syntactically complex questions [7], questions with greater length [8], and
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object questions [9,10]; in comprehending passive sentences [11]; and in comprehending
structures with noncanonical word order [8,11].

The expressive language of children with SLI is characterized by short, agrammatical,
and incomplete sentences [12]. Studies have shown that agrammatism in children with
SLI is manifested with deficits in noun-verb agreement [13], plural markers [13], noun
cases [14], and the absence or inadequate use of function words [14]. In addition to
difficulties in constructing grammatical structures, children with SLI also struggle with
grammatical judgment [13,15].

Studies investigating the lexical abilities of children with SLI have shown that they
experience challenges in lexical acquisition [16,17], difficulties in acquiring word mean-
ings [16,18], and word definitions [16,19,20]. Moreover, they exhibit significantly smaller
vocabulary sizes than typically developing children [16,17,21] and the reduced use of nouns
and verbs [22].

In terms of the phonetic-phonological level, children with SLI exhibit deficits in
phonological perception [4]. They also show abnormalities in speech production such
as mispronunciations, omissions, substitutions, or inversions of phonemes, significantly
impairing others’ ability to understand the speech of these children [21].

Although the term SLI implies that the essence of SLI is a language disorder, a growing
body of studies has investigated the presence of non-linguistic factors [15,23–27], including
auditory abilities [28–30], visual abilities [13,24,31], cognitive functions [1,3,13,24,25,27,32],
and motor abilities [17,33]. The findings of these studies suggest the necessity of a different
approach [25] concerning the definition, diagnostic criteria, and classification [27]. However,
due to the large variety of research into this area, the current paper considers further only
the research on visual abilities in SLI since it is the most relevant to the present investigation.

Studies have shown that children with SLI exhibit deficits in the visuospatial component
of working memory [26,34,35]. Conducting a meta-analysis, Vugs et al. [35] indicated that
most studies demonstrate that children with SLI perform worse on visuospatial working
memory tasks than their typically developing peers. Nickisch and von Kries [31] found
that children with SLI have impaired auditory and visual short-term memory. Contrary to
previously mentioned studies, some authors proposed that impairment of working memory
subcomponents is restricted only to damage to the verbal central executive system, as children
with SLI performed similarly to their typically developing peers on visuospatial tasks [32,36].

Studies investigating the relationship between visual abilities and language abili-
ties have presented various results. When investigating the correlation between visual
short-term memory and language abilities, Nickisch and von Kries [31] found that visual
short-term memory is one of the predictors of receptive language. These results sug-
gest that visual short-term memory and auditory memory have independent impacts on
receptive language. An alternative explanation could be the existence of a third factor
necessary for understanding, which is also directly associated with auditory and visual
short-term memory.

Similar to these results are results from a study by Fahiem and Mohammed [27], who
emphasized the association between SLI and non-verbal abilities. These authors found
that the semantic-pragmatic and syntactic phonological types of SLI showed a significant
deficit among visuospatial abilities and spatial working memory. Vugs et al. [37] examined
the correlation between working memory components and language abilities and found
a low correlation between visuospatial storage and expressive vocabulary. Both verbal
and visuospatial working memory deficits suggest a deficit in overall processing capacity,
manifesting whenever tasks exceed processing capacities [38,39].

By examining the ability of children with SLI to recognize the grammaticality/ungrammaticality
of sentences, Weismer et al. [13] found that nonverbal working memory predicts morphosyntactic
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abilities regarding error sensitivity and reaction speed. The authors of this study suggest that in-
dividual differences in nonverbal working memory predict how accurately and/or quickly
children detect morphosyntactic errors. Schaeffer [40] also highlights the association be-
tween nonverbal working memory and grammar in children with SLI.

One of the tests that is frequently used to assess visual abilities is the Rey-Osterrieth
Complex Figure Test (ROCF). This neuropsychological test is designed to evaluate visual
memory and visuospatial constructive abilities. Also, it provides significant qualitative
information about the strategies employed during the copying and recalling of complex
figures and organizational approaches since it consists of multiple components that can be
perceived as gestalt or separate details. Hence, executive functions, particularly planning
and organization, are also examined through this test [41]. Since visual abilities have
a significant role in speech development [42], further investigation of visual abilities in
children with SLI is necessary. Therefore, ROCF can be a valuable tool for assessing visual
abilities in children with SLI.

When using the ROCF and investigating a correlation between grammar abilities and
visuospatial skills, Kiselev [43] found a correlation between grammar comprehension and
visuospatial abilities. In another study, Kiselev and Glozman [15] utilized the ROCF for
assessing holistic abilities, alongside “Comprehension of grammatical structures” from
Luria’s neuropsychological assessment batteries. The results of their study indicated that
children with grammar deficits use immature strategies when copying the ROCF. Given
these results, the authors concluded that weakness in holistic synthesis can explain the
problems in different abilities, including visuospatial abilities and grammar understand-
ing [15]. On the other hand, authors who investigated visual abilities in children with
ADHD [44] also noted the use of immature strategies in these children, which is expected
for younger children. Additionally, children with ADHD reproduced the parts of the
figure without organizing them as a whole. These authors explain this with the process of
encoding information that can be affected by the executive deficit, which is typical of this
diagnosis [44]. According to Akshoomoff et al. [24], using immature coping strategies in
the ROCF suggests inefficient visuospatial processing, which may arise secondarily due to
attention and planning deficits.

Considering the variety of results regarding visual abilities and their relationship with
language abilities in children with SLI, it is necessary to expand research from linguistic
abilities to non-linguistic functions and determine to what extent non-linguistic factors
may influence the development of linguistic abilities [24]. Furthermore, it is still uncer-
tain whether the same neurocognitive mechanisms underlie linguistic and non-linguistic
abilities or whether these abilities are merely correlated. As some authors [42] suggest,
human speech is a multisensory experience, and the most important modalities for lan-
guage comprehension and production are visual spatial modalities. Therefore, studying
visual abilities may be crucial for a better understanding of linguistic abilities. We hope to
provide insights into how visual processing may support language abilities and whether
these processes share common neurocognitive mechanisms. This study aimed to determine
whether the strategy employed during copying the Rey-Osterrieth Complex Figure (ROCF)
correlates, and to what extent, with linguistic abilities in children with SLI.

2. Materials and Methods

2.1. Study Design and Participants

The research initially involved 39 children with SLI who were receiving speech-
language therapy at the Institute for Experimental Phonetics and Speech Pathology in
Belgrade “Ðord̄e Kostić”, ages 6:1 to 8:11. All subjects included in the sample were diag-
nosed with SLI by a qualified specialist (speech-language therapist) by using tests to assess
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speech and language development. The study’s inclusion criteria required participants to be
monolingual native Serbian speakers, with a diagnosis of SLI, average or above average IQ,
and age over six years. Exclusion criteria were below-average intellectual functioning, hear-
ing and vision impairment, brain damage or other neurological diseases, the presence of
motor disorders, and genetic anomalies. To minimize the potential impact of confounders,
we reduced their influence by ensuring that all participants were matched in terms of
socioeconomic status, treatment duration, and handedness. All participants were treated
in our clinic for approximately one year, and none had received previous speech-language
therapy before being admitted to our institution. Furthermore, according to the Edinburgh
Inventory [45], all participants were right-handed. Subjects were divided into two groups
based on their strategy when copying the ROCF. Among the respondents, 3 respondents
(7.1%) used strategy I, 18 respondents (42.9%) used strategy II, 19 respondents (45.2%) used
strategy IV, and 2 respondents (4.8%) used strategy VII. Strategies II and IV were used by
88.1%, while the remaining strategies (I and VII strategies) were used by only 11.9% of
participants. Therefore, strategy I and VII were excluded from further statistical analysis.
Therefore, the final number of subjects was 37 children with SLI who were divided into two
groups based on the strategy used on the ROCF: the first group consisted of children who
copied ROCF using strategy II (first copying the details that are related to central rectangle
or with some part of it, then finishing the rectangle and adding parts). The second group
consisted of children who used the IV strategy while copying the ROCF (arranging the
details in the drawing without an organized structure). The average age of the respondents
was 84.62 months (SD = 12.24).

2.2. Measurements
2.2.1. Visuoperceptual Skills Assessment

Rey-Osterrieth Complex Figure—ROCF [46] was used to assess perceptual organiza-
tion and planning. The subject is given a white piece of paper and ROCF, which does not
resemble any known object, and 5–6 colored felt-tip pens. The participant is instructed to
copy a horizontally placed figure as precisely as possible and to reproduce it from memory
after a certain time. For this research, only the first part was used, i.e., direct figure copying.
The subject is given the task of copying the given figure while the examiner monitors the
execution of the task. Each time the subject completes one part of the figure, the examiner
switches the pen and notes the order in which the subject uses the pens. The total score
is obtained by summing points for each successfully drawn detail of the figure. Eighteen
details are scored with 0, 1⁄2, or 2 points according to their presence, accuracy, and placement.
Also, the strategy used to copy the figure is noted. All strategies that can be used when
copying ROCF are listed in Appendix A.

2.2.2. Speech-Language Assessment

Speech and language were assessed using the tests used in clinical practice for decades
in Serbia, though not all are standardized.

The Peabody Picture Vocabulary Test—PPVT-III-HR [47] is a standardized test that
has been validated for use in children with SLI and is frequently employed as a tool for
assessing receptive vocabulary, such as knowledge of nouns, verbs, and adjectives. Also,
the test was validated for the Croatian-speaking population, and an adapted version is
currently being used in Serbia. Since Serbian and Croatian belong to the same language
group, the Croatian version adaptation was primarily based on certain term adjustments.
The test has 204 tasks grouped into 17 strings with 12 words each. Black and white drawings
are placed in front of the subject, i.e., four pictures, from which the subject must point out
the picture representing a named object, action, or phenomenon. Examining is carried out
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until the subject makes eight mistakes within one string. The examination stops when he
makes eight mistakes in one string for the first time, and a total score is formed. The raw
score is obtained by summing the correct answers, while the standard score is obtained by
converting the raw score, based on achievement and age.

The Boston Naming Test—BNT [48] was used to assess expressive vocabulary, i.e.,
object naming, in children and adults, with or without developmental and acquired speech
and language impairments [49]. Although it has not been specifically validated for use with
children with SLI, Isoaho, Kauppila [50], and Vukovic, Vukovic [51] used it in assessing
naming abilities in children with SLI. The test consists of 60 black-and-white drawings of
objects and assesses confrontational naming ability. Drawings are placed in front of the
subject, who is asked to name them. Suppose the subject cannot name the object from the
drawing. In that case, he can be given semantic support (explaining the term through its
description/function, for example, the explanation “What do we sleep on” is used for the
bed) or phonological support (given initial phoneme). All correct answers given by the
subjects without support, with semantic support, and with phonological support are scored.
Only the answers the respondents gave without support were scored, for this research. By
summing up the correct answers, a total score was obtained.

A shortened version of the Token Test [52] was used to assess auditory comprehension.
It is not officially standardized or validated for the Serbian language. However, it is used
in clinical practice in Serbia to assess auditory comprehension in children with SLI [8,10].
The test consists of 39 verbal commands, which are divided into six subscales, ranked
according to the degree of morphosyntactic complexity of the commands. Plastic tokens
of different sizes (small and large), colors (white, red, green, blue, yellow), and shapes
(circle and rectangle) are placed in front of the subject. The subject is then given verbal
commands that require the subject to perform a specific activity with the tokens (e.g., show
them, touch them, pick them up, touch each other, put them on top of each other. . .). The
tokens are placed in a fixed order according to the pre-existing rules. In 4 subscales, all
20 tokens are used, while in the other four subscales, only 10 tokens are used, i.e., only
large tokens. Before the examination, it is determined whether the subject distinguishes the
features of the visual material, i.e., whether he distinguishes shapes and colors. When it is
determined that it differs, the respondent is given an example to understand how the order
is executed. After the subject manipulates the tokens, the examiner returns them to their
initial position. Achievement on each task is graded as correct or incorrect. By summing
up the completed tasks, the total score is obtained.

Grammatical Judgment is a test constructed by the author for research purposes. The
test consists of 40 sentences, of which 20 are grammatical, and 20 are ungrammatical. The
sentences are formulated to be concise, not burdening the respondents’ working memory.
Agrammatic sentences are composed in such a way that the order of the words in the
sentence is not by the grammar of the Serbian language, or they contain inadequate use
of functional words (he came from his mother/the owl lives in the forest/we will go the
cinema) or inadequate morphological endings for the form. The subject reads a sentence
and is asked to say whether the sentence is correct or not. Before testing, the test taker is
given an example sentence to determine if they have understood the task. The respondent
is given the example “The mouse eats ham_” (with omission of the morphological mark for
case) and is asked if it is adequately said. After the respondent says the sentence adequately,
the testing starts. Each sentence is scored as pass or fail. The total score is obtained by
summing up the successful answers. The test is given in Appendix B.

The Children’s Grammar [10,53,54] was used to assess the expressive component of
grammar. This test was initially developed in Serbian and adapted for Serbian speakers.
It is commonly used to assess grammatical development in various language disorders.
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The mentioned instrument evaluates the use of the plural, gender, case, verbal nouns, pro-
nouns, adjectives, verb tenses, prepositions and adverbs, complex statements, interrogative
sentences, and interrogative-negative sentences. Each of the mentioned tasks consists of
visual material, where the examiner begins with pronouncing a particular sentence, which
the child should complete by producing a particular grammatical form. If there is a need for
it, the examiner provides the child with additional support in the form of an explanation
of what is in the picture so that the child can adequately produce the required shape. All
correct answers are scored; the score is obtained by adding up all successfully given answers.
A detailed description of the instrument is given in the work of Bogavac et al. [54].

The Global Articulation Test—GAT [53–55] was used to assess articulatory status.
This test was also initially developed in Serbia to assess the production of 30 sounds in
the Serbian language. The test consists of 30 bisyllabic words where the tested sounds
are positioned in medial (vowels) and initial (consonants) word positions. To identify
the type and degree of pathological pronunciation, the examiner-speech therapist relies
on auditory assessment of acoustic characteristics of the uttered sounds, simultaneously
observing the position of the child’s speech organs during pronunciation. By summing
correctly pronounced sounds, a score is obtained. A detailed description of the instrument
is provided in the work by Rakonjac et al. [55].

2.2.3. Cognitive Assessment

Cognitive skills were tested using Weschler’s Intelligence Scale for Children—Serbian
version (REVISK; [56]). The verbal and nonverbal intelligence scores were assessed by an
experienced child psychologist with experience in cognitive skills assessment.

2.3. Procedure

The research data were collected from February 2023 to September 2023 within the
Institute for Experimental Phonetics and Pathology “Ðord̄e Kostić”. Subjects were tested
in a quiet, plain room to eliminate most potential distractors. Only the participant and the
examiner were present in the room. An experienced speech-language pathologist assessed
visuo-perceptual and speech-language abilities, while an experienced psychologist assessed
cognitive skills. Since six tests were applied, the testing was done over two days to not
fatigue the participants. Before administering each test, the examiner provided examples
to ensure that the subject understood what was being asked of him. When the examiner
ensured that the subject understood the task, the research was started. If needed, the
speech-language therapist additionally directed the child’s attention before giving the
order or made additional breaks until the child was focused on the task again.

The complete study protocol was in accordance with the Ethical Principles in Medical
Research Involving Human Subjects, as established by the Declaration of Helsinki, and had
been approved by the Ethics Committee of the Institute for Experimental Phonetics and
Speech Pathology in Belgrade, Serbia (No S-23-01). The children’s parents gave written
informed consent for cognitive and speech-language assessment and participation in
this study.

2.4. Statistical Analysis

All data were analyzed using the SPSS 20.0 software package [57]. The total score
of all the applied tests was calculated. Then, the outliers were detected, and the scale’s
reliability was assessed. After that, descriptive statistics were conducted, the normality
of the distribution was tested, and accordingly, we made a decision to use the parametric
Chi-square test two groups comparison with normal distribution in terms of gender, and
Independent Samples t-test in terms of age and IQ. Differences between two groups in terms
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of investigated dependent variables were obtained using Univariate ANOVA. A p-value
equal to or less than 0.05 was considered statistically significant.

3. Results

The results of the Independent Samples t-test showed that there are no statistically
significant differences between groups regarding age (t (35) = 1.44, p = 0.16)), verbal
IQ (t (35) = 1.64, p = 0.11) and nonverbal IQ (t (35) = 0.75, p = 0.46). The results of Chi-
square test showed that there was no statistically significant difference between groups
regarding gender (χ2 (1) = 0.51, rϕ = 0.12, p = 0.48). The sample distribution regarding
gender, age, and intellectual status (IQv and IQm) is given in Table 1.

Table 1. Sample distribution regarding gender, age, and intellectual status (IQv and IQm).

Gender
Age IQm IQv Total

m f

Group I 15 (83.3%) 3 (16.7%) 87.56 (12.38) 103.44 (15.24) 89.11 (12.06) 18

Group II 14 (73.7%) 5 (26.3%) 81.84 (11.75) 100.05 (12.15) 82.42 (12.72) 19
Note: The age of the respondents is shown in months.

By summing the correct answers, the results of each test were obtained. The average
score on the ROCF for the entire sample was M = 15.88 (SD = 7.35), while that of group I
was M = 19.78 (SD = 7.49), and that of group II was M = 12.18 (SD = 5.04). The t-test results
for independent samples showed a statistically significant difference between children
with RD who used different strategies regarding ROCF scores. Those who used strat-
egy II (M = 19.78, SD = 7.49) showed statistically significantly better results (t (35) = 3.64,
p = 0.001) than those who used strategy IV (M = 12.18, SD = 5.04). Average scores, mea-
sures of descriptive statistics for the ROCF, and applied speech-language tests are given in
Table 2.

Table 2. Descriptive statistics of all applied tests.

M SD Min Max

ROCF
Group I 19.78 7.49 6 33
Group II 12.18 5.04 6 23.5

PPVT-III-HR
Group I 85.00 19.91 43 110
Group II 85.16 12.39 64 104

BNT
Group I 27.22 6.25 14 36
Group II 25.74 6.04 16 36

Token Test
Group I 95.67 34.54 28 135
Group II 79.37 29.59 39 135

Grammatical Judgment Group I 31.11 4.46 21 38
Group II 25.32 6.65 11 37

The Children’s Grammar
Group I 18.94 3.06 13 23
Group II 14.84 4.73 6 25

GAT
Group I 27.22 1.90 23 30
Group II 24.58 2.44 20 30

The results of the Univariate ANOVA showed that there is a statistically significant
difference between the two groups of children who used a different strategy when copying
the ROCF on the Grammatical Judgment test (F (1, 35) = 9.58, p = 0.004, η2 = 0.21), the
Children’s Grammar (F (1, 35) = 9.70, p = 0.004, η2 = 0.22), and the GAT (F (1, 35) = 15.09,
p < 0.001, η2 = 0.30). On other tests (PPVT-III-HR, BNT, and Token Test), no statistically
significant difference was found between the two groups (p > 0.05).
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4. Discussion

Our results showed that 11 children with SLI (45.8%) used a conceptual strategy, start-
ing by tracing the rectangle and then adding associated details. Conversely, more children
with SLI (54.2%) used a less mature strategy, namely a fragmented strategy characterized
by drawing in fragments, part by part, related to the central rectangle. In other words,
these children did not demonstrate an organized structure when copying the given figure.
The fragmented strategy indicates a partial approach to the figure and an inability to
integrate and connect parts into a whole [58]. The inability to integrate parts into a whole
and perceive gestalt is associated with immature and undeveloped executive functions,
particularly planning, conceptual reasoning, and problem-solving abilities [41,59]. Apart
from the correlation between planning and using specific strategies, authors Larson, Gan-
gopadhyay, Kaushanskaya, and Weismer [60] have found a link between planning abilities
and language skills. They identified that children with SLI and poorer language abilities
struggle more with planning [60]. Abdul Aziz and colleagues [61] have demonstrated
that children with SLI follow a different and slower trajectory in developing inner speech,
which is crucial for planning and directing behavior, serving as a verbal mediator [62].

It is traditionally believed that children with SLI exhibit a similar developmental
pattern of executive functions as typically developing children, given the fact that SLI is
exclusively characterized by a language development disorder [1]. However, a growing
body of evidence suggests the presence of non-linguistic deficits in children with SLI [63,64].
For instance, Kiselev [43] suggests that children with SLI use less accurate, less mature, and
fragmented strategies and exhibit subtle deficits in processing configurational information.
Based on this, the authors suggest that children with grammatical SLI have a deficit in
a specific brain mechanism responsible for holistic synthesis, resulting in simultaneous
deficits in both linguistic and non-linguistic domains [15].

In the work of Akshoomoff et al. [24], poorer performance was observed in children
with SLI on the ROCF compared to typically developing peers matched by age. These
results indicate less mature and less efficient approaches to visuospatial tasks or subtle
deficits in visuospatial processing tasks. Our study results showed that children using a
more mature strategy also had more drawn elements or a higher score on this test, consistent
with findings from other authors [65,66]. Some authors [25,26,37] confirm that children with
SLI have deficits in executive functions, affecting both verbal and nonverbal components.
Furthermore, children with SLI during visuospatial working memory tasks [28] exhibit
impaired verbal working memory [3] and impaired visuospatial working memory due to
reduced visuospatial storage and inefficient verbal coding.

When considering the impact of the applied copying strategy on language abilities,
the results of our study showed a statistically significant difference between the groups
examined in expressive and receptive components of grammar, as well as articulation status.
In contrast, no statistically significant difference was found between groups regarding
receptive and expressive vocabulary and comprehension. Children who used a more
mature strategy achieved better results on all mentioned tests. The link between the
chosen strategy and grammatical abilities finds its basis in Luria’s theory regarding the
influence of spatial perception on grammatical abilities. According to Luria, these abilities
may share underlying mechanisms. Both abilities require: 1. the ability to segment
the input into parts; 2. understanding that certain parts can be assembled together as
components of a recognizable structure of a known type; and 3. an understanding of the
whole regarding the relationship between these parts [15]. According to the ROCF, the
participant must perceive the parts and the whole of the presented figure. Similarly, in
processing the grammar of spoken discourse, it is necessary to recognize each word and
understand its relationship with other words to interpret adequately and understand the
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sentence. Understanding grammar and its correct usage requires simultaneous processing
of words and morphemes received auditorily. Since children with SLI have difficulty in
the simultaneous processing of auditorily presented information, it is considered that they
cannot identify and understand constant changes in morphological and syntactic patterns.
As a result, they struggle to follow all language rules along with the changes in the dynamic
environment of conversation [6].

Furthermore, another potential explanation for such results is the inability to integrate
audio-visual stimuli, which also contributes to language deficits in SLI. This explanation
is consistent with the results of our study. Specifically, in the Grammatical Judgment and
GAT, participants were required to understand and then successfully perform tasks based
on visual inspection of the examiner and auditory presentation of stimuli. Grammatical
Judgment was determining if a sentence was grammatically correct, and for GAT, it was
repeating a word with a target phoneme while watching and listening to the examiner.
Children with SLI who use less mature figure copying strategies may achieve lower scores
on grammar and articulation tests because they cannot integrate what they hear and
see, i.e., they cannot adequately process speech-language information. This difficulty is
particularly observed when lip-reading, as they cannot process and respond to information
appropriately. Similar to our results are findings from other authors. For instance, Norrix,
Plante, Vance, and Boliek [28] examined the McGurk task in children with SLI. In this task,
children were audibly presented with the syllable/bi/and visually presented with/gi/to
determine whether participants relied more on auditory or visual information. Using the
McGurk task, these authors found that children with SLI relied less on visual information
than their typically developing peers. They concluded that, in addition to deficits in
auditory perception exhibited by these children, they also experience difficulties in audio-
visual processing. Furthermore, results from the same study indicate that children with SLI
exhibit poorer performance than the control group in detecting audio-visual asynchronies
in human and synthetic speech. Additionally, Kaganovich, Schumaker, and Rovland [67]
also reported that children with SLI are less sensitive to matching auditory words with
visual articulations. They suggest that this reflects difficulties in connecting what they
hear (speech sounds) with what they see (visible movements of speech organs during
articulation). Pons, Sanz-Torrent, Ferinu, Birules, and Andreu [68] conducted a study to
investigate whether children with SLI might show reduced attention to the talker’s mouth.
The results showed that these children did not demonstrate a preference for mouths or
eyes. Their gaze was equally directed toward both, indicating a deficit in perceiving
and integrating audio-visual cues in speech. In other words, these results indicate that
children with SLI look less at mouths as a group than typically developing peers [68].
These findings are consistent with those of Heikkila et al. [69], which found that 7-year-old
children with SLI look significantly less at lips compared to their typical peers. Similarly,
Meronen et al. [70] reported reduced reliance on lip-reading in noisy situations.

Although participants in the first group who used a more mature strategy showed
higher scores on each test, the observed differences on vocabulary tests (PPVT-III-HR
and BNT) and comprehension tests (Token Test) were not statistically significantly better
compared to the group of children with SLI who applied a less mature strategy. The nature
of the tasks in the applied tests can explain these findings. The PPVT-III-HR test requires
children to point out the requested term, i.e., “Show where the child is”, using visually
presented stimuli (pictures with minimal detail). The BNT requires children to name
pictures and answer a basic question, “What is this?” Children found it more accessible,
and deficits in audio-visual integration were less noticeable when presented with tasks
involving visually presented stimuli or pictures. During the Token Test, children looked
at tokens placed in front of them and manipulated them. In contrast, tasks that required

83



Diagnostics 2025, 15, 851

listening and observing the examiner (in tests assessing grammar and articulation status)
more heavily challenged audio-visual integration. Therefore, it is possible that in tasks
of that nature, visual strategies had a more significant impact on language abilities in
grammar and articulation.

The results indicate the significance of visual perception and organization abilities in
developing language skills, highlighting that these abilities cannot be viewed separately
from linguistic functions. As noted by some authors, speech perception is a multimodal
process that requires the integration of auditory and visual inputs [71]. Studies using the
McGurk effect have also shown that audio-visual perception and integration are present
even in very young children and play a significant role in developing speech and language
abilities [72,73]. Audio-visual integration is also observed in older children and adults, and
it plays an important role in understanding speech in everyday social situations. Although
the study sample is small, the results can have practical implications and guide therapeutic
work with children with SLI. Before starting the treatment, children should be assessed
to determine their levels of both linguistic and non-linguistic abilities. Consequently, the
treatment methodology should be adjusted to emphasize visual abilities and ensure that
visual perception fulfils its function, ultimately improving the impact of visual perception in
therapy. This will help integrate visual and auditory stimuli, improving speech perception.
The treatment should also include exercises to improve the ability to perceive wholes.
Furthermore, this study may provide direction for future research. Examining auditory
perception alongside visual perception would contribute to a better understanding of the
phenomenology of SLI and the specifics of auditory and visual stimulus processing. This
approach could foster a holistic view of this disorder.

5. Conclusions

This study investigated the link between visual perception/organization and language
abilities in children with SLI. Based on the results, the following conclusions can be drawn:

• Among children with SLI up to 9, two strategies were identified while copying the Rey-
Osterrieth Complex Figure: some employed a mature strategy using gestalt principles
to integrate parts into a whole. In contrast, others used a fragmented strategy, copying
parts of the figure without clear organization or integration into a whole.

• Children with SLI who used a less mature drawing strategy particularly exhibited
deficits in processing linguistic information requiring simultaneous listening and
observing of the examiner.

• The results support the conclusion that there are neurocognitive mechanisms underly-
ing both grammatical deficits and visuospatial deficits.

The results indicate a link between visual strategy and performance on speech-
language tests based on audio-visual perception. However, it remains an open question
whether visual perception is the cause of poorer outcomes or if both are rooted in shared
neurocognitive processes. Further research is necessary to answer this question. Also,
these findings suggest that children with SLI are not a homogeneous group in terms of
visual strategies. They support the existence of perceptual and visuospatial deficits in SLI,
not just linguistic deficits, as previously believed. Our study has identified perceptual,
visuospatial, and audio-visual integration difficulties in individuals with SLI. However,
the extent, nature, and significance of these difficulties in relation to SLI remain uncertain.
It is unclear whether they represent core features of the condition or co-occurring charac-
teristics influenced by other factors. Further research is needed to better understand their
prevalence, underlying mechanisms, and potential relevance to classification and diagnosis.
Furthermore, the findings of this study may have implications for speech-language inter-
vention, suggesting that therapeutic approaches could benefit from integrating targeted
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support for visual-perceptual, visuospatial, and executive functions. Given the potential
role of multisensory processing in language development, interventions that incorporate
training in audio-visual integration may facilitate more efficient speech perception and
linguistic processing. Additionally, structured activities designed to enhance visuospatial
and perceptual skills, such as spatial reasoning tasks and visual tracking exercises, may
contribute to improvements in cognitive processing. Moreover, interventions aimed at
strengthening executive functions, including working memory, cognitive flexibility, and
attentional control, could support broader language and cognitive outcomes. Adaptive
therapeutic strategies that tailor interventions to individual cognitive profiles, incorpo-
rating structured visual cues and multimodal learning techniques, may further enhance
intervention efficacy. However, the extent to which these approaches are effective in clinical
practice remains to be determined, necessitating further empirical research to assess their
impact and refine their implementation. These considerations may contribute to a more
comprehensive framework for understanding and assessing SLI, although further empirical
research is needed to validate their significance and clinical applicability.
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GAT The Global Articulation Test

Appendix A. Strategies Used When Copying ROCF

Strategy 1—excellent organization; a drawing started with a large rectangle, and other
elements are then added to it;

Strategy 2—conceptual strategy, first copying the details that are related to the central
rectangle or with some part of it, then finishing the rectangle and adding parts;

Strategy 3—part-configural organization; drawing the outer frame without highlight-
ing the rectangles, then internal elements are drawn;
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Strategy 4—fragmented organization, arranging the details found in the drawing
without an organized structure;

Strategy 5—random organization with copying individual parts of the figure without
organizing the whole;

Strategy 6—replacing the figure with another object;
Strategy 7—unrecognizable; the subject may draw a substitution or an unrecogniz-

able scrawl.

Appendix B. Grammatical Judgment Test

1. Pas grize mačka.
The dog bites the cat_. (incorrect case mark of noun cat)

2. On će da ide kod zubara.
He is going to go to the dentist. (grammatically correct sentence)

3. Slika je iznad kreveta.
The picture is above the bed. (grammatically correct sentence)

4. To je staklena vaza.
It’s a glass vase. (grammatically correct sentence)

5. Luka i Aleksa čita knjigu.
Luke and Alexa (3.m.pl.) read (3.m.sg.) the book. (incorrect verb form regarding verb
number)

6. Ja se zovem Marko.
I am Marco. (grammatically correct sentence)

7. On se kupa.
He is taking a bath. (grammatically correct sentence)

8. Ja neće supu.
I (1.sg.) doesn’t want (3.sg.) a soup. (incorrect verb form regarding verb person)

9. Sofija i njena sestra idu u vrtić.
Sofia and her sister are going to kindergarten. (grammatically correct sentence)

10. Dečaka guraju devojčica.
The girl (3.sg) push (3. pl) the boy. (incorrect verb agreement)

11. Oblači ona se.
Dressed she getting is. (incorrect word order)

12. Devojčica drži lutku.
The girl is hanging a doll. (grammatically correct sentence)

13. Dečak ne majku budi.
The boy doesn’t mom wake up. (incorrect word order)

14. Dečaka gura devojčicu.
The boy (acc. sg.) pushes the girl (acc. sg.). (both of the subject and object are given in
accusative case)

15. Mama ljulja bebi.
The mom rocks the baby (dat. sg.). (incorrect case mark—dative case instead of
accusative case)

16. On neće da kupi olovku.
He won’t buy a pen. (grammatically correct sentence)
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17. Vidi, eno ga Sara!
Look, there he is, it’s Sara! (incorrect pronoun)

18. Mama je bio na bazenu.
Mom (f.) was (m.) at the pool. (incorrect subject-verb agreement regarding gender)

19. On češlja svako jutro.
He _ combs his hair every morning. (omission of reflexive pronoun)

20. Marina će da ide kući.
Marina is going to go home. (grammatically correct sentence)

21. Lazar neće jede bananu.
Lazar is not going _ eat a banana. (omission of conjunction to)

22. Moj drug David i njen mama idu u prodavnicu.
My friend David and her mom are going to the store. (inadequate use of pronoun
regarding gender)

23. Slona hrane deca.
The kids are feeding the elephant. (grammatically correct sentence)

24. Sneg pada juče.
It is snowing yesterday. (incorrect verb form regarding tense agreement)

25. Vuk je pojurio lisicu.
The wolf chased the fox. (grammatically correct sentence)

26. Kiša je padala pre dva dana.
It rained two days ago. (grammatically correct sentence)

27. On je došao mamom.
He came _ mom. (omission of preposition with)

28. Pčela živi u košnici.
A bee lives in a hive. (grammatically correct sentence)

29. Lopta je ispod sto.
The ball is under the table_. (incorrect case mark)

30. Ja sam se igrao sa sekom.
I was playing with my sister. (grammatically correct sentence)

31. Lekar ne prodaje cveće.
The doctor doesn’t sell flowers. (grammatically correct sentence)

32. Sova živi šuma.
The owl lives _ the wood. (omission of preposition in)

33. Oni šetaju kroz šumu.
They walk through the forest. (grammatically correct sentence)

34. To je plava sto.
It’s a blue (f.sg.) desk (m.sg.). (incorrect noun-adjective agreement)

35. Mama gura kolica.
Mom pushes the stroller. (grammatically correct sentence)

36. Ema se obuva.
Ema is putting on her shoes. (grammatically correct sentence)

37. Mi cemo idemo u bioskop.
We are going _ go to the cinema. (omission of conjunction to)
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38. Moj brat je bio u zoološkom vrtu.
My brother was at the zoo. (grammatically correct sentence)

39. Ja se zove Petar.
I is Peter. (incorrect verb form regarding person form)

40. Ja hoću vodu.
I want a water. (grammatically correct sentence)
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Nacionalni Naučni Skup “Obrazovanje i Rehabilitacija Odraslih Osoba sa Smetnjama u Razvoju i Problemima u Ponašanju”,
Belgrade, Serbia, 21 December 2022; University of Belgrade Faculty of Special Education and Rehabilitation (FSE): Belgrade,
Serbia, 2022; pp. 111–120.

89



Diagnostics 2025, 15, 851

50. Isoaho, P.; Kauppila, T.; Launonen, K. Specific language impairment (SLI) and reading development in early school years. Child
Lang. Teach. Ther. 2016, 32, 147–157. [CrossRef]

51. Vukovic, M.; Vukovic, I.; Stojanovik, V. Investigation of language and motor skills in Serbian speaking children with specific
language impairment and in typically developing children. Res. Dev. Disabil. 2010, 31, 1633–1644. [CrossRef]

52. Spellacy, F.J.; Spreen, O. A short form of the Token Test. Cortex 1969, 5, 390–397. [CrossRef]
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In the original publication [1], there was a transcription error in the mathemat-
ical expressions of the conversion formulae between the Lumipulse™ and Ella™ as-
says derived from the Passing–Bablok regression model. A correction has been made
to Section 3 Results, Paragraphs 7 and 8 with equations, as follows:

When only Ella™ is available, the formulae used to obtain the corresponding value in
Lumipulse™ (y) in relation to Ella™ (x) are

y(Lumipulse™) = 0.8261 × x(Ella™) − 45.38 (for CSF)

y(Lumipulse™) = 0.5775 × x(Ella™) + 7.543 (for serum)

On the other hand, when only Lumipulse™ (y) is available, the formulae used to
obtain the corresponding Ella™ (x) value are

x(Ella™) = 1.211 × y(Lumipulse™) + 45.38 (for CSF)

x(Ella™) = 1.732 × y(Lumipulse™) − 7.543 (for serum)

The authors state that the scientific conclusions are unaffected. This correction was
approved by the Academic Editor. The original publication has also been updated.
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Abstract: Objective: Neurofilament light chain proteins (NfLs) are considered a promising biomarker
of neuroaxonal damage in several neurological diseases. Their measurement in the serum and
cerebrospinal fluid (CSF) of patients with dementia may be especially useful. Our aim was to compare
the NfL measurement performance of two advanced technologies, specifically the Ella™ microfluidic
platform and the Lumipulse™ fully automated system, in patients with cognitive disorders. Methods:
Thirty subjects with neurodegenerative cognitive disorders (10 with Alzheimer’s Disease, 10 with
Frontotemporal Dementia, and 10 with non-progressive Mild Cognitive Impairment) seen at the
Cognitive Neurology Clinic of Modena University Hospital (Italy) underwent CSF and serum NfL
measurement with both the Ella™ microfluidic platform (Bio-Techne, Minneapolis, MN, USA)) and
the Lumipulse™ fully automated system for the CLEIA (Fujirebio Inc., Ghent, Belgium). Correlation
and regression analyses were applied to assess the association between NfL concentrations obtained
with the two assays in CSF and serum. The Passing–Bablok regression method was employed to
evaluate the agreement between the assays. Results: There were high correlations between the two
assays (r = 0.976, 95% CI. 0.950–0.989 for CSF vs. r = 0.923, 95% CI 0.842–0.964 for serum). A Passing–
Bablok regression model was estimated to explain the relationship between the two assays, allowing
us to switch from one to the other when only one assay was available. Conclusions: We found a good
degree of correlation between the two methods in patients with neurocognitive disorders. We also
established a method that will allow comparisons between results obtained with either technique,
allowing for meta-analyses and larger sample sizes.

Keywords: assays; cerebrospinal fluid; dementia; neurofilament light chain protein; serum

1. Introduction

Neurofilament light chain proteins (NfLs) are class IV intermediate filament proteins of
68 kDa and represent the most abundant intermediate filament protein expressed in mature

Diagnostics 2024, 14, 2408. https://doi.org/10.3390/diagnostics14212408 https://www.mdpi.com/journal/diagnostics93



Diagnostics 2024, 14, 2408

neurons, providing structural stability and resistance to mechanical stress [1]. After neu-
ronal and axonal damage, increased quantities of NfLs are released into the cerebrospinal
fluid (CSF) and drained into the blood [2,3]. Among other classes of neurofilaments (heavy
and medium chain), NfLs are considered one of the most promising biomarkers, reflecting
neuroaxonal damage in a wide variety of neurological diseases [4,5]. Recent studies have
also suggested that an altered permeability of the blood–brain barrier and blood–CSF
barrier can influence blood NfL concentrations, although the exact influence of such barrier
permeability remains to be elucidated [6,7].

In the past three decades, ultrasensitive immunoassay technologies have been de-
veloped with the purpose of making these biomarkers more clinically useful. With these
improvements, NfLs have begun to be measured in blood, with studies reporting high
correlations between serum and CSF levels [2,8,9]. The gold standard for NfL measure-
ment in terms of sensitivity is the single-molecule array (SIMOA™) digital immunoassay
technology from Quanterix. However, the assay cost often represents a limitation to its
availability in clinical laboratories. A recently introduced and cheaper ultrasensitive assay
based on a microfluidic enzyme-linked immunosorbent assay (ELISA) system is Ella™
from Bio-Techne [10–12]. Ella™ performs immunoassays in a microfluidic cartridge, mea-
suring up to 72 samples in triplicate inside glass nanoreactors using a fluorescent substrate.
Another very recent introduction is the assay based on the Lumipulse™ platform from
Fujirebio Inc. It is a fully automated chemiluminescent enzyme immunoassay (CLEIA),
allowing for fully automated processing of samples. The capturing antibody is combined
with a detection antibody directly labelled with alkaline phosphatase [13].

As of today, only one study conducted in patients with multiple sclerosis directly
compared the performance of the Ella™ and Lumipulse™ assays [11]. No studies have
compared these assays in patients with cognitive impairment due to neurodegenerative
dementias such as Alzheimer’s Disease (AD) and Frontotemporal Dementia (FTD). We
performed a comparative analysis of NfL measurement in both CSF and serum samples
from patients with cognitive disorders using two advanced technologies, specifically the
Ella™ microfluidic platform and the Lumipulse™ fully automated system.

2. Materials and Methods

2.1. Study Population and Sample Collection

Thirty consecutive eligible subjects seen at the Cognitive Neurology Clinic of Mod-
ena University Hospital, Northern Italy, who had undergone blood testing and lumbar
puncture as part of their diagnostic workup and had been clinically followed-up for two
years, were recruited. They were included in the present study if they had one of the
following clinical diagnoses: probable AD supported by abnormal CSF tau and amyloid
biomarkers [14], FTD including its behavioural and aphasic variants [15,16], and non-
progressive cognitive impairment. The latter diagnostic group included subjects that had
initially received a clinical diagnosis of Mild Cognitive Impairment (MCI) [17] or Mild
Neurocognitive Disorder [18] but were found to have normal CSF AD biomarkers and
normal structural magnetic resonance imaging of the brain and remained clinically stable
for at least 2 years. All individuals had provided written informed consent for the use
of CSF and serum samples and personal data for both diagnostic and research purposes
before sample collection (Ethics Committee approvals no 26/2017, 372/2021).

Clinical diagnoses were given by a team that included neurologists with expertise
in cognitive disorders (AC, MT, GV, GZ) through neurological, neuroimaging, and neu-
ropsychological assessments. For each patient, data on sex, age, and mini-mental state
examination (MMSE) at the time of sampling were collected. Venepunctures and lumbar
punctures were performed in the morning in fasting patients. Standard International
Procedures for CSF and serum biobanking were followed [19], as previously described in
detail [20–22]. Samples were immediately anonymized using an alphanumeric code upon
their arrival at the neuro-immunology laboratory, located at the same University Hospital,
and processed within 30 min. After centrifugation at 2500× g for 10 min at controlled room
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temperature, the sample supernatant was aliquoted into polypropylene sterile vials and
kept frozen at −80 ◦C until analysis. Before testing, samples were thawed and centrifuged
at 2500× g for 5 min in strict accordance with the manufacturer’s protocols.

2.2. NfL Assays

CSF and serum NfL concentrations were assessed using two platforms: the commer-
cial Ella™ microfluidic platform (Bio-Techne, Minneapolis, USA) and the Lumipulse™
fully automated system for the CLEIA (Fujirebio Inc., Ghent, Belgium). The Ella™ device
utilized the Human NF-L Simple Plex cartridge-based assay (ProteinSimple, San Jose, CA,
USA), following the manufacturer’s instructions. The Lumipulse™ G600II fully automated
instrument employed Lumipulse G NfL CSF and Lumipulse G NfL Blood Chemilumi-
nescent Enzyme ImmunoAssays. Ella™ was considered the reference method, given its
previous utilization, validation, and standardization in our neurology clinic [23,24]. The
main characteristics of the two assays are reported in Table S1. Serum and CSF dilutions
were manually performed for Ella™ according to the strictly recommended procedures of
the manufacturer.

2.3. Statistical Analysis

Statistical analyses were performed using Stata statistical software (Stata 18.0-SE,
StataCorp LLC, College Station, TX, USA, 2023) and MATLAB version R2022b [25]. The
Shapiro–Wilk test was used to check the normality of the distribution of NfL concentrations
in CSF and serum for both assays. As none of the variables were found to be normally
distributed, Spearman correlations were used to test the association between serum and
CSF NfL concentrations in the same sample series.

Crude and adjusted models were used to perform linear and spline regression analyses
to assess the association between NfL concentrations in CSF and serum with the two assays.
In the adjusted model, age was used as a continuous adjustment variable. Beta linear
regression coefficients (β), with their 95% confidence intervals (CIs), were computed
for each regression analysis to compare the effect strength of each independent variable
(NfL levels measured with Ella™) on the dependent variable (NfL levels measured with
Lumipulse™). To assess the potential non-linearity of our associations, we used regression
analyses fitted on a restricted cubic spline model using three knots at fixed percentiles
(10th, 50th, and 90th) previously implemented [26,27]. Linear and spline fits were then
compared using ANOVA. The Passing–Bablok regression method was also employed to
evaluate agreement between assays.

3. Results

The characteristics of the subjects included in the study are reported in Table 1. The
median concentrations of CSF and serum NfL were, respectively, 879 pg/mL (interquar-
tile range (IQR) 510–3641 pg/mL) and 21.00 pg/mL (13.30–58.40 pg/mL) with Ella™
and 735.50 pg/mL (IQR 365–2897 pg/mL) and 21.26 pg/mL (15.54–43.69 pg/mL) with
Lumipulse™ (Table 1 and Figure 1).

The median NfL levels were found to be higher in males compared to females, with
the NfL serum levels measured with Ella™ showing the weakest difference between sexes
(Table S2). As for the diagnostic group, NfL concentrations measured through the two
assays in both blood and CSF were higher in FTD compared to AD and non-progressive
MCI, as well in AD compared to non-progressive MCI.

The results of the Spearman correlations are reported in Table 2, showing a high level
of correlation between the two assays. The CSF NfL concentration demonstrated a slightly
stronger correlation compared to that in serum.
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Table 1. Median and interquartile range (IQR) concentrations of age, mini-mental state examination
(MMSE) score, and neurofilament light chain (NfL) according to platform used and divided by
diagnostic subgroup.

All (n = 30)
N-P Cognitive

Impairment (n = 10)
AD (n = 10) FTD (n= 10)

Median IQR Median IQR Median IQR Median IQR

Age (years) 61 54–66 51 43–56 60 56–66 67 63–68

MMSE (score) 27 23–28 29 27–30 25 24–27 23 19–27

Disease
duration (months)

24 13–45 29 12–57 14 11–38 24 18–43

NfL CSF (pg/mL)

EllaTM 879.0 510.0–3641.0 411.0 286.0–510.0 879.0 690.0–1166.0 6235.5 3641.0–7309.0

LumipulseTM 735.5 365.0–2897.0 293.5 209.0–365.0 735.5 648.0–859.0 4785.0 2897.0–6443.0

NfL serum (pg/mL)

EllaTM 21.00 13.30–58.40 11.15 7.69–17.40 21.60 15.80–27.70 109.00 62.60–137.00

LumipulseTM 21.26 15.54–43.69 14.64 13.78–16.53 20.53 16.73–25.55 63.82 43.69–91.65

Notes: AD, Alzheimer’s Dementia; CSF, cerebrospinal fluid; FTD, Frontotemporal Dementia; N-P,
non-progressive.

Figure 1. Cont.
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Figure 1. Boxplots of median neurofilament light chain (NfL) (in pg/mL) concentrations in cere-
brospinal fluid (CSF) and serum using the two assays (Ella™ and Lumipulse™).

Table 2. Spearman’s correlation between neurofilament light chain (NfL) in cerebrospinal fluid (CSF)
and serum measured with Ella™ and Lumipulse™.

Ella™ Versus Lumipulse™

r 95% CI

NfL CSF 0.976 0.950, 0.989

NfL serum 0.923 0.842, 0.964

The variance explained by the linear regression models was high for both serum and
CSF (adjusted R2 = 0.908 for CSF vs. adjusted R2 = 0.885 for serum). According to the
results of the models, both the serum and CSF levels measured with the two assays were
linearly dependent (β: 0.77, 95% CI 0.68–0.86 for CSF vs. β: 0.64, 95% CI 0.55–0.73 for
serum). Table S3 reports the crude and adjusted-by-age linear regression models explaining
the relationship between the two assays.

The spline regression analysis using Ella™ as a reference method (independent vari-
able) also explained the high variance (adjusted R2 = 0.920 for CSF vs. adjusted R2 = 0.881
for serum). However, the ANOVA showed no statistically significant difference between
the linear and spline models (p = 0.096 for CSF vs. p = 0.567 for serum), indicating that the
two assays were almost linearly dependent (Figure 2).
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Figure 2. Spline regression analysis of neurofilament light chain (NfL) concentrations using the two
assays (Ella™ and Lumipulse™). The solid line represents the regression analysis with upper and
lower confidence interval limits (shaded grey area). Diamonds represent individual observations.

The relationship among variables was also examined using a scatterplot matrix and
showed a good correlation between NfL CSF and serum levels in both assays (Figure S1).

Given the non-normal distribution of data, we used the non-parametric Passing–
Bablok regression model to estimate a formula that explains the relationship between the
two assays, allowing for the estimation of the values with one method when only the other
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is available and vice versa. When only Ella™ is available, the formulae used to obtain the
corresponding value in Lumipulse™ (y) in relation to Ella™ (x) are

y(Lumipulse™) = 0.8261 × x(Ella™) − 45.38 (for CSF)

y(Lumipulse™) = 0.5775 × x(Ella™) + 7.543 (for serum)

On the other hand, when only Lumipulse™ (y) is available, the formulae used to
obtain the corresponding Ella™ (x) value are

x(Ella™) = 1.211 × y(Lumipulse™) + 45.38 (for CSF)

x(Ella™) = 1.732 × y(Lumipulse™) − 7.543 (for serum)

As for the equations, the slope of the Passing–Bablok regression line is reported
in Table 3. The 95% CI of the slope does not include 1, which indicates a significant
proportional difference between the two methods. Consequently, the application of a
correction coefficient is necessary (Table 3 and Figure 3).

Table 3. Passing–Bablok regression between Ella™ and Lumipulse™ neurofilament light chain (NfL)
concentrations in cerebrospinal fluid (CSF) and serum. Values are intercept and slope with 95%
confidence intervals (CI).

Parameter Estimate 95% CI

NfL CSF

Intercept −45.38 −118.58, 29.42

Slope 0.8261 0.7038, 0.9289

NfL serum

Intercept 7.543 5.828, 8.935

Slope 0.5775 0.5372, 0.6254

Figure 3. Cont.
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Figure 3. Passing–Bablok regression analysis of neurofilament light chain (NfL) concentration
calculated with 30 samples by the Ella™ platform compared to the Lumipulse™ platform. Results
are shown both on linear and logarithmic scales. Solid blue line: Passing–Bablok regression line;
dashed red line: identity line; dashed grey lines: 95% confidence intervals. These graphics may be
interpreted as follows: if the red identity line is outside of the credible intervals of the Passing–Bablok
regression line, this indicates a proportional difference between the two assays and thus a need for
correction.

4. Discussion

The quantification of NfL concentrations in CSF and serum is gaining increasing
importance in the diagnosis of several neurological conditions and is especially promising in
neurodegenerative disorders associated with dementia [28–32]. In this study, we compared
CSF and serum NfL levels in patients with cognitive disorders due to different diseases (AD,
FTD, and non-progressive MCI), measuring them with two different assays: Lumipulse™
and Ella™. We demonstrated that, albeit highly correlated, the two methods show a
significant proportional difference. We therefore estimated for the first time a formula
allowing for the conversion from one to the other assay.

To the best of our knowledge, no previous similar comparisons have been made in
patients with cognitive impairment or neurodegenerative diseases, as only one study to
date has reported comparisons of NfL levels with Ella™ and Lumipulse™ in patients
with multiple sclerosis [11]. Several studies, instead, have compared Ella™ with SIMOA™
technology. In these studies, the differences between the two assays were ascribed to the use
of different calibrators, namely naturally derived bovine NfLs for Ella™ and recombinant
human NfLs for SIMOA™ [33]. In our study, this should not be an issue as Lumipulse™,
like Ella™, uses a naturally derived bovine NfL calibrator.

Globally, the results obtained showed a very high level of correlation with the cal-
culated correlation coefficients of 0.976 and 0.923 for CSF and serum, respectively. These
findings confirm a good degree of correlation between different assays, similarly to what
was reported in studies comparing Ella™ to SIMOA™ assays in patients with multiple
sclerosis and dementia [12,33]. To date, no studies in patients with dementia or cognitive
impairment have used the Lumipulse™ instrument to measure NfL concentrations, as they
have only used Ella™, SIMOA™, or manual ELISA techniques [34–38]. The good degree of
correlation between the two methods and the estimation of conversion formulae will allow
for comparisons of results obtained with either method. Importantly, it will also allow for
the merging of datasets in which NfLs were measured with either technique with the goal
of obtaining larger population samples and performing comparisons and meta-analyses.
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We observed that the CSF concentrations exceeded those in the serum with both the
assays, being 42- and 35-fold higher using Lumipulse™ and ELLA™, respectively. This is
in line with previous studies, which have consistently shown that serum NfLs are a reliable
proxy for CSF NfL concentrations in different neurological diseases, albeit measurable in
smaller concentrations [24,39–41].

We found that the measurements of NfL levels obtained with the two assays were
more strongly correlated in the CSF compared to the serum in our cohort of patients with
cognitive impairment. This is in line with the findings of a recent study comparing the two
assays in patients with multiple sclerosis [11] and may be explained by the fact that several
factors that affect NfL levels in the serum, such as creatinine and cholesterol levels, do not
pass the blood–CSF barrier and thus do not influence NfL levels in the CSF [42,43].

Besides pathological conditions, it is well known that the levels of NfLs in both
CSF and serum increase with age [44,45]. We found that the adjustment for age did not
substantially change the linear relationship between the measurements obtained with the
two different assays; thus, the conversion formula from one to the other assay that we
estimated can be used independently of age for people in the investigated age spectrum.

Our study has limitations. First, the size of our dataset is limited to 30 subjects.
However, the univariate analysis previously described is also applicable in the context of a
limitless sample size, and the narrow width of the confidence intervals suggests the stability
of the regression models across subjects. Moreover, our results will inherently allow us to
move towards larger datasets obtained from combining smaller datasets. Moreover, we
cannot ignore that patients with stable MCI for at least 2 years could possibly develop
dementia after the end of the follow-up; nevertheless, even considering this possibility, the
good correlation between the two methods and the estimation of the conversion formula
remains valid.

Our study also has strengths: we purposefully included a sample of patients with the
two most common neurodegenerative dementias (AD and FTD) as well as a sample of
subjects with cognitive concerns without any biomarker abnormality or clinical evidence of
progression, allowing us to verify the correspondence between the two different method-
ologies for NfL measurement across a spectrum of patients representative of those usually
presenting in cognitive neurology clinics, for whom the measurement of NfLs will likely
become part of the routine diagnostic pathway in the near future.

5. Conclusions

In conclusion, the quantification of NfLs is gaining an increasingly important role
in neurodegenerative diseases associated with dementia; thus, it is essential to know
all the possible sources of variation in their measurement, including the type of assay.
NfL dosing in dementia research undoubtedly offers a promising avenue for advancing
early detection and differential diagnosis between different types of dementia and for
monitoring therapeutic interventions. By establishing a reliable conversion factor, the
results of different studies can be fully compared, even when values are obtained with
different methods in different biological fluids. In this context, it is important to enhance
our understanding of the clinical significance of NfLs, which will, in turn, promote the
wider adoption of this promising biomarker.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/diagnostics14212408/s1, Figure S1: Scatterplot matrix for neuro-
filament light chain (NfL) in serum and cerebrospinal fluid (CSF) concentrations using EllaTM and
LumipulseTM; Table S1: Main characteristics of Lumipulse™ G NfL CSF and Blood and Ella Simple
PlexTM Human NF-L Cartridge; Table S2: Median and interquartile range (IQR) concentrations of
age, mini-mental state examination (MMSE) score, and neurofilament light chain (NfL) according to
platform used and divided by sex; Table S3: Linear regression analyses of neurofilament light chain
(NfL) in cerebrospinal fluid (CSF) and serum measured with Ella™ and Lumipulse™. We reported
two statistical models: crude and adjusted-by-age models. Values are beta coefficients (β) with 95%
confidence intervals (CIs).
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Abstract: Background and Objectives: Neurodevelopmental disorders (NDDs), includ-
ing developmental delay (DD), autism spectrum disorder (ASD), intellectual disability
(ID), attention-deficit/hyperactivity disorder (ADHD), and specific learning disorders,
affect 15% of children and adolescents worldwide. Advances in next-generation sequenc-
ing, particularly whole exome sequencing (WES), have improved the understanding
of NDD genetics. Methodology: This study analyzed 3244 patients undergoing WES
(single, duo, trio analyses), with 1028 meeting inclusion criteria (67% male; aged 0–50 years).
Results: Pathogenic (P) or likely pathogenic (LP) variants were identified in 190 patients,
achieving a diagnostic yield of 13.4% (singleton), 14% (duo), and 21.2% (trio). A to-
tal of 207 P/LP variants were identified in NDD-associated genes: 38% were missense
(48 de novo), 29% frameshift (26 de novo), 21% nonsense (14 de novo), 11% splicing site
(14 de novo), and 1% inframe (1 de novo). De novo variants accounted for 49.8% of cases,
with 86 novels de novo variants and 27 novel non de novo variants unreported in databases
like ClinVar or scientific literature. Conclusions: This is the largest study on WES in
Colombian children with NDDs and one of the largest in Latino populations. It high-
lights WES as a cost-effective first-tier diagnostic tool in low-income settings, reducing
diagnostic timelines and improving clinical care. These findings underscore the feasibility
of implementing WES in underserved populations and contribute significantly to under-
standing NDD genetics, identifying novel variants with potential for further research and
clinical applications.
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1. Introduction

Neurodevelopmental disorders (NDDs) are a heterogeneous group of conditions
that affect brain development. These disorders, including developmental delay (DD),
autism spectrum disorder (ASD), intellectual disability (ID), attention-deficit/hyperactivity
disorder (ADHD), and specific learning disorders, affect approximately 15% of children and
adolescents worldwide [1,2]. The etiology of NDDs is complex, involving both genetic and
environmental factors. Recent advances in genetic research, particularly next-generation
sequencing technologies, have significantly enhanced our understanding of the genetic
landscape underlying these disorders, enlightening us about the intricate mechanisms at
play [2–4].

The genetic architecture of NDDs exhibits extensive locus heterogeneity and a spec-
trum of variant types, including single-nucleotide variants (SNVs), copy number variations
(CNVs), and structural variations. Large-scale exome sequencing studies have revealed
that de novo and inherited rare variants contribute substantially to individual risk for
NDDs [4,5]. For instance, studies have identified over 100 high-confidence ASD-associated
genes enriched with likely deleterious de novo variants. However, the genetic landscape is
incomplete, with estimates suggesting that up to 1000 genes may harbour de novo variants
in ASD alone [5].

Recent meta-analyses and large-scale studies have provided important insights into
the heritability and genetic overlap of various NDDs [2]. Family-based studies indicate that
approximately two-thirds of the variation in NDDs can be attributed to genetic differences
between individuals [3]. Moreover, there is significant genetic overlap between ASD, ID,
ADHD, and other neurodevelopmental conditions such as epilepsy [2,3]. For example,
substantial genetic correlations have been observed between ASD and ADHD and between
communication disorders and specific learning disorders [3,6].

As mentioned before, whole exome sequencing (WES) has emerged as a powerful first-
tier diagnostic tool. In a previous study of our group, we reported 30–43% diagnostic yields
for unexplained NDDs, representing a significant improvement over traditional diagnostic
methods such as chromosomal microarray analysis [7]. Molecular diagnosis follow-up of
the clinical progression and associated phenotypes could have profound implications for
clinical management, including initiating targeted surveillance and providing accurate
genetic counselling for families [2,7]. As our understanding of the genetic basis of NDDs
continues to evolve, it is essential to identify overlapping phenotypes because it could help
develop a more personalized therapeutic approach in the future, offering hope for more
effective treatments [1,5,7].

2. Materials and Methods

2.1. Patient Recruitment and Sampling

Patients attended consultation for medical genetics at Clínica Colsanitas between
January 2021 and October 2023. The inclusion criteria were the following: (1) patients
with suspected or non-genetic clinical diagnosis of neurodevelopmental disorders (NDDs),
recorded in terms of HPO (Human Phenotype Oncology) or the Diagnostic and Statistical
Manual of Mental Disorders, DSM-5; (2) patients with requests for whole exome sequencing
(WES) in trio (WES patient and both parents; 141 patients), duo (WES patient and one of
his parents; 9 patients) or singleton (WES patient; 40 patients). The following patients were
excluded from the study: (1) patients with identification of NDDs caused by an extrinsic
event such as perinatal noxa, dystocic delivery, severe childhood or adolescent trauma
with clear evidence of structural injury, complicated infection, and neurological symp-
tomatic such as localized or generalized meningoencephalitis, a clear history of perinatal
or childhood and adolescent anoxia or hypoxia due to a traumatic event; (2) patients with
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clear and defined metabolopathy of the perinatal stage with severe neonatal or perinatal
distress leading to neurological deterioration; (3) patients with known syndromes, defined
by aneuploidies identified in the cytogenetic analysis.

2.2. Review of Medical Records

The research group extracted patients’ information from electronic medical records,
and results were recorded in the information system of the Specialized Laboratory of Clínica
Colsanitas. The information collected consisted of perinatal history, detailed developmental
milestones, clinical suspicion or diagnosis of the patient, sex, age, personal history, imaging
and electrophysiological test results, family history, clinical laboratory results, and genetic
tests. Based on the clinical histories, the patients were categorized into the following
phenotypes associated with NDD: neurodevelopmental delay (DD), autism spectrum
disorder (ASD), cognitive impairment (CI), and neurodevelopmental delay + epilepsy
(DD+Epilepsy).

2.3. Sampling, Sequencing, Bioinformatics Processing, and Variant Filtering

WES (clinical exome or trio-exome sequencing) was performed in the Specialized
Laboratory of Clinica Colsanitas from DNA extracted from peripheral blood by next-
generation sequencing (NGS), using Capture Probes targeting exomic regions based
on Illumina DNA prep with enrichment® and MGIEasy Exome Capture V5 Probe
Set®. Sequencing was performed on NextSeq 2000 (Illumina, San Diego, CA, USA),
NovaSeq 6000 Sequencing System (Illumina, San Diego, CA, USA) or G-400 (MGI
Tech Co., San Jose, CA, USA). Sequence reads were aligned with ConsortiumHu-
man Build 37, and visualization and variant identification were performed with the
SOPHiA DDM and VarSome Clinical platforms. This methodology allows detection
of single-nucleotide variants (SNVs) and insertions/deletions (Indel). The genetic vari-
ants found were classified as pathogenic (P), likely pathogenic (LP), variant of un-
certain significance (VUS), likely benign (LB) or benign (B) according to the guide-
lines of the American College of Medical Genetics and Genomics (ACMG), supported
by different clinical databases such as ClinVar from NCBI (https://www.ncbi.nlm.
nih.gov/clinvar/ (accessed on 12 June 2024)), ClinGen (https://clinicalgenome.org/
(accessed on 12 June 2024)), GnomAD (https://gnomad.broadinstitute.org/ (accessed on
12 June 2024)), Franklin (https://franklin.genoox.com/clinical-db/home (accessed on
13 June 2024)), UniProt (https://uniprot.org/ (accessed on 13 June 2024)), and OMIM
(https://omim.org/ (accessed on 12 June 2024)). Variant analyses in inpatients with NDDs
were performed as follows: single or panel (patient only analyzed), duo (patient and one
parent analyzed), and trio (patient and both parents analyzed).

2.4. Classification and Ontology Analysis of Associated Genes

The identified genes associated with NDDs were classified into four groups based
on patient history and clinical diagnosis. Genes and patients without specific phenotypes
were classified into neurodevelopmental delay. To demonstrate the biological significance
of the genes associated with the four (ASD, CI, DD, and DD and epilepsy) phenotypic
groups, gene ontology network analysis was performed using Cytoscape software (v.3.10.2)
with the ClueGo plug-in (v.2.5.10). With ClueGo, enrichment of the studied genes with GO
terms linked to the kappa score is performed. Only GO terms with p-values < 0.05 were
adjusted to the Bonferroni step-down.

2.5. Statistical Analysis

Qualitative variables are presented as absolute and relative frequencies. Quantitative
variables are described with measures of central tendency and dispersion. To calculate
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the diagnostic yield, a positive result was considered to be any result that had a variant
classified as pathogenic (P) or likely pathogenic (LP) in a gene associated with a phenotype
that correlates clinically with the phenotype of the patient under study (gene–disease
association was performed according to the OMIM database). All results in which no
variants related to the patient’s phenotype were reported were considered harmful. The
diagnostic yield of the test was calculated considering the total number of patients included
in the study, which corresponds to the percentage of patients with a positive result.

2.6. Ethical Considerations

The present study was developed within the framework of the macro research entitled
“Development of a comprehensive care model based on personalised medicine for the
diagnosis, treatment and follow-up of pediatric patients with NDD in the Colombian
population”, which was reviewed and approved by the Research Ethics Committee of
the Fundación Universitaria Sanitas (CEIFUS code 1419-21, date of approval, 2 July 2021),
following the principles of the Declaration of Helsinki. Clinica Colsanitas have approved
the informed consent form for this study, and the participants, or their parents/legal
representatives, have signed the corresponding informed consent form to perform WES.

The information associated with the patients above was handled exclusively by the
principal investigators, who always respected the provisions of law 1581 of Colombian
legislation regarding the handling of personal data.

3. Results

Between January 2021 and October 2023, a total of 3244 patients with single, duo, and
trio exome analyses were sequenced by NGS. In total, 1028 (31.7%) met the inclusion criteria;
67% (688) were male, and 33% (340) were female. The age range of patients associated with
NDD was between 0 and 50 years of age (mean X: 5 SD: 4.7). Of the 1028 patients who met
the NDD criteria, 695 patients had clinically suspected DD (68% of patients), 199 had ASD
(19% of patients), 79 had DD and epilepsy (8% of patients), and finally, 55 (5% of patients)
had CI.

3.1. Diagnostic Yield

Pathogenic (P) or likely pathogenic (LP) variants were identified in 190 patients, corre-
sponding to 18.5% of patients with NDD admissions and 5.6% of the total patients analyzed
in this period. The diagnostic yield varied depending on the type of analysis performed:
clinical exome 13.4% (299 admissions/40 positive), duo WES 14% (63 admissions/9 positive),
and trio WES 21.2% (666 admissions/141 positive) (Figure 1).

A total of 139 genes associated with NDDs were identified in 190 patients with P/LP
variants, of which 116 genes were identified in 151 patients with DD, 16 genes in 22 patients
with DD and epilepsy, 13 genes in 12 patients with ASD, and 7 genes in 5 patients with
CI (Table 1). Some genes were associated with more than one of the above phenotypes
(Figure 2). In total, 186 P/LP variants were identified in the 190 NDD-positive patients
(Table S1). The majority of patients (78%, 146/186) presented SNV-type variants associated
with genes with autosomal dominant (AD) inheritance patterns, followed by 9% (17/186) of
patients with genes with autosomal recessive (AR) inheritance patterns. Finally, genes with
X-linked dominant (XLD), X-linked recessive (XLR), and X-linked (XL) inheritance patterns
were identified in 8% (14/186), 3% (6/186), and 2% (3/186) of patients, respectively. In total,
82% (156/190) of patients had variants in a heterozygous state, 8% (15/190) homozygous,
6% (11/190) compound heterozygous, and 4% (8/190) hemizygous.
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Figure 1. Summary of the sample of patients according to (1) the presence of pathogenic (P) of likely
pathogenic (LP) variants in agreement with the ACMG criteria, and (2) if the exome sequencing was
applied to a singleton, duo, or trio unit of analysis.

Table 1. Genes in which LP/P variants were identified by phenotype.

Phenotype Gene

Developmental delay

ACTL6B, AHDC1, ANKRD11, ARID2, ATRX, BCL11A,
BCL11B, BRAF, CHD3, CREBBP, CTNNB1, CUL3, DDX3X,
DNM1, DNMT3A, DPYD, DYNC1H1, FBXO11, FLNB,
FOXG1, GLUD2, GNB1, GRIA2, GRIN1, H1-4, IFIH1, INTS1,
IVD, JAG1, KCNT2, KDM6B, KIAA1109, KIF1A, KMT2A,
KMT2C, LARP7, LARS2, LMAN2L, LZTR1, MECP2, MN1,
MSTO1, NACC1, NALCN, NARS, NEXMIF, NF1, NFIB,
PHF8, PIK3R1, PPM1D, PTPN11, PURA, QRICH1, RAF1,
RAI1, RBMX, RPS6KA3, SATB2, SCN1A, SCN2A, SCN8A,
SETD2, SETD5, SHANK2, SHANK3, SIX3, SLC13A5, SPEN,
STAG2, SYNGAP1, TAOK1, TBK1, TBR1, TCF20, TCF4,
TOE1, TREX1, TRIP12, TSC2, TSPAN7, TUBB, UBTF, USP7,
WAC, ZMIZ1, AP1S2, ARSA, CAPN3, CDC42, COL6A2,
COL6A3, CTBP1, DCX, DHTKD1, EP300, FBN2, GCDH,
PMM2, POLR3B, PUF60, RTN2, RYR1, SPG11, SPG7,
SPTBN2, TNPO3, TRPV4, TRIO, RNASEH2B, RFX7,
KMT2E, ATP7B, ARID1B, INPP5E, KDM3B, CSNK2A1

Developmental delay
and epilepsy

ABCC8, AFF3, ANKRD17, CDKL5, CHD2, GNAO1, GRIN2B,
HNRNPU, KAT6A, KCNB1, KCNMA1, PTCH1, SETD1A,
SLC2A1, STXBP1, MN1

Autism spectrum
disorder

CACNA1E, CAMK2A, CHD8, CPT2, CREBBP, CSF1R,
CUL3, DNM1, EBF3, KDM4B, PTEN, SHANK2, SHANK3

Cognitive impairment KDM4B, KDM5C, KDM6A, PAX8, NAA15,
KDM3B, SHANK3
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Figure 2. Genes with LP/P variants overlapped between phenotypes. DD, ASD, and CI variants in
the MECP2, CUL3, and SHANK3 genes were described. ASD and CI variants were described on DD
and CI in KDM4B and KDM3B variants.

3.2. Characterization of Novel Variants

A total of 207 P/LP SNVs were identified in NDD-associated genes in 190 patients, and
missense variants were the most represented with 78 findings (38%; 48 de novo); 61 (29%)
frameshift (26 de novo); 44 (21%) nonsense (14 de novo); 22 (11%) splicing site (14 de novo);
two (1%) inframe (one de novo) (the list of all variants can be found in the Supplementary
Material). Finally, 49.8% (103/207) of the variants were identified de novo in 100 patients
with NDDs. Additionally, we report 86 new variants de novo that have not been listed in
ClinVar nor reported previously in any of the databases consulted or in scientific articles
(marked with * in Table 2). In addition, 27 non de novo SNVs had not been previously
reported in scientific articles or databases (marked without * in Table 2). However, it was
possible to classify them as P or LP according to ACMG and in silico analysis using relevant
databases and tools (Table 2).

Table 2. Description of variants without previous reports in the literature or databases. Note: Those
variants marked with * were found de novo, and variants marked with # were identified in the patient
and one of the parents.

Gene DNA Protein Variant Type ACMG Classification Transcripts OMIM Code

ACTL6B # c.521_522insA p.Thr175Hisfs*7 Frameshift LP
(PVS1, PM2) NM_016188.4 612458

ACTL6B * c.991G>A p.Gly331Ser Missense LP
(PS2, PM2, PP2) NM_016188.5 612458

AHDC1 c.4294del p.Ala1432Profs*13 Frameshift LP
(PVS1, PM2) NM_001371928.1 615790

ANKRD11 c.741C>A p.Tyr247* Nonsense LP
(PVS1, PM2) NM_013275.6 611192

ANKRD11 * c.7124_7152del p.Glu2375Alafs*147 Frameshift P
(PVS1, PS2, PM2) NM_013275.5 611192

ANKRD17 * c.4453_4457del p.Lys1485Glufs*17 Frameshift P
(PVS1, PS2, PM2) NM_032217.4 615929
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Table 2. Cont.

Gene DNA Protein Variant Type ACMG Classification Transcripts OMIM Code

AP1S2 # c.180-1G>C Splicing site LP
(PVS1, PM2) NM_001272071.2 300629

BCL11B * c.2345dup p.Gly785Argfs*100 Frameshift P
(PVS1, PS2, PM2) NM_138576.3 606558

BRAF * c.2030A>G p.Asp677Gly Missense P
(PS2, PM1, PM2, PP2, PP3) NM_004333.6 164757

CACNA1E * c.5365-2A>G - Splicing site LP
(PS2, PM2) NM_001205293.1 601013

CHD2 * c.2822A>T p.Gln941Leu Missense LP
(PM2, PM6, PP2, PP3) NM_001271.4 602119

CHD3 c.3481C>T p.His1161Tyr Missense LP
(PM1, PM2, PP2, PP3) NM_001005273.3 7806365

CHD8 * c.4987_5003del p.Val1663Glnfs*59 Frameshift P
(PVS1, PS2, PM2) NM_020920.4 610528

COL6A3 * c.6156+2T>C - Splicing site P
(PVS1, PS2, PM2, PP3) NM_004369.4 120250

COL9A3 # c.1021C>T p.Arg341* Nonsense LP
(PVS1, PM2) NM_001853.4 120270

CUL3 * c.769delG p.Glu257Lysfs*5 Frameshift P
(PVS1, PS2, PM2) NM_003590 603136

CUL3 * c.494dup p.Leu166Ilefs*37 Frameshift P
(PVS1, PS2, PM2) NM_003590.4 603136

DCX c.166C>G p.Arg56Gly Missense LP
(PM1, PM2, PM5, PP2, PP3) NM_001195553.1 300121

DDX3X c.1646A>T p.Asn549Ile Missense LP
(PM1, PM2, PP2, PP3) NM_001356.4 300160

DNM1 * c.1751A>T p.His584Leu Missense LP
(PS2, PM2) NM_004408.4 602377

DNM1 * c.2318+2T>C - Splicing site P
(PVS1, PS2, PM2) NM_004408.4 602377

DYNC1H1 * c.11632C>G p.Gln3878Glu Missense LP
(PS2, PM2) NM_001376.5 600112

EP300 * c.4779+1G>A - Splicing site P
(PVS1, PS2, PM2) NM_001429.3 602700

FBXO11 * c.1685A>G p.Tyr562Cys Missense LP
(PS2, PM1, PM2, PP2, PP3) NM_025133.4 607871

GNB1 * c.310G>C p.Ala104Pro Missense LP
(PS2, PM2, PP3) NM_002074.5 139380

GRIN1 * c.2248G>A p.Gly750Arg Missense LP
(PS2, PM2, PP2, PP3) NM_000832.7 138249

GRIN1 * c.1824G>C p.Trp608Cys Missense P
(PS2, PM1, PM2, PP2, PP3) NM_007327.3 138249

GRIN2B * c.1990T>C p.Ser664Pro Missense LP
(PS2, PM2, PP3) NM_000834.3 138252

HNRNPU c.1484_1487del p.Lys495Ilefs*5 Frameshift LP
(PVS1, PM2) NM_031844.3 602869

HNRNPU * c.1576_1580del p.Asn526Serfs*9 Frameshift P
(PVS1, PS2, PM2) NM_031844.2 602869

IFIH1 # c.2863C>T p.Gln955* Nonsense LP
(PVS1, PM2) NM_022168.3 606951

JAG1 c.1725_1726dup
TG p.Asp576Valfs*168 Frameshift LP

(PVS1, PM2) NM_000214.3 601920

KAT6A * c.1019del p.Asn340Thrfs*3 Frameshift P
(PVS1, PS2, PM2) NM_006766.4 601408

KAT6A * c.4140_4141insA p.Asp1381Argfs*13 Frameshift P
(PVS1, PS2, PM2) NM_006766.4 601408

KCNB1 * c.1223C>T p.Pro408Leu Missense LP
(PS2, PM1, PM2, PP3) NM_004975.3 600397

KCNB1 * c.1202G>T p.Gly401Val Missense P
(PS2, PM1, PM2, PM5, PP3) NM_004975.4 600397

KCNMA1 # c.2095A>T p.Lys699* Nonsense LP
(PVS1, PM2) NM_001161352.1 600150

KCNT2 c.3118C>T p.Arg1040* Nonsense LP
(PVS1, PM2) NM_198503 610044
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Table 2. Cont.

Gene DNA Protein Variant Type ACMG Classification Transcripts OMIM Code

KDM3B * c.3638dup p.(Asp1214Ter Nonsense LP
(PS2 PM2) NM_016604.4 609373

KDM4B c.2147del p.Leu716Tyrfs*42 Frameshift LP
(PVS1, PM2) NM_015015.2 609765

KDM5C * c.1571A>T p.Asn524Ile Missense LP
(PM1, PM2, PM6, PP3) NM_004187.5 314690

KIAA1109 # c.4118_4119del p.Ser1373* Nonsense LP
(PVS1, PM2) NM_015312.3 611565

KIAA1109 * c.18T>A p.Asn6Lys Missense LP
(PS2, PM2) NM_015312.3 611565

KIAA1109 * c.4118_4119del p.Ser1373* Nonsense LP
(PVS1, PM2) NM_015312.3 611565

KMT2A * c.7187_7188del p.Pro2396Argfs*2 Frameshift P
(PVS1, PS2, PM2) NM_001197104.2 159555

KMT2C * c.5551C>T p.Gln1851* Nonsense P
(PVS1, PS2, PM2) NM_170606.2 606833

KMT2E # c.1944_1948del p.Lys649GlufsTer8 Frameshift LP
(PVS1, PM2) NM_182931.3 608444

LARP7 # c.1118_1130del p.Val373Glufs*11 Frameshift LP
(PVS1, PM2) NM_016648.4 612026

LARS2 * c.1420del p.Leu474Trpfs*6 Frameshift P
(PVS1, PS2, PM2) NM_015340.4 604544

MN1 c.97del p.His33ThrfsTer20 Frameshift LP
(PVS1, PM2) NM_002430.3 156100

NAA15 * c.2214del p.Met738IlefsTer18 Frameshift P
(PVS1, PS2, PM2) NM_057175.5 608000

NACC1 * c.166C>T p.Arg56Trp Missense LP
(PS2, PM2, PP3) NM_052876.3 610672

NEXMIF c.1998del p.Glu667Lysfs*5 Frameshift LP
(PVS1, PM2) NM_001008537.2 300524

NF1 c.2056A>T p.Lys686* Nonsense LP
(PVS1, PM2) NM_001042492.2 613113

NFIB * c.626A>G p.Glu209Gly Missense LP
(PS2, PM2, PP2, PP3) NM_001190737.3 600728

NFIX * c.442del p.Ile148Serfs*71 Frameshift P
(PVS1, PS2, PM2) NM_001271043.2 164005

LPM1D * c.1245dupT p.Thr416Tyrfs*18 Frameshift P
(PVS1, PS2, PM2) NM_003620.4 605100

PUF60 * c.1334C>T p.Thr445Ile Missense LP
(PS2, PM2, PP3) NM_014281.5 604819

RFX7 * c.2236C>T p.Gln746* Nonsense P
(PVS1, PS2, PM2) NM_022841.7 612660

RPS6KA3 * c.383C>T p.Pro128Leu Missense LP
(PM2, PM6, PP2, PP3) NM_004586.3 300075

SATB2 c.1165C>A p.Arg389Ser Missense LP
(PS1, PM2, PM5, PP3) NM_001172509.2 608148

SCN1A * c.4987G>T p.Gly1663Cys Missense P
(PS2, PM1, PM2, PP2, PP3) NM_006920.6 182389

SCN1A * c.4582-1_4583del - Splicing site P
(PVS1, PS2, PM2) NM_001165963.4 182389

SCN1A * c.4987G>T p.Gly1663Cys Missense P
(PS2, PM1, PM2, PP2, PP3) NM_006920.6 182389

SCN2A # c.641C>A p.Ser214* Nonsense LP
(PVS1, PM2) NM_001040143.2 182390

SCN8A * c.5235C>A p.Phe1745Leu Missense P
(PS2, PM1, PM2, PP2, PP3) NM_001330260 600702

SETD1A * c.5116C>G p.Leu1706Val Missense LP
(PS2, PM2) NM_014712.3 611052

SHANK3 * c.352dup p.Leu118ProfsTer28 Frameshift P
(PVS1, PM6, PM2) NM_001372044.2 606230

SIX3 * c.221del p.Pro74Argfs*177 Frameshift P
(PVS1, PM6, PM2) NM_005413.4 603714

SPEN * c.5485_5486ins
TTTGAAC p.Gln1829Leufs*2 Frameshift P

(PVS1, PS2, PM2) NM_015001.4 613484
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Table 2. Cont.

Gene DNA Protein Variant Type ACMG Classification Transcripts OMIM Code

STAG2 c.1018-2_1018-
1delinsTT - Splicing site LP

(PVS1, PM2) NM_001042750.2 300826

STXBP1 * c.903-1G>C - Splicing site P
(PVS1, PS2, PM2) NM_001032221.3 602926

SYNGAP1 * c.1713_1714
delinsAC p.Trp572Arg Missense LP

(PS2, PM2, PM5) NM_006772.2 603384

SYNGAP1 * c.1216_1218delins p.Tyr406Asnfs*4 Frameshift P
(PVS1, PS2, PM2) NM_006772 603384

TAOK1 c.1721dupA p.Ser575Glufs*28 Frameshift LP
(PVS1, PM2) NM_020791 610266

TAOK1 # c.1489_1492del p.Asp497Lysfs*42 Frameshift LP
(PVS1, PM2) NM_020791.4 610266

TBR1 * c.893dup p.His298Glnfs*23 Frameshift P
(PVS1, PS2, PM2) NM_006593.3 604616

TCF20 * c.5047_5054del p.Pro1683Valfs*34 Frameshift P
(PVS1, PS2, PM2) NM_005650.3 603107

TCF4 c.-20-184_72+815del - Splicing site LP
(PVS1, PM2) NM_001083962.2 602272

TNPO3 # c.120+2T>G - Splicing site LP
(PVS1, PM2) NM_012470.4 610032

TRIP12 c.3206+1G>T - Splicing site LP
(PVS1, PM2) NM_001348323.3 604506

TUBB * c.1145C>T p.Ser382Leu Missense LP
(PS2, PM2, PP2, PP3) NM_178014.4 191130

TUBB * c.1017C>G p.Ser339Arg Missense LP
(PS2, PM2, PP2, PP3) NM_178014.4 191130

USP7 * c.502T>C p.Ser168Pro Missense LP
(PS2, PM1, PM2) NM_003470.2 602519

WAC * c.620del p.Lys207Serfs*124 Frameshift P
(PVS1, PS2, PM2) NM_016628.5 615049

ZMIZ1 * c.1413+4A>G - Splicing site LP
(PS2, PM2) NM_020338.3 607159

Genes with the highest number of variants were MECP2 (n = 6) and CUL3 (n = 4). Two
nonsense and two frameshifts were identified in this gene; three were de novo (c.764C>G,
p.Ser255*; c.769delG, p.Glu257Lysfs*5; c.494dup, p.Leu166Ilefs*37), and two were not
previously reported (769delG, p.Glu257Lysfs*5; c.494dup, p.Leu166Ilefs*37).

3.3. Gene Ontology Analysis

Through GO network analysis of biological processes, based on the four categories
in which the NDD genes were classified, the genes associated with ASD, CI, and DD
presented different patterns among them. In the case of the genes related to DD and
epilepsy, they did not show any pattern of association. Three ASD genes and four CI genes
presented significant association (false discovery rate and p-value < 0.05). IC genes showed
a single association with the term GO protein demethylation and ASD genes with social
behaviour (Figure 3A,B). As for the DD genes, 113 genes formed a complex network without
a solid or consistent association with each other. Some fragmented associations were
observed, such as protein methylation (12 genes), telencephalon development (12 genes),
associative learning (9 genes), regulation of cell cycle G1/S phase transition (8 genes),
positive regulation of type I interferon production (6 genes), glial cell migration (5 genes),
face development (5 genes), negative regulation of cell–matrix adhesion (5 genes), negative
regulation of cell–matrix adhesion (5 genes), negative regulation of cell–substrate adhesion
(5 genes), DNA duplex unwinding (5 genes), axo-dendritic transport (5 genes), head
morphogenesis (4 genes), voltage-gated sodium channel activity (4 genes), and protein
destabilization (4 genes) (Figure 3C).

113



Diagnostics 2025, 15, 376

Figure 3. Functionally clustered gene networks for the phenotype groups. (A) Autism spectrum
disorder (ASD) with a single association with social behaviour. (B) Cognitive impairment (CI) with a
single association with protein demethylation. (C) Neurodevelopmental delay (DD) forms a complex
network, without solid association composed of 15 fragmented associations. The networks were
obtained from ClueGo enrichment analysis. Gene ontology terms and associated genes are shown in
the same colour. The node size of each term corresponds to its importance in the enrichment.
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4. Discussion

Despite the genomic analyses, understanding the etiology of NDDs remains chal-
lenging due to their broad genetic and phenotypic heterogeneity. WES has played an
essential role in identifying causatives and has proven to be a valuable diagnostic tool. This
study achieved a molecular diagnosis for 190/1028 patients with NDD spectrum in Clínica
Colsanitas between January 2021 and October 2023.

In patients with NDD and the complete spectrum of ASD, ID, and DD, we applied
a retrospective chart review of the probands’ and their relatives’ medical records before
continuing to the molecular analyses. The epilepsy phenotype was excluded. It was taken
into account for the results but omitted from the analyses as it is an extensive phenotype
and will be considered for future group publications.

Clinical studies should address the effectiveness of genetic studies targeting the
aetiological diagnosis. The NDD spectrum is highly heritable and heterogeneous and
affects a significant proportion of the population. The causes of these disorders may
be linked to environmental factors like malnutrition, infections during pregnancy, drug
misuse, or pollution through epigenetic dysregulation. Additionally, synaptopathies are
also a significant cause of NDDs affecting brain plasticity, signalling, and connectivity,
leading to an imbalance between excitatory and inhibitory signals in the brain. It is also
known that differentially expressed gene networks enriched neurotransmitter and synapse
activity, immune processes, and cortical development [6]. Achieving a molecular diagnosis
of NDD has an economic impact not only on the patient’s healthcare system but also on
their families.

The array comparative genomic hybridization (aCGH) has supported greater diagnos-
tic effectiveness concerning historical cytogenetic techniques (3 vs. 10%, respectively) [8].
Development of next-generation sequencing (NGS) techniques, which allow genome se-
quencing (GS), or WES, have shown a high diagnostic capacity, leading to an exponential
drop in costs and expanded sequencing coverage of the genome, as well as the ability
to capture high read depth to detect low-level mutations. In our study, the diagnostic
yield of trio-exome sequencing was significantly high (21.2%) and like reported yields
in other studies [7,8], supporting its utility in molecular diagnosis of NDD spectrum pa-
tients. The strengths of this study are the sizable Colombian cohort, which included all
patients assessed by a clinical geneticist, and the extensive clinical and phenotypic data
that were available, which were used for the stratification of the central overlapping NDD
spectrum phenotype.

The most common clinical symptom shared by all NDDs was cognitive dysfunction
and autism. The classification of patients in the diagnostic spectrum categories might have
also affected the proportion of ASD; patients with ASD features were diagnosed as DD due
to either not being old enough to be diagnosed as ASD or not being assessed with a specific
ASD-standardized scale to provide an accurate diagnosis. There was statistical significance
between molecular findings on each phenotype, ID/NDD, ASD/NDD, and DD/NDD.

Evidence of diagnostic yield supports NGS-based genetic testing for diagnosing
NDDs [2,8–10]. Current evidence suggests that a diagnostic yield of 35% can be obtained
for WES in patients with intellectual disability and global developmental delay and 15% for
patients with ASD [11]. The overall WES yield for NDD was 36%, 31% for isolated DD, and
53% for NDD with associated conditions. In the present study, an overall diagnostic rate of
18.5% was observed for WES, within the range reported in the literature [12]. Additionally,
when evaluating only patients with clinical suspicion of DD, the diagnostic yield was 22%
(151/695), ASD was 6% (12/199), DD and epilepsy was 28% (22/79), and IC was 5% (5/55).

The diagnostic yield was significantly higher for trio exome analysis (21.2%) compared
to single clinical exome (13.4%). This supports using whole exome sequencing (WES) as
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an initial diagnostic tool for neurodevelopmental disorders (NDDs), surpassing targeted
molecular studies like FMR1 triplet expansion or aCGH [12–14].

Mutations in various genes have been shown to interfere with the proliferation and
migration of neurons. Genetic advances resulting from new sequencing techniques have
also expanded our understanding of neuronal migration disorders that affect each stage of
neurodevelopment. From the early stages of gestation, the development of the neuroepithe-
lial progenitors that cover the wall of the ventricles begins. This process requires different
stages, such as proliferation, differentiation, and migration. Enhancing corticogenesis
is characterized by several unique features, including a unique germinal zone and the
outer subventricular zone, increasing in size from week 20, and making an integration
circuit [15,16]. Pathogenic variants that could modify cortical development and the timing
and complexity of cortical neurogenesis or synaptogenesis could be linked to neurodevel-
opmental disorders, providing evidence for their physiological relevance [17,18].

We report the mutational spectrum of MECP2, CUL3, and SHANK3 genes. The MECP2
(MIM*300005) gene binds methylated CpGs, is a chromatin-associated protein required for
mature neurons and is developmentally regulated. The MECP2 syndrome is a neurodevel-
opmental disorder that occurs almost exclusively in females and has an XLD inheritance
pattern. It is characterized by arrested development between 6 and 18 months of age, re-
gression of acquired skills, loss of speech, stereotypic movements (classically of the hands),
microcephaly, seizures, and cognitive impairment. Also, it is associated with susceptibility
to X-linked autism 3, with an XL inheritance pattern. Pathogenic and probably pathogenic
variants in homozygous or compound heterozygous state in the MECP2 gene have also
been associated with severe neonatal encephalopathy, syndromic X-linked intellectual
development disorder 13 and syndromic X-linked intellectual development disorder, Lubs
type, phenotypes with XLR inheritance pattern [19]. Two nonsense and three missense
variants were identified (one present in two patients).

The CUL3 gene (MIM*603136) encodes a scaffolding component of the Cullin-RING
ligase (CRL) complex, essential for mitotic division. CUL3 transcript levels are relatively
high during early embryonic development, playing an important role during fetal devel-
opment and maturation. CUL3 neurodevelopmental disorder with or without autism or
seizures, with autosomal dominant inheritance pattern, is characterized by global develop-
mental delay evident in childhood, impaired intellectual development, and speech delay.
Some patients develop seizures and may show regression after the onset of seizures. Others
present with autistic features or behavioural abnormalities. Additional variable systemic
features such as cardiac defects, growth retardation or brain imaging abnormalities may
also be present. Also, it is associated with pseudohypoaldosteronism type IIE, which is
related to an AD inheritance pattern [20,21].

The SHANK3 gene (MIM*606230), expressed predominantly in the cerebral cortex
and cerebellum, encodes a scaffolding protein that is enriched in postsynaptic densities
of excitatory synapses; it has been shown to bind to neuroligins, which, together with the
neurexins, form a complex at glutamatergic synapses. SHANK3 was shown to coincide
with the most severe cases of autism and Phelan–McDermid syndrome (22q13.3 deletion
syndrome when including the gene), because it affects the development and morphology
of dendritic spines and reduces synaptic transmission in mature neurons, contributing to
an imbalance of inhibition to excitation [22].

Because CUL3 mutations disrupt protein degradation pathways, accumulating mis-
folded or damaged proteins and impairing neuronal health, and SHANK mutations impair
synaptic signalling and structural integrity, directly impacting neural communication, sup-
plementing with antioxidants like N-acetylcysteine (NAC) to counteract cellular damage
linked to CUL3 dysfunction, as well as the use of pharmacological agents like mGluR mod-
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ulators (e.g., mGluR5 antagonists) to balance excitatory/inhibitory signalling disrupted by
the SHANK mutations, might be of potential use in personalized therapeutic scenarios [21].

In positive trio exomes, 100 LP/P variants were identified as de novo (absent in the
parents). De novo variants gain value and increase the diagnostic performance of the
test when there is no family history of similar conditions or reports of consanguinity [20].
However, it is essential to highlight that in cases where variants inherited from the parents
are identified, the inheritance pattern of the phenotype should be considered since there are
cases where the variants can be heterozygous in the mother, being carriers, and hemizygous
in male children, who would express the phenotype for diseases with recessive patterns
linked to the X chromosome. Another possibility is that there are diseases for which
incomplete penetrance and variable expressivity have been reported due to differences in
genetic background, environmental factors, or a combination of both, so it is possible that
within the same family, there are affected individuals with different levels of involvement,
or even that they are asymptomatic despite having the same variant [23,24].

The present study has several limitations, such as its retrospective design, the possible
overestimation of the clinical exome sequencing diagnostic yield due to a bias in the
selection of samples for NGS, and the fact that aCGH is not being compared with WES.
To confirm our results, a prospective study comparing the diagnostic yield of aCGH and
clinical exome sequencing in an unbiased sample would be desirable, and for those recently
described new variants, further mechanistic and phenotypic characterization of additional
patients could confirm their roles in human neurodevelopment disease and to delineate
their associated phenotypic spectrums.

To our knowledge, this is the first study to evaluate the clinical utility of WES for
children with NDD spectrum in Colombia in a large cohort of patients; we show the
importance of reducing the expenses in genetic testing for NDDs with a cost-saving first-
tier diagnostic test that would serve for developing countries, and to define an aetiological
diagnosis in less time.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/diagnostics15030376/s1, Table S1: List of P/LP variants identified
in patients with NDD.
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Abstract: Background/Objectives: The following systematic review integrates neuroimag-
ing techniques with deep learning approaches concerning emotion detection. It, therefore,
aims to merge cognitive neuroscience insights with advanced algorithmic methods in
pursuit of an enhanced understanding and applications of emotion recognition. Methods:
The study was conducted following PRISMA guidelines, involving a rigorous selection
process that resulted in the inclusion of 64 empirical studies that explore neuroimaging
modalities such as fMRI, EEG, and MEG, discussing their capabilities and limitations in
emotion recognition. It further evaluates deep learning architectures, including neural
networks, CNNs, and GANs, in terms of their roles in classifying emotions from various
domains: human-computer interaction, mental health, marketing, and more. Ethical and
practical challenges in implementing these systems are also analyzed. Results: The review
identifies fMRI as a powerful but resource-intensive modality, while EEG and MEG are
more accessible with high temporal resolution but limited by spatial accuracy. Deep learn-
ing models, especially CNNs and GANs, have performed well in classifying emotions,
though they do not always require large and diverse datasets. Combining neuroimaging
data with behavioral and cognitive features improves classification performance. However,
ethical challenges, such as data privacy and bias, remain significant concerns. Conclusions:
The study has emphasized the efficiencies of neuroimaging and deep learning in emotion
detection, while various ethical and technical challenges were also highlighted. Future
research should integrate behavioral and cognitive neuroscience advances, establish ethical
guidelines, and explore innovative methods to enhance system reliability and applicability.

Keywords: neuroimaging; deep learning; emotion detection; cognitive neuroscience; neu-
ral networks; emotion recognition; brain-computer interaction

1. Introduction

Recently, emotion detection has received significant interest in applications such as
human-computer interaction, intelligent robotics, adaptive virtual reality, and mental health
assessment [1,2]. Proper identification and interpretation of human emotions provide new
opportunities for designing personalized user experiences and enhancing interactions’
potential. Progress in these aspects was supported by research activities at the intersection
of cognitive neuroscience and AI, where advances in neuroimaging techniques and deep
learning algorithms improved the quality of emotion recognition [3]. Affective neuro-
science, which studies the psychological and biological mechanisms underlying emotions,
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has been pivotal in shaping emotion detection methodologies [4]. Insights from cognitive
science have led to the development of strategies that capture and analyze the multidi-
mensional aspects of emotions. A dominant area of research has been facial expression
recognition, which has significantly contributed to digital psychology and psychiatry [5,6].
It provides objective measures of emotional states that could facilitate advances in mental
health diagnostics and human-computer interaction [7]. Recent developments in affective
computing also enabled emotion detection to be more context-aware, thanks to better
integrating multimodal data [8,9].

Besides academic research, emotion detection has practical applications in the diagno-
sis of mental health, the prognosis of psychopathologies such as autism and schizophre-
nia [10–12], and marketing strategies employing emotional analysis [13–15]. The recent
rapid development of cognitive neuroscience and AI has provided advanced tools and
algorithms; therefore, there is an emerging need for a systematic review of the findings pre-
sented to date [16–18]. This review evaluates the integration of neuroimaging techniques
with deep learning for emotion recognition and addresses the main challenges and future
directions in this field.

Specifically, this paper examines the capabilities and limitations of neuroimaging
modalities such as functional magnetic resonance imaging (fMRI), electroencephalogra-
phy (EEG), and magnetoencephalography (MEG) in detecting and interpreting emotional
states [19,20]. It also explores the role of deep learning architectures, including convo-
lutional neural networks (CNNs), recurrent neural networks (RNNs), and generative
adversarial networks (GANs), in improving the classification and prediction of emotions
from neuroimaging data [21]. Also presented are ethical considerations regarding privacy,
inclusivity, and bias concerns in emotion detection technologies [22–24]. Such advances are
stitched together within a coherent framework that helps improve the reliability and applicabil-
ity of emotion detection systems across diverse domains. The findings reveal that combining
neuroimaging with deep learning while considering technical and ethical challenges can be
one promising way toward robust and scalable emotion recognition technologies.

2. Literature Review

2.1. Neuroimaging Techniques

Neuroimaging techniques are decisive in researching brain activities related to emo-
tions and cognitive processes. These techniques differ in spatial and temporal resolution,
cost, and applicability. This section reviews key neuroimaging modalities commonly em-
ployed in emotion recognition research, emphasizing their strengths and limitations. The
method fMRI is a widely utilized modality that maps the brain’s activity concerning blood
flow changes. It has high spatial resolution and is thus very effective in detecting localized
neural activity. However, it has a relatively low temporal resolution compared to other
techniques, and the high cost of its operation restricts its availability outside specialized
research settings [25,26]. Hemodynamic signal imaging of the prefrontal cortex has lately
emerged as a promising alternative, with high spatial resolution at a relatively lower cost
and reduced sensitivity to motion artifacts, which increases its usability in monitoring
emotional states [27,28]. EEG is an inexpensive, portable, real-time neuroimaging tool
that measures electrical brain activity. However, emotion-related EEG signals have no
apparent signature in the prefrontal cortex, which makes neurofeedback modeling difficult.
Despite that, EEG is still a valuable emotion research method due to its high temporal
resolution [29]. MEG records magnetic fields generated by neural activity and features high
temporal and spatial resolution at a moderate cost. It is sensitive to motion artifacts, and
its relatively low signal-to-noise ratio has limited its application in research on emotion
recognition so far [30,31].
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2.1.1. Functional Magnetic Resonance Imaging (fMRI)

fMRI is a non-invasive technique for mapping neural activity by measuring blood
oxygenation level-dependent signals. fMRI is widely used to study brain regions engaged
during emotion processing and affective states [32–34]. Offering good spatial resolution,
this method has been employed in several studies to identify and lateralize neural activity
associated with emotional processing and the underlying mechanisms generating and
regulating emotional responses [35–37]. Also, fMRI provides a more accurate reflection of
brain activity since the changes in metabolic processes can be tracked at the voxel level,
compared to earlier techniques such as electroencephalogram-based event-related desyn-
chronization and synchronization [38,39]. This technique has become indispensable in
emotion network studies by demonstrating the temporal and spatial limits of affective pro-
cessing [40–42]. However, some of the technique’s disadvantages include high operational
costs, limited scalability, and lower temporal resolution than EEG or MEG [43–45]. Despite
these challenges, fMRI development advances the study of affect by tracing complex neural
pathways accompanying emotional states [46–49].

2.1.2. Electroencephalography (EEG)

EEG is a popular neuroimaging technique with excellent temporal resolution of electri-
cal activity in the brain. It helps analyze neural reactions during the emotional processing
of stimuli and allows the investigation of stress-related variations under real-time condi-
tions [50–52]. In emotion detection, EEG uses deep learning and CNN to make sense of the
neural signals, thus finding its application in fixed and virtual reality environments [53–56].
The most salient benefit of EEG is its ability to record neural activities in response to emo-
tional states for both healthy and clinical populations. Multiple neural wave components
related to emotions occur within 300–800 ms following the stimulus presentation, which
provides essential information for emotion classification [57–59]. Machine Learning (ML)
models have been developed to enhance EEG-based emotion recognition by learning key
signal features that improve the accuracy of distinguishing between different affective
states [60–63]. Due to its affordability and ease of use, EEG has become a standard tool in
emotional research and neural monitoring [64–66].

2.1.3. Magnetoencephalography (MEG)

MEG measures the brain’s activity by detecting magnetic fields generated by neural
activity. Because the skull is transparent for magnetic signals, it allows high temporal
resolution while maintaining spatial accuracy [67–70]. Thus, this technique enables highly
accurate mapping of brain functions and has been used in studies of visual and auditory
emotions, recording responses in a time window of 100 ms [71–74]. MEG sensors’ pri-
mary recording modalities, magnetometers, and gradiometers record brain activities using
task-based and stimulus-induced measurements. These allow the researcher to conduct
frequency component analyses of neural responses, representing deeper cognitive and
emotional processes than before [67–71]. More recently, developments in deep learning and
newer mathematic modeling have widened the applications of MEG in neuroscience and
increased the accuracy of emotion recognition studies [74–77]. The use of MEG systems in
emotion studies is restricted due to the cost and complexity.

2.1.4. Positron Emission Tomography (PET)

Positron emission tomography (PET) is a nuclear imaging technique that offers high
sensitivity and spatial resolution for measuring radioligand-labeled receptor activity in the
brain. It is beneficial in investigating neurotransmitter interactions associated with emo-
tions [78–80]. PET imaging detects the positron emission from the radiolabeled tracers, gen-
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erating high-resolution 3D images using sophisticated reconstruction algorithms [81–84].
Despite its effectiveness, PET has remarkable limitations. The need for a cyclotron to
prepare radiotracers, the short half-life of these tracers, and the high cost of imaging make it
challenging to use widely in emotion research. Besides, PET has lower temporal resolution
than EEG and MEG, making it unsuitable for real-time tracking of emotions. Nevertheless,
PET is still one of the valuable techniques for investigating neural mechanisms of affective
states and neurotransmitter dynamics.

2.2. Deep Learning Fundamentals

It has revolutionized ML with big data, high-performance computing, and advanced
back-propagation training techniques. Deep learning methods have become integral to
complex pattern analytics, from image processing to sequential data modeling. This
section presents an overview of the key deep learning models with neuroimaging and
emotion detection applications. The convolutional neural network architecture is the most
applicable to image analysis, as it can learn the spatial hierarchy of features. Convolutional
neural networks adapt biological processing of vision using techniques of local weight-
sharing and filtering, hence being powerful in recognizing complex patterns [85–87]. A
recurrent neural network, on the other hand, models temporal dependencies in data over
sequences. It is also used in emotion recognition and natural language processing. RNNs
can maintain historical information in their state variables, which helps process time-
sensitive information. Traditional RNNs cannot handle long-range dependencies due
to vanishing gradients, which motivates using sophisticated architecture, such as LSTM
networks and GRUs, to avoid this problem [88–91].

2.2.1. Neural Networks

Neural networks have become increasingly common in neuroimaging research due to
their strong performance in pattern recognition and classification tasks, as mentioned in var-
ious studies [92–94]. However, their application in studying emotions remains scant. This
review synthesizes two primary research areas: emotion detection through neuroimaging
and deep learning applications in cognitive neuroscience [95–98]. Deep neural networks
(DNN) have several advantages in neuroimaging studies, from analyzing macroscopic
structural and functional MRI data to microscopic connectivity patterns of neural net-
works in animal studies [99–101]. It is versatile across domains: speech processing, image
recognition, and large-scale data analysis [102–104]. In neuroscience, neural networks
enable understanding of complex brain functions by determining activation patterns across
various cognitive and emotional states [105–108].

2.2.2. Convolutional Neural Networks (CNNs)

CNNs are effective in neuroimaging because they can handle image distortions and
recognize hierarchical feature representations. They surpass human performance in visual
recognition tasks by learning patterns correlating with different cognitive and emotional
states [109–112]. However, CNNs function as black-box models; hence, their decision-
making process is complex to interpret. This may lead to misclassification if model gener-
alization is not carefully managed [113–115]. In contrast, practical applications of CNNs
suffer from a high computational cost and memory consumption. Strategies that cope with
such issues include large dataset pretraining and multi-step training methods. Attention-
modulating networks, for example, do it in two steps, and the proposed step improves
feature learning to give better results in facial expression analysis [116–123].
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2.2.3. Recurrent Neural Networks (RNNs)

RNNs internally use their memory to process sequential inputs, and they are con-
sidered suitable for detecting emotions in neuroimaging. However, traditional RNNs
face issues like the vanishing gradient problem, which makes them poor at catching long-
range dependencies. For this purpose, LSTM and GRU architecture have been developed,
including some gate mechanisms for regulating the flow of information inside the net-
work [124–126]. A combination of CNNs and RNNs has been auspicious in the real-time
detection of emotions, as CNNs extract spatial features while RNNs model temporal de-
pendencies. This hybrid approach enhances the accuracy of emotion recognition systems
and enables effective modeling of time-sensitive neuroimaging data [127–133].

2.2.4. Generative Adversarial Networks (GANs)

In GANs, a generator generates fake data samples, and a discriminator differenti-
ates between the actual and generated samples. In this adversarial process, high-quality
synthetic data is generated that could be used to increase neuroimaging data and, hence,
enhance model training [134–137]. While GANs were initially developed for realistic im-
age synthesis, neuroimaging has variants that produce challenges related to limited data
availability. GANs generate diverse and high-fidelity samples, enhancing the general-
ization capability of deep learning models in neuroscience. However, there are several
disadvantages related to GANs, and one is a model’s mode collapse problems when it
fails to generate diverse data instances [138–142]. Despite challenges, they may promise
significant advancement in deep learning applications within cognitive neuroscience and
the synthesis of multimodal data.

2.3. Emotion Detection in Cognitive Neuroscience

Understanding the neural mechanisms for emotion detection is essential to explore
psychological, psychopathological, and neurodevelopmental differences. In general, emo-
tion detection may be a key modulator of cognitive processing because of its impacts on
internal representations of perceptual and response candidate stimuli [143,144]. Emotion
detection has clear implications in clinical research, directly impacting the intervention of
maladaptive cognitions and social misattribution. Moreover, studying emotion detection
can bring forward interpersonal dynamics, helping refine approaches in psychiatric and
developmental research [145–147]. Emotion detection has several broader concept interlink-
ages, such as empathy, theory of mind, and social cognition. All these cognitive functions
are linked and help one identify the emotional state of others while modulating one’s
affective states [148,149]. Accurate emotion detection is the process not only of recognizing
the emotions of others but also of differentiating them from one’s current emotional state,
which plays a crucial role in social interaction and cognitive development [150–152]. Some
significant factors influencing emotional regulation and correct attribution of emotion to
external agents are cultural background, education, and cognitive biases [153–159].

2.3.1. Neural Correlates of Emotion Processing

This section synthesizes neuroimaging studies identifying the brain regions and net-
works involved in emotion processing. It classifies findings from studies examining emotion
perception across different sensory modalities, including visual, auditory, and somatosen-
sory domains [160–163]. Emotion processing involves multiple neural pathways, with a
partial overlap in the networks for recognizing and categorizing emotions based on biolog-
ical motion, facial expressions, voice tone, and other sensory cues [164–166]. Beyond mere
recognition, emotion processing interacts with higher-order cognitive and social functions.
Neuroimaging research has unraveled networks involved in accessible and controllable
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emotions and those related to social and aesthetic contexts. These studies contribute to
developing intelligent emotion AI platforms that enhance empathic communication and
improve human-computer interaction [167–169].

2.3.2. Emotion Regulation Mechanisms

While emotion recognition in faces is well understood and widely exploited in af-
fective computing, relatively less attention has been given to the mechanisms govern-
ing emotional responses. Emotion regulation involves five primary strategies: attention
control, cognitive reappraisal, situation selection, situation modification, and response
modulation [170–172]. neuroimaging data implicates a network of inter-connected regions
involved in these processes, including the amygdala, orbitofrontal cortex, VLPFC, dlPFC,
ACC, insular cortex, and supplementary motor area [173–176]. The dlPFC and VLPFC play
core roles in cognitive control and emotion regulation, and the lateral prefrontal cortex
plays a vital role in reappraisal. Accordingly, top-down modulation from the dlPFC to the
amygdala has been identified as one of the primary mechanisms for suppressing negative
affective responses [177–180]. Functional heterogeneity within the prefrontal cortex is
further supported by the distinction in the functions of the ventral lPFC (Brodmann area
10) in cognitive control and emotional processing. While this region is similarly activated
during working memory tasks, its function in affective regulation is less clearly estab-
lished [181–183]. While the dlPFC-VMPFC pathway has been associated with successful
emotional downregulation, the inferior frontal gyrus, especially on the right side, shows
more excellent activity during higher emotional reactivity. Moreover, individual differences
in cognitive modulation strategies have been prospectively associated with functional
plasticity and gray matter volume, providing a neuroanatomical correlation for individual
differences in emotion regulation strategies [184–186].

2.4. Deep Learning Applications in Emotion Detection

This demand has risen with the increasing usage of social media platforms to track
public emotions, opinions, and trends using sentiment analysis tools. Most recent ef-
forts have been made using deep learning techniques, which especially try integrating
behavioral and cognitive neuroscience insights to improve emotion detection systems’
performance [187–190]. While deep learning is the dominating approach, especially con-
volutional and recurrent neural networks, works are still bound to a few specific and
expensive datasets [191–193]. Most experiments base their conclusions on single fMRI
datasets with proprietary protocols [194–196]. Due to this research’s interdisciplinary na-
ture, quite a few studies are hard to reach. To this, a deep learning-based fMRI emotion
detection dataset has been developed, integrating the literature from several databases
into a constantly updated database. This will be further enhanced by the increasing contri-
bution of scholars in the area [197–199]. Facial expression recognition is one of the most
researched methods of detecting emotions, and this technique identifies emotional states
by using facial features such as eyebrows, eyes, and mouth. The modern models achieve
near-human performance by employing deep learning techniques for feature extraction and
classification [200–204]. Recent developments include deep Boltzmann machines, which
outperform the GPU memory constraints, and deep belief networks designed to improve
classification accuracy in recognizing emotions such as happiness, sadness, fear, anger,
and surprise [205,206]. Generative adversarial networks have also been implemented
to make the models more robust in handling unrecognizable/unknown faces. In con-
trast, deep feed-forward networks use newer feature extraction methodologies for better
performances [207,208].
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Voice emotion recognition has been developed based on the classification of emotions
by speech signals, though sensitive to gender, age, and environmental conditions. Most re-
cent models utilize deep learning architectures, particularly convolutional neural networks,
to improve classification sensitivity and accuracy [209–212]. The improved synthesized
speech technology allows more realistic emotion detection, broadening applications in
affective computing and human-computer interaction. Multimodal emotion recognition ap-
proaches integrate sensor inputs that include facial expressions, speech, heart rate, and other
physiological signals to improve detection accuracy. The most common systems use visual
and verbal cues, but additional physiological signals, such as electrocardiogram and electro-
dermal activity, have also been incorporated in several studies [200,213–216]. The growing
interest in the applications of brain-computer interfaces and electroencephalography-based
approaches further supports the application of neuroimaging techniques in multimodal
emotion AI.

While integrating neuroimaging and deep learning has facilitated the real-time imple-
mentation of neurofeedback mechanisms, a new direction of emotion recognition presents
itself. Unfortunately, most works do not discuss choosing the best features from EEG signals
for neurofeedback. Several studies have compared various emotion models and feedback
strategies through their classification performance on different classes of emotions, as
reported in [216–221]. Various ML techniques, like Fisherface, Eigeneyes, principal compo-
nent analysis, support vector machines, k-nearest neighbors, and Gaussian mixture models,
are utilized with the current classification systems. These models have been tested using
emotion valence, feedback forms, and prediction accuracy to help neurofeedback-based
emotion recognition.

Finally, Network Visualization (Figure 1) illustrates interconnected neuroimaging
techniques, deep learning architecture, application domains, and ethical challenges in
emotion detection research. In light blue, neuroimaging modalities are represented—for
example, fMRI, EEG, MEG, and PET—while showing their role as data sources feeding into
various deep learning models represented in light green. These deep learning architectures,
such as CNNs, RNNs, and GANs, allow for processing and interpreting neuroimaging
data in applications across various domains: mental health, human-computer interaction,
marketing, and adaptive systems—highlighted in orange. Red nodes emphasize the ethical
challenges—privacy, bias, and inclusivity—intersecting these applications.

Figure 1. Network visualization of neuroimaging and deep learning integration.

126



Diagnostics 2025, 15, 456

2.5. Research Questions

A plethora of existing literature underlines an ever-increasing intersection between
neuroimaging techniques and deep learning methodologies in the pursuit of more accurate
and efficient emotion detection systems. While fMRI, EEG, and MEG have been performing
remarkably in mapping neural correlates of emotions, their integration with deep learning
models, such as CNNs, RNNs, and GANs, has opened new avenues for improving classi-
fication accuracy and interpretability. However, challenges remain regarding the dataset
size, model transparency, and real-world applicability issues concerning these frameworks.
Furthermore, emotion detection technologies have been increasingly applied in mental
health diagnostics, cognitive neuroscience, and human-computer interaction, introducing
a series of opportunities and limitations. Despite such advances, there is still a lack of a
unified framework that integrates neuroimaging insights with algorithmic innovations to
improve scalability, robustness, and ethical implementation. The achievements made so
far demand this attention if the area of emotion recognition is to advance and the models
being developed to translate into clinical, computational, and adaptive systems effectively.
Hence, the following research questions are formulated to answer those challenges and
opportunities systematically.

Neuroimaging and Emotion Detection:
[RQ1] How can advanced neuroimaging modalities (fMRI, EEG, MEG) and their

integration be optimized to detect, classify, and interpret emotional states across diverse
real-world and clinical settings?

Deep Learning Innovations in Emotion Detection:
[RQ2] What roles do deep learning architectures (e.g., CNNs, GANs, RNNs) play in

enhancing emotion recognition from neuroimaging data, and how can transfer learning
and explainable AI address challenges like dataset size and model transparency?

Applications in Mental Health and Cognitive Neuroscience:
[RQ3] How can advances in neuroimaging and deep learning contribute to under-

standing the neural mechanisms of emotions and their applications in mental health (e.g.,
diagnostics, therapy) and cognitive neuroscience research?

Applications in Human-Computer Interaction and Adaptive Systems:
[RQ4] How do emotion detection technologies powered by neuroimaging and deep

learning enhance adaptive systems, such as brain-computer interfaces (BCIs), virtual reality,
and intelligent robotics, to improve user experience and interaction?

Integrated Frameworks for Emotion Detection:
[RQ5] How can neuroimaging and deep learning techniques be combined into inte-

grated frameworks that improve emotion detection systems’ robustness, scalability, and
real-world applicability?

3. Materials and Methods

3.1. Scope

Hence, this systematic review explores the integration of neuroimaging techniques and
deep learning approaches in emotion detection, focusing on their intersection to enhance
the understanding and application of emotion recognition. Regarding their capabilities
and limitations, it evaluates different neuroimaging modalities, such as fMRI, EEG, and
MEG. Additionally, it analyzes deep learning architectures, including CNNs, RNNs, and
GANs, for emotion classification. Practical applications in mental health, human-computer
interaction, and adaptive systems are also discussed. Ethical considerations like privacy,
inclusivity, and bias are examined alongside technical challenges to synthesize key insights
that guide future research in developing reliable and impactful emotion detection systems.
This systematic review follows the PRISMA (Preferred Reporting Items for Systematic
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Reviews and Meta-Analyses) guidelines to ensure transparency and reproducibility of
evidence synthesis [222]. A protocol outlining the objectives, eligibility criteria, information
sources, and analysis methods has been registered on the Open Science Framework (OSF)
[Registration: osf.io/9g7wr], ensuring methodological clarity and accessibility [223].

3.2. Search Strategy

A comprehensive literature search was performed using five major academic
databases: PubMed, Scopus, Web of Science, Google Scholar, and PsycINFO. These
databases were selected based on their extensive neuroimaging, cognitive neuroscience,
and deep learning literature coverage. Specifically:

• PubMed: Provides access to a vast neuroscience and medical research repository.
• Scopus: Ensures multidisciplinary coverage, including computational methods.
• Web of Science: Includes high-impact journals and citation tracking.
• Google Scholar: A broader database capturing gray literature and preprints.
• PsycINFO: Focuses on psychological and cognitive neuroscience studies.

The search strategy was designed to retrieve relevant studies integrating neuroimag-
ing and deep learning for emotion detection. The following Boolean logic was applied
across databases:

(“neuroimaging” OR “functional magnetic resonance imaging” OR “fMRI” OR “elec-
troencephalography” OR “EEG” OR “magnetoencephalography” OR “MEG”) AND
(“deep learning” OR “machine learning” OR “artificial intelligence” OR “neural net-
works” OR “convolutional neural networks” OR “CNN” OR “generative adversarial
networks” OR “GAN”) AND (“emotion detection” OR “emotion recognition” OR
“affective computing” OR “emotion classification”)

For each database, appropriate field tags and filters were applied where applicable.
The search covered studies published between 2010 and 2024 to capture recent advances in
deep learning and neuroimaging for emotion recognition. This time frame was selected to
reflect the evolution of deep learning methodologies applied to neuroimaging data.

3.3. Analytical Search Process

The systematic review followed the PRISMA guidelines to ensure transparency and rigor
in identifying, screening, and including studies. A comprehensive search was conducted
across multiple databases—PubMed, Scopus, Web of Science, Google Scholar, and PsycINFO—
using tailored keywords related to neuroimaging, deep learning, and emotion detection.
Database searches initially identified 262 records. Before the screening process, 63 duplicate
records were removed, along with 11 records due to language restrictions, 24 published
before 2010, and 16 with non-relevant titles. This resulted in 148 records for title and abstract
screening. During this screening phase, 18 records were excluded due to irrelevance to the
topic (e.g., studies not focusing on neuroimaging, deep learning, or emotion detection), and
13 non-empirical articles (such as commentaries and opinion pieces) were removed. Following
this, 117 reports were sought for full-text retrieval, but four could not be retrieved due to
difficulties accessing the full text. As a result, 113 full-text articles were assessed for eligibility
based on predefined inclusion and exclusion criteria. Of these, 12 were excluded due to
insufficient methodological detail, 16 were excluded based on publication type (conference
abstracts, non-peer-reviewed articles, or gray literature), and 21 were excluded due to the study
population (e.g., animal studies that were not explicitly related to human neural mechanisms
of emotion). Ultimately, 64 studies met the inclusion criteria and were incorporated into the
systematic review (Table 1). This rigorous selection process ensured that the final set of studies
was methodologically sound and highly relevant to the research objectives (Figure 2).
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n

before screening

-Duplicate records removed (n=63) 

-Language restrictions (n=11) 

-Records <20142010 (n=24) 

-Title with non-relevant topic (n=16) 

n

-Irrelevance to the Topic (e.g., not about 

neuroimaging, deep learning, or emotion 

detection) (n=18) 

-Non-empirical articles (e.g., 

commentaries, opinion pieces) (n=13)

n -Hard finding full text (n=4) 

n

-Insufficient methodological detail (n=12) 

-Publication Type (Conference abstracts, 

non-peer-reviewed articles, or gray 

literature) (n=16) 

-Population (Animal studies, unless 

explicitly related to neural mechanisms 

applicable to human emotions) (n=21) 

n

Figure 2. Flowchart of PRISMA methodology.

3.4. Inclusion and Exclusion Criteria

Inclusion and exclusion criteria were carefully established to align with the research
objectives and ensure the systematic review’s rigor and relevance. These criteria guided
the selection process to focus on high-quality, empirical studies integrating neuroimaging
and machine learning for emotion detection. Below are the detailed criteria:

Inclusion Criteria:

• Studies investigating integrating neuroimaging techniques (e.g., fMRI, EEG, MEG)
with machine learning or deep learning for emotion detection.

• Empirical studies with well-defined methodologies, including experimental, observa-
tional, or longitudinal designs.
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• Research involving human participants addressing emotion recognition in clinical or
non-clinical populations.

• Use of neuroimaging data analyzed with advanced computational frameworks.
• Studies published in English.
• Ethical adherence, including appropriate ethical approval and data privacy standards.

Exclusion Criteria:

• Studies are irrelevant to the research objectives, such as focusing solely on traditional
statistical methods without integrating neuroimaging or machine learning.

• Non-empirical articles, commentaries, and theoretical papers.
• Studies lack precise methodological details or focus exclusively on animal populations.
• Articles that do not employ neuroimaging modalities or rely solely on behavioral or

survey data.
• Use of traditional machine learning techniques without analyzing neural data.
• Articles published in languages other than English.
• Conference abstracts, gray literature, or non-peer-reviewed studies.
• Studies with small sample sizes, high methodological bias, or insufficient detail as

assessed by quality evaluation tools.

3.5. Study Selection and Screening

The selection process involved three phases:

1. Title and Abstract Screening: Two independent reviewers screened retrieved records.
2. Full-Text Assessment: Studies meeting eligibility criteria were reviewed in full.
3. Data Extraction: Key study attributes, including neuroimaging techniques, deep

learning models, and emotion detection outcomes, were systematically recorded.

Disagreements were resolved through discussion, and a third reviewer was consulted
when necessary.

3.6. Risk of Bias Assessment

Systematic risk of bias assessment was conducted using the Cochrane Risk of Bias
2 (RoB 2) tool for randomized studies and the Newcastle-Ottawa Scale (NOS) for obser-
vational studies. These tools were selected due to their established validity in assessing
methodological quality and potential biases in experimental and non-experimental research.
The risk of bias assessment revealed key trends across six domains, with raw numbers
provided alongside percentages for clarity:

• Selection Bias: The risk was low in 45 out of 64 studies (70%), mainly due to well-
defined and representative populations. However, 10 studies (15%) were categorized
as high risk due to unclear inclusion criteria, and nine studies (15%) had unclear risk
due to insufficient information.

• Performance Bias: The risk was low in 38 studies (60%) due to consistent method-
ologies, whereas 16 studies (25%) were categorized as unclear since intervention
standardization was described minimally. A high risk was identified in 10 studies
(15%) due to variations in protocol adherence.

• Detection Bias: The risk was low in 51 studies (80%), as most studies used reliable
outcome measures. However, nine studies (14%) were at high risk due to inconsistent
application or subjective assessments, and four (6%) were rated as unclear.

• Attrition Bias: Adequately addressed in 26 studies (40%), while 19 studies (30%) were
at high risk due to incomplete datasets without justification. The remaining 19 studies
(30%) were classified as unclear due to insufficient reporting on data loss.
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• Reporting Bias: Found to be low in 48 studies (75%), suggesting transparency in
outcomes. However, six studies (10%) showed signs of selective reporting, and 10
(15%) were unclear due to incomplete data presentation.

• Ethical Compliance: Adherence to ethical guidelines was high in 51 studies (80%),
ensuring proper participant protection. However, six studies (10%) were categorized
as high risk due to poor ethical considerations, and seven (10%) were marked as
unclear due to insufficient documentation.

Two independent reviewers assessed the risk of bias to ensure consistency, and any
discrepancies were resolved through discussion. Cohen’s kappa coefficient (κ) was 0.82,
indicating strong interrater agreement. Thresholds for bias categorization were determined
as follows:

• Low risk: Studies with minimal concern across key methodological domains.
• Unclear risk: Studies with insufficient details to assess potential biases.
• High risk: Studies with methodological limitations that may impact the validity

of findings.

These refinements provide transparency, improve methodological clarity, and address
reviewer concerns regarding bias assessment metrics.

The chart below (Figure 3) presents the distribution of risk of bias assessments across
six methodological domains: Selection Bias, Performance Bias, Detection Bias, Attrition
Bias, Reporting Bias, and Ethical Compliance. This visualization highlights areas where
future research can improve methodological transparency and standardization.

Figure 3. Risk of bias assessment visualization.

4. Results

The results of this study underline the great strides made in integrating neuroimaging
and deep learning technologies in emotion detection. This review synthesizes findings
from diverse studies to examine the potential of different neuroimaging modalities and ML
architectures in addressing the key challenges of emotion recognition: spatial and temporal
resolution, model interpretability, and real-world applicability. Key trends, methodologi-
cal innovations, and emerging applications are identified, and there are insights on how
these technologies may contribute to a deeper understanding of the emotional processes
with their far-reaching implications. Finally, results are organized around the core re-
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search questions emphasizing their relevance to clinical, technological, and cognitive
neuroscience contexts.

[RQ1] How can advanced neuroimaging modalities (fMRI, EEG, MEG) and their integra-
tion be optimized to detect, classify, and interpret emotional states across diverse real-world and
clinical settings?

Developing reliable, sensitive, and specific tools for detecting, classifying, and inter-
preting emotional states across diverse real-world and clinical settings using advanced neu-
roimaging modalities (fMRI, EEG, MEG, and others) requires a multifaceted and integrative
approach. This complexity stems from emotion’s multidimensional nature, encompassing
cognitive appraisals, physiological changes, subjective feelings, and behavioral expressions.
Capturing this multifaceted nature requires leveraging the complementary strengths of
various neuroimaging techniques.

Multimodal integration is paramount. While fMRI provides high spatial resolution,
allowing researchers to pinpoint the brain regions involved in emotional processing [273], it
suffers from relatively poor temporal resolution. In contrast, EEG and MEG offer excellent
temporal resolution, capturing the rapid neural dynamics underlying emotional responses
in milliseconds [283]. However, their spatial resolution is limited. NIRS, measuring
hemodynamic responses across different brain regions with high temporal resolution
(multiple samples per second), provides a valuable complementary perspective, particularly
advantageous in pediatric neuroimaging due to its non-restrictive nature [259]. With its
ability to map specific molecular targets, particularly neurotransmitter systems implicated
in emotion, PET offers another critical layer of information [265]. However, PET often
requires integration with other modalities to overcome its spatial or temporal resolution
limitations.

The key to effective multimodal integration lies in data synchronization and fusion. As
demonstrated in multimodal integration studies [268], combining fMRI’s spatial resolution
with EEG/MEG’s temporal precision yields a far more comprehensive mapping of the
emotional circuitry. This requires sophisticated algorithms and computational techniques
to align data acquired at different timescales and spatial scales. This integrated approach
allows researchers to capture the immediate neural reactions (via EEG/MEG) and their
spatial distribution across networks implicated in emotion processing (via fMRI). Such
integration goes beyond simple juxtaposition; it aims for a synergistic understanding where
one modality’s strengths compensate for another’s weaknesses.

Experimental design optimization is equally crucial for robust emotion detection.
Studies utilizing standardized emotional stimuli from resources like the International
Affective Picture System (IAPS) have shown strong activation of neural circuits involved in
emotion processing [244]. These standardized stimuli provide a controlled environment
for eliciting specific emotions, allowing for comparisons across individuals and studies.
Time-locked stimulus presentation further enhances experimental control, enabling precise
examination of neural activity about emotional triggers [261]. For instance, research has
demonstrated that viewing negative images elicits quantifiable increases in amygdala
activity with simultaneous ventromedial prefrontal cortex (vmPFC) decreases, providing
evidence for the sensitivity of these methods to changes in emotional state [249].

However, ecological validity remains a concern. While standardized stimuli offer
control, they may lack the richness and complexity of real-world emotional experiences.
Therefore, researchers increasingly incorporate naturalistic paradigms that utilize dynamic
facial expressions and audiovisual stimuli [282]. These paradigms aim to capture the more
nuanced and dynamic aspects of emotional processing that occur in everyday life. Fur-
thermore, there’s an increasing interest in using fMRI in predicting outcomes [225,228,243],
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reinforcing the clinical relevance. The selection of appropriate experimental paradigms
depends on the research question and the target population.

Advanced analytical approaches have significantly improved emotion detection ca-
pabilities from neuroimaging data. ML and deep learning methods have analyzed lon-
gitudinal neuroimaging data and identified patterns associated with different emotional
states [255,276]. Convolutional neural networks (CNNs) have shown high accuracy in
classifying emotional states using EEG data [246,269]. These algorithms can learn com-
plex, non-linear relationships between neural activity patterns and emotional labels, often
outperforming traditional statistical methods.

Beyond classification, graph theoretical analyses enable the examination of emotion-
related functional connectivity alterations [265]. These analyses treat the brain as a net-
work of interconnected nodes (brain regions) and edges (connections between areas). By
analyzing connectivity patterns, researchers can identify how different brain regions in-
teract during emotional processing and how these interactions might be disrupted in
emotional disorders.

When applied to neuroimaging data, reinforcement learning models offer a power-
ful tool for dissecting the components of emotional processing [232]. These models can
dissociate updating, valuation, and other learning processes associated with anhedonia
(reduced ability to experience pleasure) and adverse effects in depression. This computa-
tional approach provides a deeper understanding of the neural mechanisms underlying
emotional dysregulation.

Crucially, individual variation in emotional processing must be accounted for. Age,
gender, and pubertal status significantly influence emotional processing due to endocrino-
logical changes and other developmental factors [256]. Longitudinal designs are essen-
tial for tracing the temporal dynamics of emotional processing and understanding how
these factors interact over time [254,285]. Rather than relying solely on group compar-
isons, individual-level analyses afford a more precise characterization of emotional states.
Transfer learning techniques allow adapting emotion classification models to individual
participants, further enhancing personalization [269]. These approaches often benefit from
integrating behavioral measures, like facial expressions and physiological responses [181],
creating a multi-dimensional view of individual differences.

Technical innovations are continually expanding the possibilities for real-world im-
plementation. Real-time fMRI neurofeedback allows dynamic tracking and potentially
modulating emotion-related brain activity [285,287]. This technique provides participants
with real-time feedback on their brain activity, enabling them to learn to self-regulate their
emotional responses. These approaches hold promises for monitoring treatment progress
and early detection of mood disorders [276].

The development of portable, wireless neuroimaging systems, even those miniaturized
to the size of a smartphone [272], is revolutionizing the field. These systems allow for
ambulatory and untethered measurements, enabling researchers to monitor emotional
states in environments much closer to naturalistic settings. This overcomes a significant
limitation of traditional laboratory-based approaches, where the artificial environment can
significantly alter emotional responses.

Integrating chemogenetic approaches with neuroimaging represents a further opti-
mization strategy. For instance, combining PET and fMRI data takes advantage of PET’s
high sensitivity in mapping specific molecular targets (e.g., neurotransmitter receptors)
while maintaining high spatiotemporal resolution [265]. This multimodal approach allows
for investigating the effects of chemogenetic manipulations of neuronal activity on emotion
processing, complementing existing approaches like transcranial magnetic stimulation
(TMS) and transcranial direct current stimulation (tDCS) [266].
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Standardization efforts are essential for ensuring reliability and reproducibility across
research sites. Studies using traveling participants have demonstrated that person-related
variability is often significantly higher than site-related variability during emotional
tasks [245]. This highlights the robustness of properly optimized neuroimaging protocols
for emotion identification across different research environments. Standardized protocols,
ensuring minimal variations across sites [252], are critical for large-scale implementation
and data sharing. Furthermore, the field increasingly uses ensemble methods, such as
the ensemble 3D convolutional neural network approach [263], to analyze longitudinal
trajectories of brain changes, further enhancing standardization.

Computational modeling continues to advance the field. Applying computational
models to neuroimaging data allows for parsing emotional processing components and
tracking therapeutic changes [232,238]. Coupling neuroimaging with interventions such as
deep brain stimulation (DBS) opens new possibilities for modulating aberrant emotional
circuits [261], offering a direct therapeutic avenue.

Cross-modal validation strengthens the reliability of emotional state detection. Re-
searchers are increasingly combining neuroimaging with simultaneous behavioral mea-
sures of facial expressions and physiological responses [181]. This multi-modal behavioral
approach allows researchers to tie neural activity patterns to observable emotional reac-
tions, providing a more holistic understanding of individual emotional states. Longitudinal
designs and cross-validation studies are emphasized to separate state versus trait aspects
of emotional processing and establish neuroimaging markers’ stability and reliability for
emotional states across different contexts and time points [275,277]. Real-time feedback
expands into real-time intervention applications [261], and artificial intelligence improves
detection tools’ sensitivity [246].

The goal is translation to clinical applications. Neuroimaging holds significant promise
for early detection of mood disorders [276], monitoring treatment response [283], and
identifying neuro-modulation targets [238,240]. This translation requires overcoming the
limitations of individual neuroimaging techniques through multimodal integration, which
is critical in clinical settings where accurate emotion detection and classification are crucial
for diagnosis and treatment planning.

In conclusion, evaluating the strengths and limitations of different neuroimaging
modalities is crucial to optimizing the detection, classification, and interpretation of emo-
tional states across diverse real-world and clinical settings. Based on the findings from the
systematic review, Figure 4 presents a comparative radar chart illustrating the performance
of fMRI, EEG, MEG, PET, and NIRS across five key attributes: spatial resolution, temporal
resolution, cost, accessibility, and clinical applicability.

• fMRI is frequently utilized in emotion detection studies due to its high spatial resolu-
tion, making it particularly effective in mapping brain regions involved in affective
processing [243,248]. However, its temporal resolution is relatively low, limiting its
ability to capture rapid neural activity associated with emotional responses [245].
Additionally, its high operational cost and limited accessibility restrict its use primarily
to specialized research and clinical environments [240].

• EEG, widely used in emotion recognition research, provides excellent temporal resolu-
tion, allowing researchers to detect real-time neural activity changes during emotional
processing [249,250]. It is also the most affordable and accessible modality, making it
a preferred choice for real-world and clinical applications [227]. However, its spatial
resolution is significantly lower than other imaging techniques [233].

• MEG presents an intermediate solution, balancing high temporal and moderate spatial
resolutions. Studies indicate its effectiveness in tracking emotional state transitions
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with millisecond precision [246]. However, its high cost and the requirement for
specialized facilities limit its widespread adoption [252].

• PET is valuable for measuring molecular-level processes involved in emotional re-
sponses, particularly neurotransmitter activity [238,242]. However, it suffers from low
temporal resolution, high costs, and logistical challenges related to using radioactive
tracers [237].

• NIRS, an emerging neuroimaging technique, provides a cost-effective, portable, and
non-invasive alternative for monitoring hemodynamic responses. It benefits pediatric
and ambulatory research [253]. Although its spatial resolution is lower than fMRI,
it offers reasonable temporal resolution, making it a valuable complement to other
modalities [232].

Figure 4. Comparison of neuroimaging modalities for emotion detection.

The radar chart highlights these trade-offs, emphasizing the need for multimodal
integration to capitalize on these techniques’ complementary strengths. As demonstrated
in the reviewed studies, integrating fMRI’s spatial accuracy with EEG/MEG’s temporal
sensitivity significantly enhances emotion classification models [231,236]. Additionally,
portable and real-time neuroimaging systems are rapidly evolving, enabling ecological
validity in emotion detection research [249,250].

Findings from the systematic review underscore the necessity of standardized data
fusion methods and advanced computational models, such as deep learning and transfer
learning, to further improve the integration of neuroimaging modalities [225,227]. These
advancements will enhance the scalability and reliability of emotion detection, facilitating
broader applications in mental health diagnostics, brain-computer interfaces, and affective
computing.

[RQ2] What roles do deep learning architectures (e.g., CNNs, GANs, RNNs) play in enhancing
emotion recognition from neuroimaging data, and how can transfer learning and explainable AI
address challenges like dataset size and model transparency?

Deep learning architectures, such as Convolutional Neural Networks, Recurrent
Neural Networks, and Generative Adversarial Networks, considerably improve the study
of emotion recognition using neuroimaging data. These technologies transform how
researchers analyze and interpret the intricate neural patterns associated with various

167



Diagnostics 2025, 15, 456

emotional states, offering a leap forward in understanding and application. However, this
brings in many challenges when applying these powerful tools judiciously to arrive at
maximum effectiveness.

The CNNs have emerged to be powerful tools in neuroimaging analysis. Several
works using them have demonstrated the potential of extracting meaningful features from
complex brain imaging data. For example, interpretable deep learning models, such as
ensemble 3-dimensional CNNs with enhanced parsing techniques, open new avenues
toward whole-brain analysis [263]. According to several research studies, CNNs can
detect a wide range of emotional states with different intensities using a relatively modest
number of parameters [231]. Other works confirm that neuroimaging analysis with CNNs
achieves remarkable accuracy, sensitivity, and specificity; sometimes, it reaches a perfect
AUC score [246]. RNNs, particularly when combined with other architectural elements
like deep sub-space reconstruction, excel at capturing the temporal aspects of emotional
processing [255]. This ability to analyze time-dependent emotional processes is crucial
for understanding the dynamic nature of emotions. The integration of RNNs with other
techniques highlights their versatility and adaptability in handling the complexities of
neuroimaging data.

Transfer learning has become an indispensable strategy for dealing with one of the
most pervasive issues, small dataset sizes, in neuroimaging studies. The model trained
on a small dataset with 99 subjects can be successfully expanded to a much larger cohort
of 1441 participants [238], demonstrating the scalability of this approach. This is typically
done by pre-training CNNs on large, related domain datasets, such as speech datasets
like RAVDESS and TESS, and then fine-tuning them for a specific emotion recognition
task in neu-reimaging [231]. This cross-domain knowledge transfer significantly enhances
the generalization capability of the models from limited data. Successful implementa-
tions of transfer learning have also been reported in other areas, including gaze behavior
tracking [276], further validating its effectiveness.

Model interpretability requirements quicken the pace at which explainable AI tech-
niques, including emotion recognition, are being conducted. Epsilon layer-wise propaga-
tion algorithms were utilized to explain how a deep learning model reached decisions [238].
This would reveal which feature or pattern most strongly influenced neuroimaging data
for classifying the current emotional state of the model. Afterward, the field was further
developed by implanting explainable visualizations into frameworks such as OVBM [257]
and making complex neural networks more transparent and interpretable. The researchers
also contributed to performing systematic feature analyses, working out correlations be-
tween CNN-based features and established EEG markers of emotion [269], and further
bridging the gap between model predictions and neuroscientific knowledge.

Dataset limitations have often served as an engine of innovation in this domain. Large-
scale projects like REST-meta-MDD [239,240] have already proved that functional images
from different sites can be pooled through standardized processing, thus considerably
increasing the size and heterogeneity of available data. In addition to increasing the
amount of data, techniques like deep subspace reconstruction aim to make the most of
those rare data [255]. This again brings us to the point of collaboration and sharing data.
Recently, such a call has been made to build open databases that could accelerate ML
model development in this direction [276]. Another promising frontier is the integration of
multimodality imaging using deep learning approaches [268]. This can be realized by a
richer, more nuanced understanding of emotional states, leveraging the complementary
information derived from different imaging techniques, such as combining the spatial
resolution of fMRI with the temporal precision of EEG/MEG. Standardization is essential
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in that process, with calls for the development of robust protocols both for data acquisition
and analysis, which ensure consistency and comparability across studies [276].

Studies have investigated the reliability of neuroimaging measures across multiple
scanning sites [245], finding that person-related variability is often more significant than
site-related variability. These findings have important implications for developing and
validating deep learning models in neuroimaging, emphasizing the need to account for
individual differences in emotional expression and neural patterns. The challenge of
model complexity and dataset size has led to the development of new methods in data
augmentation and self-supervised learning. A set of methods currently under exploration
consists of intrinsic data augmentation using GANs and self-supervised learning methods
such as EEG2Vec that aim to improve model performance on small, labeled datasets [269].
These techniques generate synthetic data or use unlabeled data to enhance training.

The field constantly moves to more complex implementations, such as studying spe-
cific brain regions that participate in emotional processing, like the amygdala and prefrontal
cortex [244]. This research has underlined the need for developing models to provide in-
sights into their decision-making processes while preserving high performance levels.
Standardized protocols have been considered fundamental in this respect [276]. These,
integrated with various imaging modalities [268], coupled with sophisticated data augmen-
tation techniques [269], are promising research directions for the future. This is to develop
valid and interpretable models that recognize emotional states appropriately in different
populations and contexts and provide transparency in their decision-making processes.

This body of research has illustrated some key areas of development and improvement
regarding using deep learning architectures for emotion recognition using neuroimaging
data. Large-scale projects such as the REST-meta-MDD project [240] have shown ways
standardized processing pipelines may convert neuroimaging data from diverse sources
into something useful. The challenge lies in increasing the number and diversity of datasets
for training robust deep-learning models. Building on this, the development of frameworks
incorporating various types of neural data into deep learning architectures, such as the
Open Voice Brain Model (OVBM) [257], highlights the potential to develop even more
holistic approaches to emotion recognition.

Lack of model transparency is one of the complaints often aired throughout litera-
ture. Solutions such as computational modeling are being developed to parse different
components of emotional processing [232]. A deep learning model should be interpretable
to provide insight into the changes in learning parameters and neural responses after
interventions like CBT. The need for accessible databases [276] is also put forward since
a shortage of large-scale datasets is one of these models’ main limitations. It general-
izes neuroimaging-based emotion recognition, and signals coordinated efforts toward
developing comprehensive, standardized databases.

Classification strategies for subject transfer offer promising solutions toward the
challenge of the variability of the individual expressions of emotional states and neural
patterns. On the other hand, transfer learning techniques have allowed fine-tuning of
pre-trained models for individual participants [269], showing another direction in which
deep learning architectures can be modified to include individual differences without
sacrificing robust performance. Another important line of work regards the combination
of auditory and visual stimuli [259]. Merging multiple stimulus modalities using deep
learning architectures would yield more prosperous and more contextualized data for
emotion recognition, increasing the accuracy and reliability of the systems.

Applications to longitudinal data analysis [224] offer an excellent opportunity to
understand the time-varying dynamics of emotional states. This is valuable for long-
term tracking of an individual’s emotional response due to interventions or environmental
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factors. The emphasis on interpretable deep learning algorithms is significant in developing
models to shed light on their decision-making processes. Complex architectures, such
as Ensemble 3DCNNs [263], have been designed to maintain transparency for complex
neuroimaging data.

The call for developing novel imaging techniques and biomarkers [227] represents a
further step in innovation, suggesting the potential for creating new architectural elements
designed explicitly for emotion-related neural patterns or hybrid models that combine
different approaches to feature extraction and classification. Although not strictly focused
on emotion recognition, insight can be gained from optimizing deep convolutional neural
network architectures from complex biological data in medical imaging analysis [234],
with success regarding automated disease progression assessment, suggesting related
approaches could henceforth effectively track emotional state changes.

Shortly, the approaches, as already seen so far, should become more multimodal,
addressing one or more relevant aspects of the problem of emotional recognition. So
far, however, balancing these models’ power and complexity against clinical applicability
and interpretability remains an overwhelming task. Accordingly, future directions will
probably emphasize the development of standardized frameworks that can process neu-
roimaging data in various forms while ensuring transparency and reliability in diverse
contexts and populations [250,251,253]. Real-time analysis allows for tracking and possibly
even modulating dynamic changes in emotion-related brain activity [285,287]. Realtime
fMRI neurofeedback studies can provide a further step toward adapting deep learning
approaches to fundamental changes in emotional states.

Neuroimaging with interventions [261] calls attention to the special need for robust
approaches to validity. Deep learning models should be validated not only in terms of
statistical measures but also in terms of their ability to inform and improve clinical inter-
ventions. This accelerates the translation of functional neuroimaging findings into clinical
applications [240]. New-generation neuroimaging systems that are more portable and
miniaturized [272] further raise the need for developing deep-learning architectures capa-
ble of processing data from these devices. While this opens new avenues for real-world
applications in emotion recognition, it also implies unique data processing and model
optimization challenges. Changes in the structure and function of the brain connected with
emotional processing must be observed over time [254]. Therefore, deep learning archi-
tectures that can model temporal dynamics are requested. Temporal in nature, emotion
recognition demands the most articulated ways of feature extraction and pattern recogni-
tion across multiple frames of time. The emphasis on combining spatial resolution from
fMRI with temporal precision from EEG/MEG [268] highlights the ongoing challenge of
integrating different types of neuroimaging data within unified deep learning frameworks.
Multi-modal integration is a crucial frontier in improving the accuracy and reliability of
emotion recognition.

As discussed, developing standardized protocols remains critical for ensuring the
reliability of deep learning applications across different research sites and clinical set-
tings [245]. The finding that person-related variability exceeds site-related variability has
important implications for model design and validation. There is great promise for integrat-
ing deep learning with other advanced analytical techniques. Integrating neuroimaging
with simultaneous behavioral measures [181] offers opportunities to develop more compre-
hensive emotion recognition systems incorporating multiple data streams. This could help
overcome some of the current limitations in accuracy and reliability.

Model transparency remains one of the most challenging tasks that continues to
drive innovation in explainable AI techniques. Whereas much progress has been made
in rendering deep learning models more interpretable, even more advanced approaches
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are still needed, which can explain how these models process and classify emotional
states from neuroimaging data. The goal remains to create robust, sensitive, and specific
tools for detecting, classifying, and interpreting emotional states in various contexts. This
requires sustained attention to both technical optimization and practical implementation
considerations. Continuous improvements in deep learning architectures, transfer learning,
and explainable AI developments promise to enhance our abilities in understanding and
harnessing neuroimaging data for emotion recognition [260,262,266,267].

A critical challenge is to validate models’ performance across diverse populations
and contexts. The distinction between state versus trait aspects of emotional processing
requires sophisticated longitudinal designs [275]. This temporal dimension calls for deep
learning architectures capable of capturing both immediate emotional responses and longer-
term patterns of emotional processing. Multimodal integration [283] provides essential
insights into how different neuroimaging techniques can complement each other within
deep learning frameworks. This work, therefore, presents how the integration of various
imaging modalities may overcome the individual techniques’ limitations, mainly in clinical
considerations where the accurate detection and classification of emotions are of paramount
importance for diagnosis and treatment planning.

Novel solutions to improve model performance with limited labeled data involve
using self-supervised learning approaches like EEG2Vec, a critical approach that shall be
used to overcome the small dataset size barrier [269]. That suggests that vast quantities of
untagged data can also be promising for enhancing the training of deep learning models in
emotion recognition tasks. The role of individual differences in emotional processing con-
tinues to influence the development of deep learning approaches [256]. Future architecture
must be adaptable to individual variations in emotional expression and neural patterns
while providing strong performance across diverse populations.

Where this is genetic and environmental influence on brain structure and func-
tion [236], a deep learning model should be able to be informed by such underlying
factors in recognizing emotions. This requires more sophisticated architecture, integrat-
ing at least two biological and environmental information tiers. The application of deep
learning models in clinical practice [244] underlines the necessity to develop architectures
that can process data from different imaging modalities in a reliable way while keeping
the interpretability of the results. Works on amygdala activity and connectivity during
emotional tasks bring essential insights into model development.

The refinement of deep learning architectures for recognizing emotions from neu-
roimaging data continues to be a process of ongoing methodological innovation and
practical implementation. The field will further integrate multiple approaches in their
present and future development by furthering its development with improvements in
analytical methodologies, experimental paradigms, and technical capabilities. The develop-
ment will probably proceed by proposing complex architectures that multitask for various
types of neuroimaging data, hence providing transparency and reliability in each context
and population. What can be seen is that the robustness and interpretability of models
provide perfect identification and classification of emotional states with precision, shedding
light on their neural mechanisms.

Architectural optimization for clinical applications was demonstrated by developing
state-of-the-art, surface-based preprocessing pipelines [240]. This standardized way of
preprocessing data shows how such technical refinement may eventually contribute to
better reliability and reproducibility of deep learning models applied to emotion recognition
tasks. Different studies have further solidified the role of transfer learning in dealing with
these limitations in a dataset by successfully transferring knowledge from significant speech
datasets into more specific emotion recognition tasks [231]. This is particularly helpful,
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given the intrinsic difficulty and burden of collecting large-scale neuroimaging datasets
related to emotion studies.

Real analysis capability challenge [285] is the essential development direction in
the future. Neuroimaging data requires an architecture that, in real-time, allows feature
extraction and classification in less time with accuracy and reliability. The work described
below represents an efficient implementation of real-time fMRI neurofeedback in real-time
tracking emotional state dynamics. Approaches toward model interpretability must be
more sophisticated. Basic research into deep convolutional neural networks for medical
imaging analysis [234] is essential for maintaining complex architecture and transparency
while processing biological data. Therefore, the results of this research could apply to the
creation of clinically applicable and interpretable emotion recognition models.

Integrating chemogenetic approaches with neuroimaging analysis opens new op-
portunities for explaining neural underpinnings for emotion and allows for discovering
direct insights into developing deep learning models. Examples include the fusion of PET
and fMRI data [265,266], illustrating how multiple imaging modalities can be integrated
into complex analytical frameworks. The field continues to move toward more holistic,
multimodal approaches, including several deep learning architectures that address var-
ious aspects of emotion recognition. This body of research thus places the near-future
development on developing standardized frameworks that can process neuroimaging
data in multiple forms while keeping it transparent and reliable across different contexts
and populations.

Emotion recognition from neuroimaging data using deep learning architectures is
comprehensively reviewed, presenting great strides achieved and continuing challenges
facing this field. These advances, coupled with others in transfer learning and explainable
AI, could further improve the recognition capability of NeuroEmotion and widen its
area of research and clinical application based on neuroimaging. Improvement in data
augmentation techniques, especially using GANs, is one exciting potential solution to the
problems of datasets. Although the latter aspect is not developed in most of the literature,
the possibility of synthesizing neuroimaging data by GANs points out a potential solution
to the persistent problem of small dataset sizes, hinted by discussions on intrinsic data
augmentation approaches [269].

Another relevant line that deserves to be developed is the standardization in the
metrics of the models’ evaluation for emotion recognition. Standardization of assessment
metrics should also be at the forefront; such a move mirrors calls for standard benchmarking
practices to facilitate comparisons between diversified architectures under various contexts
in real-life applications [276]. A combination of deep learning with improved preprocessing
techniques appears particularly promising. Research [263] shows how enhanced parsing
might augment the performance and robustness of a deep learning model in neuroimaging
analysis. This indicates the direction of new development; besides architectural novel-
ties, a significant role must be played in the whole processing and analysis of the data
pipeline. Architectural developments continue to bear the imprint of individual differences
in emotional processing. This follows from [256] and later works focused on person-related
variability. The ability to generalize deep learning approaches of the future needs to be
weighed against the capability to model individual variations in emotional expression
and neural patterns. It has the potential to make meaningful dividends in the future in
some of these key areas: the creation of more complex hybrid architectures incorporating
various deep learning approaches, better integration of real-time processing capabilities for
dynamic emotion recognition, improvement of model interpretability and visualization
methods for transfer learning across different emotional contexts and populations.
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Combined with ongoing technological progress in neuroimaging and increases in com-
puting, these developments also portend an exciting future for deep-learning approaches
to emotion recognition. Further refining these approaches while carefully considering how
to apply them practically will be crucial for ultimately capitalizing on the potential deep
learning holds to understand and apply neuroimaging data to recognize emotions. The
ultimate challenge is the development of architectures that balance complexity and power
with interpretability and clinical applicability. These will lead to far more sophisticated and
reliable systems for emotion recognition from neuroimaging data. To further illustrate the
role of deep learning architectures in enhancing emotion recognition from neuroimaging
data, Figure 5 presents a hierarchical scheme outlining the process of real-time emotion
tracking via neurofeedback and deep learning. This schema provides a structured repre-
sentation of how raw neuroimaging data is processed through advanced computational
models to classify emotional states and generate real-time neurofeedback for modulation
and clinical applications.

Figure 5. Real-time emotion tracking via neurofeedback and deep learning.

1. Raw Neuroimaging Data Acquisition: The process begins with neuroimaging modali-
ties such as EEG and fMRI, which capture brain activity associated with emotional
responses. EEG provides high temporal resolution, allowing for real-time monitoring
of neural signals, while fMRI offers detailed spatial resolution for precise localization
of emotional processing centers.

2. Preprocessing & Feature Extraction: Data undergoes signal preprocessing and feature
extraction, where noise reduction, artifact removal, and statistical transformations are
applied to enhance signal clarity. This step ensures that only relevant neural features
contribute to emotion classification models.

3. Deep Learning Model Implementation: The extracted features are fed into deep learn-
ing architectures, primarily CNNs, RNNs, and hybrid models, which play distinct
roles in analyzing neuroimaging data:

� CNNs excel at identifying spatial patterns in fMRI and EEG data, improving
the accuracy of emotion classification.

� RNNs and LSTMs are particularly effective in capturing the temporal evolution
of emotions over time.

� GANs and self-supervised learning approaches to aid in data augmentation
and overcoming dataset size limitations.
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4. Real-Time Emotion Classification: Once processed, the model classifies emotional
states in real-time, detecting categories such as happiness, fear, sadness, and anger.
Explainable AI (XAI) techniques, including layer-wise relevance propagation, improve
model transparency, enabling researchers to interpret which neural features drive
specific classifications.

5. Neurofeedback Signal Generation & Processing: Classified emotions generate neuro-
feedback signals, which can be delivered to individuals through visual or auditory
cues. Real-time fMRI neurofeedback and closed-loop EEG-based systems allow par-
ticipants to modulate their emotional states, offering potential applications for mental
health interventions, stress management, and affective computing.

6. User Emotion Modulation: The feedback allows users to consciously regulate their
emotional responses, training their neural circuits to adopt healthier patterns. Stud-
ies have demonstrated the efficacy of real-time neurofeedback training in treating
disorders such as depression, anxiety, and PTSD.

7. Clinical & Research Applications: Finally, real-time emotion tracking holds promise
for clinical applications, affective computing, and brain-computer interfaces (BCIs).
Researchers aim to develop personalized therapeutic strategies, optimize human-
computer interactions, and enhance mental health diagnostics by integrating deep
learning models with neuroimaging-based interventions.

The hierarchical structure of Figure X emphasizes the sequential, real-time nature
of emotion tracking, demonstrating how deep learning can bridge the gap between raw
neural signals and meaningful emotional interpretations. Furthermore, transfer learning
techniques are highlighted as key tools for adapting pre-trained models to different pop-
ulations and experimental conditions, enhancing the scalability and generalizability of
neuroimaging-based emotion recognition.

Future advancements should focus on standardized data processing pipelines, in-
creased multimodal integration, and refinement of real-time emotion monitoring through
deep learning, XAI, and neurofeedback technologies. This will improve the precision and
reliability of emotion recognition tools, making them more accessible in real-world and
clinical settings.

[RQ3] How can advances in neuroimaging and deep learning contribute to understanding the
neural mechanisms of emotions and their applications in mental health (e.g., diagnostics, therapy)
and cognitive neuroscience research?

Where neuroimaging and deep learning converge, advance forcefully shifts our under-
standing of the neural underpinning of emotion. This transformational advance extends
beyond the basic sciences and broadly impacts diagnostics and therapeutics. Thanks to
sophisticated insights by such advanced technologies, the complex networks within the
brain that master and govern the emotion process become increasingly prominent.

Some of the earliest neuroimaging work, such as reported in [248,249], set the stage
with results indicating that adverse effects were associated with amygdala hyperactivation
in response to aversive stimuli. Conversely, this work also showed that decreased amygdala
activity was associated with increased vmPFC engagement for the same images. This
underlined the dynamic interaction across brain regions, a concept later outlined in more
detail in [247]. This study outlined three significant networks involved in emotional
processing: a valuation and motivation network including the vmPFC, OFC, ventral
striatum, and amygdala; a cognitive control network including the lateral PFC and parietal
cortex; and a salience and monitoring network including the anterior insula, ACC, and
extended amygdala. These networks do not operate in a vacuum but interact with each
other complexly and reciprocally to give rise to our emotional experiences.
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Recent neuroimaging has placed a new emphasis on temporal aspects of the processing
of emotions, which is often neglected in earlier studies. Work in [264] underlined that the
investigation of the patterns of amygdala habituation, rather than relying solely on the
level of average activation, bears important information concerning individual differences
in emotional processing. The temporal perspective is complemented by findings from [287]
showing functional lateralization within the amygdala. The left amygdala thus appears to
play a more subtle, sustained role in the detailed analysis of emotional stimuli. In contrast,
the right plays an integral part in the swift automatic detection of significant emotional
stimuli. This, therefore, guarantees that the brain is efficient in handling information during
this process. Further therapeutic interventions open new vistas with real-time analytic
capability. Several studies, among them [285,287], have demonstrated that real-time fMRI
neurofeedback could enable self-regulation of activity even in those areas of the brain
that are directly involved in emotion regulation, including the amygdala. Immediately
providing feedback about neural activity teaches individuals to self-regulate their emotional
responses. This self-regulation of activity has been associated with enhanced emotional
awareness. It is a technique showing considerable promise for the therapy of several mental
disorders, including major depression, anxiety disorders, and PTSD. Expanding further
into the therapeutic options, research [252] considered using repetitive TMS with fMRI.
This combined approach is thus enabling focused modulation of emotion processing and
regulation, especially in clinical populations. Their findings showed that rTMS reduced
subjective emotional experience and changed activity in the right dorsolateral prefrontal
cortex during the appraisal of emotionally charged images, thus giving evidence for a
therapeutic effect.

Developmental factors represent a significant and often underappreciated influence
on emotional processing. Research [256] has highlighted the profound impact of endocrino-
logical changes during puberty, particularly the increase in sex steroids like testosterone
and estradiol, on the development of neural systems that support emotional processing.
Understanding these developmental trajectories is essential for understanding how emo-
tional regulation abilities emerge and how vulnerabilities to emotional disorders may arise.
Longitudinal studies, exemplified by [275], provide further insights into these develop-
mental processes. This study found that the greater thinning of the left dlPFC and left
ventrolateral prefrontal cortex during adolescence was associated with better cognitive
reappraisal abilities in females, thus suggesting that brain maturation should be considered
in concert with emotional development.

Deep learning techniques have revolutionized the analysis of neuroimaging data.
In [263], the authors proposed an interpretable Ensemble 3-dimensional convolutional neu-
ral network, which, developed with enhanced parsing techniques, significantly improved
meaningful pattern extraction from neuroimaging datasets. Conversely, a study [231]
introduced how CNN architecture can detect the intensity of the emotion represented by
brain activity. These computational advances enable researchers to identify subtle and
complex patterns within large amounts of neuroimaging data that would be impossible to
discern using traditional analytical approaches. These technological advances have greatly
benefited clinical applications. For example, a study [243] showed that the treatment
outcome for social anxiety disorder could be predicted based on pretreatment of fMRI
responses to emotional tasks. The translation of functional neuroimaging findings into
clinical practice is ongoing, with a special interest in assessing the effects of antidepressant
medications and developing individualized neuromodulation targets, as will be discussed
in detail in [240].

The combination of various types and modalities of data gives a more vivid, detailed
insight into neural mechanisms of emotion. For example, works [265,266] have shown
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an absolute advantage of chemogenetics combined with positron emission tomography
(PET) and MRI. This innovative approach allows for the selective manipulation of specific
neural circuits while simultaneously observing the resulting changes in brain activity across
the entire brain. This kind of multimodal approach provides an unprecedented level of
detail about causal relationships between neural activity and emotional states. To further
illustrate the value of integrating various methods, a study [232] employed computational
modeling of fMRI data to dissociate learning processes in individuals with and without
depression. Anhedonia was related to reduced updating and increased differentiation
of rewards, while adverse effects were related to a more negative evaluation of losses.
This thus illustrates how computational models can provide fundamental insights into the
specific cognitive and neural mechanisms that may underline emotional disturbances.

Applications of ML have also considerably improved diagnosis. Research in [234]
showed that algorithms in ML can analyze medical imaging data matching human-expert
accuracy. At the same time, a study [246] demonstrated very high accuracy using convolu-
tional neural networks to identify brain abnormalities. These studies mean that ML could
help determine the neural markers that accompany emotional disorders and thus diagnose
them earlier and more accurately than is currently done. Biomarkers for emotional dis-
orders are currently under active development. For example, researchers [229] reviewed
evidence that smaller hippocampal volume may be a vulnerability factor for PTSD or a
consequence of trauma exposure to illustrate how structural brain changes can inform our
understanding of emotional disorders and their treatment.

Despite the remarkable progress, challenges remain. According to [255], one of the
most critical issues related to neuroimaging data is their relatively small size. Newer
methods are under exploration, such as deep subspace reconstruction. Another vital chal-
lenge is related to the interpretability of complex deep learning models. Most researchers
mentioned that explainable AI techniques are being developed, which can provide insight
into how such models make predictions. That would be important in establishing trust in
such technologies, with responsible use in the clinical context. Thus, the most likely future
for this will be to combine many neuroimaging techniques with modern deep learning
algorithms, as was shown in [261,268]. This ensures even greater synergy toward the
complete comprehension of emotional processing aspects.

Standardization of protocols is crucial for making research findings reliable and
reproducible. Thus, the study [245] revealed the possibility of aggregating results from
fMRI studies across many research sites for examining emotional processing, enabling
larger sample sizes and heterogeneity that significantly improves statistical power and
generalization. Such multisite studies help validate the reliability of the measurement of
emotional processing while accounting for individual variations in neural responses. The
role of individual differences in emotional processing is becoming increasingly evident.
Study [259] underlined the potential of near-infrared spectroscopy in investigating the
relations between early neural response patterns and later socioemotional development.
This underlines the importance of considering developmental trajectories and individual
variability in emotional processing research.

The following methodological advances also enabled the investigation of personalized
interventions. Study [240] discussed methods of personalizing targets for neuromodulation
based on functional neuroimaging findings. In principle, such personalization of medical
treatment can significantly improve treatment outcomes for emotional disorders because
individual variation in neural circuit anatomy and function contributes significantly to
differences in treatment response.

Transfer learning methods have already overcome these latter limitations in database
size. Researchers [269] have shown that shallow and deep ConvNets yielded high classifi-
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cation accuracy for classifying brain states related to emotions. Their work also highlighted
that a transfer learning approach can effectively adapt the model across contexts and popu-
lations. Advanced preprocessing is essential in ensuring that neuroimaging analysis results
are reliable. Besides, advanced parsing techniques improved performance and enhanced
reliability in the result of deep learning models regarding neuroimaging data on emotional
states, represented in the study [263].

Real-time processing capabilities have continued to expand. For example, with the
study [285], dynamic monitoring or modulation may be made by real-time fMRI neu-
rofeedback regarding brain activity related to emotional processes. Consequently, new
possibilities arise for therapeutic actions that might be tailored according to changing
individual emotional states. Looking to the future, researchers [236] drew attention to the
need to consider genetic and environmental effects on brain structure and function. In
general, models of emotional processing will have to consider the interaction of several
biological and environmental factors.

With increasing clinical applications, explainable AI techniques have become crucial.
The researchers in [257] developed interpretable models capable of detecting emotional
biomarkers from complex patterns in neuroimaging data, thus pointing toward more
transparency in using AI for clinical applications. The proposed multimodal framework
integrates various aspects of intelligence to enhance emotional diagnostics.

The general goal remains to develop better diagnostic tools and therapeutic interven-
tions for mental health disorders. This collection demonstrates that such a goal can only be
attained by a multi-faceted approach combining advanced analytical techniques, improved
experimental paradigms, and enhanced technological capabilities. The field is moving
toward more and more sophisticated and integrated strategies that can capture the full
complexity of emotional processing while maintaining clinical applicability. These may
form the building blocks for future neuroimaging and deep learning technologies that will
provide ever finer and more personalized insights into the causes of emotional disorders
and their treatment, thus expanding basic knowledge of emotional processing in the brain.
These new and further developments in neuroimaging and deep learning applications
within emotional research will advance our potential to understand, diagnose, and treat
emotional disorders and foster more basic research into cognitive neuroscience. The future
may be even more holistic, drawing from many levels of analysis for an even deeper look
at the emotional processing and neural basis thereof.

Figures 6 and 7 provide visual representations of functional neuroanatomy and tempo-
ral dynamics of emotion processing to illustrate further the contributions of neuroimaging
and deep learning to the understanding of neural mechanisms of emotions and their
applications in mental health and cognitive neuroscience.
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Figure 6. Functional neuroanatomy of emotion networks.

Figure 7. Temporal dynamics of emotion processing.

Figure 6 presents a graphical representation of the major networks involved in emo-
tional processing. These include:

• Valuation & Motivation Network (light blue) connects to vmPFC, OFC, Ventral Stria-
tum, and Amygdala.

• Cognitive Control Network (light green) links Lateral PFC and Parietal Cortex.
• Salience & Monitoring Network (light coral) interacts with Anterior Insula, ACC, and

Extended Amygdala.
• Brain regions (light gray) represent specific functional areas receiving input from their

respective networks.

These networks interact dynamically to shape emotional experiences and responses.
As deep learning and neuroimaging continue to evolve, researchers can now quantify inter-
actions within these networks with higher precision. Advanced computational modeling
has revealed how emotional dysregulation in mental disorders (e.g., PTSD, depression, anx-
iety) corresponds to altered connectivity patterns within these networks, offering insights
into potential neuromodulation targets for therapy.

Figure 7 presents a time-series analysis of how different brain regions engage in
emotional processing over time. Key insights include:

• Right Amygdala: Rapid and automatic detection of emotionally significant stimuli,
crucial for threat perception.
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• Left Amygdala: Sustained processing, allowing for detailed evaluation of emo-
tional content.

• vmPFC: Plays a regulatory role, modulating emotional responses over time.
• ACC: Involved in salience monitoring, adjusting attention toward relevant emo-

tional stimuli.

These findings align with research highlighting amygdala habituation and functional
lateralization, suggesting that real-time neurofeedback interventions could train individuals
to self-regulate emotional responses in psychiatric conditions. Recent studies have shown
that deep learning-driven neurofeedback allows individuals to modulate amygdala activity
dynamically, holding promise for novel personalized treatments in mental health.

[RQ4] How do emotion detection technologies powered by neuroimaging and deep learning
enhance adaptive systems, such as brain-computer interfaces (BCIs), virtual reality, and intelligent
robotics, to improve user experience and interaction?

Neuroimaging, coupled with deep learning, has begun to shift how adaptive systems
are designed and served fundamentally. This constitutes enormous improvements to brain-
computer interfaces, virtual reality environments, and intelligent robotics for emotion
detection, promising a revolutionary user experience and interaction. It means designing
systems that respond to direct commands and the user’s subtle, sometimes unconscious,
emotional states. The most promising path for neuroimaging in the application of adaptive
systems is flexible and non-restrictive modality. To outline but a few of the immediate
advantages of the method, the study [259] emphasizes that, for instance, NIRS, being
portable and thus tolerant of motion, suits real-world settings, as opposed to more standard
neuroimaging methods, generally requiring highly regulated immobile contexts. This be-
comes highly relevant and critical in creating natural and instinctive BCIs, VR applications,
and robots. Building on this, the study [272] notes that while electroencephalography (EEG)
has been the dominant technology in BCI research, particularly for controlling robotic
limbs or VR avatars, functional NIRS (fNIRS) is showing considerable potential. This
potential extends to integration with VR and applications in neurorehabilitation, indicating
a broadening scope for neuroimaging-based adaptive systems.

The success of these adaptive systems hinges largely on real-time processing capabil-
ities. The ability to rapidly analyze and react to the user’s emotional state differentiates
adaptive systems from simple reactive ones. Works such as [285,287] have shown that
neurofeedback through real-time fMRI enables a user to develop conscious control over
the activity in brain areas implicated in regulating emotional states. This is not a mere
abstract concept but a suggestion for adaptive dynamic systems, which, in essence, would
automatically switch their behavior according to continuous emotional states that a user has
been experiencing, therefore giving highly personalized and responsive experiences. The
ability to process in real-time takes further significance in brain-computer interfaces where
immediate feedback regarding emotional states can dramatically improve user interaction.

Deep learning algorithms significantly improve the performance of such systems for
emotion recognition. The work in [263] presents an interpretable Ensemble 3-dimensional
convolutional neural network, with enhanced parsing methods constituting a significant
advance in pattern recognition for identifying emotional states from neuroimaging data.
This level of sophistication in the analysis is essential to garner meaningful information
from the complex and often noisy data provided by neuroimaging techniques. For example,
further work on classification, as illustrated by [231], using CNNs to classify emotions,
would suggest broader applications in adaptive systems. These performance improvements
are not gradual; they represent a qualitative leap forward in the ability of systems to identify
and respond to human emotions.
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Of all technologies, virtual reality will be one of the largest beneficiaries of emotion-
sensing technology. In conjunction with neuroimaging, virtual reality, as surveyed in [272],
facilitates real-time feedback and dynamic virtual environment modification to users’
emotions. The present study has demonstrated that the intensity of VR tasks can be
manipulated online to maintain optimal activation of the DLPFC. This opens the perspective
toward highly immersive and engaging VR experiences, visually stunning and emotionally
intelligent, to adapt and even shape the emotional journey of a user.

On the other hand, the success of such systems depends not only on technological im-
provements. Individual differences in emotional processing come into play. Research [256]
underlines the influence of developmental factors in emotional processing and calls for
adaptive systems’ adaptability to individual users’ characteristics. Findings that support
this knowledge point out the linkage between adverse effects and amygdala activation [249],
thereby probably pointing at biomarkers useful for system adaptation. It means that gen-
uinely effective adaptive systems should learn from explicit user input and be enabled to
learn and change with the person’s unique emotional profile.

Far from plain sailing, it is in the realization of these technologies. The study [240]
identifies a critical challenge: without standardized protocols and analysis pipelines, results
cannot be compared between systems and research settings. The work in [224] highlights
the challenge of accurate feature extraction from neuroimaging data with embedded
complexities. Another primary concern is the problem of limited dataset sizes. While a
few novel deep subspace reconstruction techniques have been used in [255], this topic
requires continued attention. These challenges, therefore, bring to the fore the need for
continuous research and development efforts to refine these technologies to be more robust
and reliable.

Developing appropriate feedback mechanisms will be central to the overall effective-
ness of adaptive systems. Research [282] underlines the need for naturalistic feedback
interfaces integrated into the user’s experience. Complementing these increases in clas-
sification accuracy, such as those described in [246], points to exciting future directions.
Such findings point towards the possibility of designing adaptive systems that are more
responsive, intuitive, and emotionally intelligent in interacting with users. Different neu-
roimaging modalities in a complementary combination demonstrate considerable promise
for providing a more complete understanding of emotional states. A combination of several
imaging techniques, as suggested by [265], would give a more holistic view and richer
information about the emotional state, allowing the development of more subtle and so-
phisticated capabilities for adaptive systems. This is further justified by the need to capture
both conscious and unconscious aspects of emotional processing, as pointed out by [247].

All these developments and implementations concern privacy and ethical concerns.
While much of the discussed work has not emphatically considered ethics, the sensitive
nature of emotional data calls for care in system design and implementation. This is
particularly crucial because information about a user’s emotional state is profoundly
personal and thus has significant implications for his privacy and autonomy.

While emotion detection technologies hold immense promises for enhancing adap-
tive systems, one must not forget that most of the research in those areas happens at
the foundational level. Such technologies require far more technical development and
the establishment of standardized protocols to quickly implement real-life applications
regarding BCIs, VR, and robotics. In the future, further research should be directed at
developing more portable and real-time neuroimaging techniques, refining deep learning
algorithms for real-time emotion classification, and addressing challenges identified in
current implementations.
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The goal is to develop adaptive systems that can seamlessly and appropriately respond
to and interact with users’ emotional states. This would enhance functionality and user
experience relative to brain-computer interfaces, virtual reality systems, and intelligent
robotics. While fair progress has been made in developing the technologies underpinning it,
a substantial amount of work remains to convert these advances into practical and powerful
adaptive systems that can meaningfully enhance human-machine interaction through
emotional awareness and response. There is significant potential for real-time analysis.
The successful application of online fMRI analysis to the study of emotion regulation
demonstrated in [252] points to some applications on adaptive systems capable of dynamic
reactions based on the user’s emotional state. This functionality will be more pertinent in
BCI because feedback about the user’s instantaneous emotional state significantly enhances
interactions.

Transfer learning now plays an essential role in surpassing the problem of system
implementations. Research [269] has found that transfer learning approaches can enhance
the performance of emotion classification models, especially when dealing with limited
datasets. This, therefore, opens possibilities for building more robust adaptive systems
that can quickly calibrate to the emotional patterns of individual users. The integration of
multiple data streams becomes increasingly essential for system effectiveness. With this
view, the authors of [257] proposed a framework for fusing several sources of information
for emotion detection. Their “Open Voice Brain Model—OVBM” reflects an integrated
approach in the design and development of emotion detectors which is comprehensive yet
fine-grained.

As discussed in [245], considering reliability across sessions can seriously affect the sys-
tem’s usability over longer terms. Their study on ensuring the consistency of neuroimaging
measures across multiple sessions highlights critical considerations in developing adaptive
systems that can maintain reliable performance over extended periods. In system design,
the development of personalized adaptations is becoming increasingly crucial. Findings
from studies like [243] on individual differences in brain activation patterns and their
relationship to treatment responses underscore the importance of personalization capa-
bilities in adaptive systems. This personalization goes beyond user preferences, entailing
fundamental variations in the emotional processing pattern.

The gap between the laboratory and real-world implementation is still significant.
Though there are a lot of promising laboratory studies, real-world applications face many
technical and methodological challenges. Research [258] brings forward valuable practi-
cal considerations that may arise when implementing emotion technology in real-world
workplace applications for real-time emotion monitoring. Looking ahead, the field is
moving toward more integrated approaches, bringing together a range of technologies and
methodologies in the pursuit of complex and effective adaptive systems. The further de-
velopment of these technologies, along with deep learning and neuroimaging capabilities,
holds exciting potential for creating adaptive systems that can respond more effectively to
and interact with users’ emotional states.

This ongoing development promises significant improvement in human-machine
interaction, with uses in therapeutic interventions, educational technologies, and assistive
devices. Note that besides developing standardized metrics for evaluation, which is the
most crucial consideration in a validation process, there are also technical optimizations
and practical considerations crucial for successful implementation. According to [276],
standardization in accessible databases and consistent benchmarking approaches are nec-
essary to validly compare the architectural solutions developed within different contexts
and applications. This issue becomes even more critical when considering how effective
emotion detection technologies could be implemented within different adaptive systems.
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Individual differences in emotional processing also continue to impact system develop-
ment. Research [285] showed that real-time fMRI neurofeedback could enable participants
to learn control over their brain activity in emotion-relevant regions, concordance with
the imperative of adaptive systems, which can consider individual learning and response
patterns. Amongst the challenges of neuroimaging technologies, one relates to portability.
As mentioned by [272], although most BCI studies used EEG for controlling robotic limbs or
VR avatars, portable and easy-to-use neuroimaging devices will become increasingly impor-
tant in real-world applications. Their remark on the potential of fNIRS-based BCI methods
to be integrated into VR and neurorehabilitation might suggest solving this challenge.

As emphasized by [256], considering developmental factors in emotional processing
underlines the importance of age-sensitive system design. Their findings on puberty-
specific influences on frontal-limbic systems offer evidence that adaptive systems may have
to consider developmental stages in their emotion detection and response mechanisms.
Looking toward the future, multiple integrations are the most promising direction. A work
like [232] on computational modeling of the emotional learning process gives some idea of
which direction much more sophisticated adaptiveness of the systems will go that shall
enable them to learn and react by complex patterns of emotional processing. An integrative
approach and recent advances in deep learning and neuroimaging technologies point
toward developing increasingly sophisticated and effective adaptive systems. Eventually,
it aims to reach systems that can rapidly sense, interpret, and respond to human emotions
unprecedentedly, thus boosting user experience and interaction with applications. Further
advancements await a coupled technological innovation considering pragmatic issues in
implementation to ensure applicability to the real world without sacrificing either user
privacy or reliability.

A conceptual visualization (Figure 8) was developed to understand how neuroimaging
and deep learning enhance adaptive systems comprehensively. This structured represen-
tation illustrates the interconnected relationships between key components, including
emotion detection, adaptive systems, real-time processing, neurofeedback, deep learning
models, and personalization.

Figure 8. Structured visualization of emotion detection in adaptive systems.
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The visualization highlights how neuroimaging and deep learning contribute to
the evolution of brain-computer interfaces (BCIs), virtual reality (VR), and intelligent
robotics by enabling real-time emotion classification and dynamic adaptation. It also
emphasizes the role of challenges such as standardization, data size limitations, and privacy
concerns, which must be addressed to ensure these technologies’ robustness and ethical
implementation. Integrating multi-modal approaches and transfer learning is crucial for
advancing adaptive systems toward more effective, personalized, and emotionally intelligent
interactions.

Also, visualization employs distinct colors to categorize key components of emotion
detection in adaptive systems, making it easier to interpret relationships and dependen-
cies among various elements. Light coral represents neuroimaging and deep learning,
highlighting their foundational role in driving emotion detection and adaptive systems.
Emotion detection is depicted in orange, emphasizing its function as the bridge between
neuroimaging and various applications. Adaptive systems are shown in gold, encom-
passing brain-computer interfaces (BCIs), virtual reality (VR), and intelligent robotics,
represented in light green to indicate their direct implementation of emotion detection tech-
nologies. Deep sky blue is used for real-time processing and neurofeedback, underscoring
their critical role in dynamically adjusting system behavior based on user emotions. Purple
represents deep learning models and emotion classification, signifying their role in compu-
tationally analyzing and recognizing emotional states. Personalization and adaptability are
illustrated in violet, highlighting the customization of adaptive systems to individual users
for improved responsiveness and interaction. Privacy and ethics concerns are marked red,
drawing attention to the sensitive nature of emotional data and the ethical considerations
associated with these technologies. Challenges such as standardization, data size limita-
tions, and portability are represented in gray, signifying barriers that must be addressed for
widespread adoption. Future directions, including integration and transfer learning, are
depicted in cyan, indicating ongoing research efforts to enhance multi-modal approaches
and the convergence of neuroimaging techniques with profound learning advancements.

This schematic representation serves as a roadmap for future research, offering insights
into how various technologies and methodologies are converging to create advanced
adaptive systems that seamlessly respond to and interact with human emotions, ultimately
enhancing user experience and interaction.

[RQ5] How can neuroimaging and deep learning techniques be combined into integrated frame-
works that improve emotion detection systems’ robustness, scalability, and real-world applicability?

Integrating neuroimaging with deep learning enables the creation of accurate, robust,
scalable, and applicable emotion detection systems across different real-world scenarios.
This is not merely a matter of technique combination but involves designing synergistic
frameworks that capitalize on the strengths of each approach to overcome their limitations.
The subsequent vision would be a transition from isolated methods to holistic systems
capable of handling the complexities of human emotion in various settings.

Multimodal integration is among the most relevant strategies for improving the
system’s accuracy. Indeed, the combination of different neuroimaging modalities allows for
obtaining a more complete picture of the neural activity associated with emotional states.
For example, the study [272] discusses the integration of fMRI and EEG to take advantage
of the former’s high spatial resolution and the latter’s high temporal resolution. Such a
complementary strategy can yield information on emotional processing much richer than
obtained with either technique in isolation. This is further reinforced by [265], which shows
the added value of combined PET and MRI data and allows for mapping specific molecular
targets while maintaining high spatiotemporal resolution. This multi-faceted approach
provides a far more holistic view of the neural underpinnings of emotion.
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Deep learning architectures are advancing rapidly to improve the analytic capabili-
ties of these integrated systems dramatically. A deep subspace reconstruction combined
with hypergraph-based analysis using multilayer neural networks was performed and de-
scribed in [255]. For example, such an approach may transform complex neuroimaging data
into a non-linear feature space where subtle patterns associated with different emotional
states will be more easily found. On the contrary, the study [263] proposes an Ensemble
3-dimensional convolutional neural network, which enhances parsing to enhance inter-
pretability and thus the capability of meaningful information extraction from neuroimaging
data. In [269], it is also shown that CNNs can outperform traditional ML methods concern-
ing the classification of emotions based on EEG data and demonstrate the power of deep
learning when dealing with complexities introduced by neuroimaging signals.

Transfer learning has developed as one of the most valuable methods for overcoming
the main problem inhibiting neuroimaging studies- dataset size. The ability to pre-train
CNNs on larger datasets and apply the knowledge to specific emotion recognition, for
example, the study [231], remains a beneficial method for better performance against
limited data conditions. This is further confirmed by [257], which incorporates transfer
learning into their OVBM framework, demonstrating the latter’s flexibility and power.
Transfer learning enables a system to take advantage of what it has learned in one context
and apply it in another, thereby becoming more flexible and efficient.

Real-time processing is a sine qua non for any practical emotion detection system. The
ability to analyze a subject’s emotional state as events unfold and respond makes them
useful in real-world dynamic conditions. For instance, research evidence [285] suggests
that real-time fMRI neurofeedback can permit participants to control activation in emotion-
engaged brain areas, such as the amygdala. This shows great promise for developing
systems that can instantly respond to changes in a user’s emotional condition. Similarly,
the study [252] illustrates the application of real-time fMRI analysis in studying emotion
regulation and points toward adaptive systems that interactively respond to a user’s need
for emotion regulation.

Technological advancements are also enabling these systems to become increasingly
portable and user-friendly. Battery-operated, wireless, and miniaturized neuroimaging
systems such as those proposed in [272] allow recordings in naturalistic environments,
exceeding the limitations established by laboratory-constrained settings. This is supple-
mented by the argument of [259], which considers the advantages of the applied NIRS
technology, especially from the possibility of free movement upon measurement. This
added portability is essential for creating emotion detection systems that could be clinically
and practically valid in real life.

Standardization of protocols is crucial in ensuring that findings are reliable and gener-
alizable. Indeed, results demonstrate [245] that aggregation across multi-site fMRI studies
can be conducted in a way that maintains the reliability of results. This would be the
most critical step toward establishing large, diverse datasets needed in training robust,
generalizable deep learning models. Besides, the study [240] emphasizes the need to de-
velop standardized protocols and analysis pipelines when comparing across studies and
for clinical translation of the results. It constitutes one of the critical factors in fostering
trust within such systems and responsible applications.

When creating robust and effective emotion detection systems, accounting for indi-
vidual variation is paramount. Emotional processing is not homogeneous; it can vary
significantly among individuals for various reasons. Research [256] has pointed to the
developmental factors governing emotional processing, whereas [249] has presented the
correlations of negative effects with amygdala activation. These studies pinpoint the need
for systems that can adapt to individual variability. Further, in [232], it is shown how com-
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putational modeling can separate learning processes according to the subjects’ emotional
states, showing that it has the potential for personalized emotion detection.

5. Discussion

This systematic review integrates neuroimaging techniques and deep learning ap-
proaches to enhance emotion detection. The findings confirm fMRI’s superiority in spatial
resolution, EEG and MEG’s strength in temporal precision, and deep learning’s ability
to extract complex, nonlinear emotion-related patterns. However, the efficacy of these
approaches is contingent on data quality, model interpretability, and computational con-
straints, which remain ongoing challenges.

The performance funnel (Figure 9) illustrates a structured evaluation of trade-offs
across modalities and AI architectures, revealing that hybrid models incorporating multiple
data streams yield superior emotion classification accuracy. Studies leveraging modalities
like fMRI exhibit high spatial resolution but lower temporal efficiency, while EEG studies
demonstrate superior temporal resolution and scalability at the expense of spatial preci-
sion. This visual framework highlights the trade-offs inherent in selecting neuroimaging
techniques and underscores the heterogeneity of study designs and objectives within the
field. Such insights are pivotal for guiding future research toward optimizing modality
selection and refining deep learning applications, ultimately fostering advancements in
emotion detection systems tailored for specific contexts.

Figure 9. Performance funnel for 64 studies.

Research such as the study [271] highlights that multivariate predictive models inte-
grating neuroimaging and deep learning achieve greater precision in identifying emotional
states than unimodal approaches. However, the lack of standardized feature extraction and
dataset homogeneity remains a key barrier to scalability. Real-world applications in mental
health diagnostics, human-computer interaction, and adaptive systems are hindered by
ethical concerns, dataset biases, and the lack of model explainability. While deep learning
methods improve prediction accuracy, concerns about reproducibility and generalizability
persist, as reported in large-scale studies like the REST-meta-MDD project [110]. This
underscores the necessity of balancing predictive power with interpretability to ensure
responsible deployment.
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The analysis of 64 reviewed studies provides critical insights into the strengths and
weaknesses of different neuroimaging modalities and AI-based classification models. The
updated dataset demonstrates key trade-offs among accuracy (Figure 10), interpretability
(Figure 11), and feasibility (Figure 12), which are visualized in the heatmaps below.

1. Accuracy (%) Heatmap:

� fMRI + CNN continues to be a high-performing combination, likely due to
CNNs’ ability to process spatial brain imaging features.

� EEG + RNN demonstrates competitive accuracy, emphasizing its strength in
capturing temporal variations in brain activity.

� Multimodal approaches with Hybrid Models provide the highest accuracy,
leveraging diverse neuroimaging sources for enhanced feature extraction.

� PET-based methods still lag, likely due to their limited real-time application
and reliance on metabolic imaging.

2. Interpretability (%) Heatmap:

� EEG-based models rank highest in interpretability, given the well-defined
neural markers for emotional processing.

� Transformer-based and GAN models tend to have lower interpretability due
to their black-box nature.

� Multimodal systems suffer in interpretability, likely because they introduce
complex integration challenges.

3. Feasibility (%) Heatmap:

� EEG models remain the most feasible due to their low cost, portability, and
real-time application.

� fMRI, MEG, and PET show lower feasibility, primarily due to cost, accessibility,
and infrastructure requirements.

� Multimodal models are the least feasible, given the challenge of integrating
multiple hardware sources.

Figure 10. Accuracy (%) across neuroimaging modalities and AI models.
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Figure 11. Interpretability (%) across neuroimaging modalities and AI models.

These heatmaps serve as a comprehensive performance roadmap for balancing accu-
racy, interpretability, and feasibility in neuroimaging-driven emotion detection.

Figure 12. Feasibility (%) across neuroimaging modalities and AI models.

5.1. Research Gaps

Despite the promise of neuroimaging-based emotion detection, several issues remain
unresolved. For instance, fMRI indicates that the amygdala and prefrontal cortex are
implicated in emotional processing [230]. Yet, EEG studies commonly report sizeable
inter-individual variability in neural responses to emotional stimuli, making it challenging
to identify universally applicable neural markers [249]. For example, the study [252] shows
that hybrid approaches can overcome these discrepancies by integrating EEG and fMRI
data to leverage spatial and temporal precision. However, standardization regarding
data collection protocols is still a challenge. In addition, none of the current research has
discussed most of the ethical issues related to emotion detection. Privacy risks exist when
deep learning models infer an emotional state from neuroimaging data, especially in mental
health and commercial applications. The consortium called DIRECT has highlighted this,
and researchers in their study [240] point to considerable dataset bias, especially in clinical
applications, where minority populations are underrepresented. To that end, developing
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robust regulatory frameworks, privacy-preserving ML techniques, and differential privacy
or federated learning is essential to mitigate these concerns.

5.2. Study Limitations

However, a critical limitation of this review is potential selection bias because of
the exclusion of studies published in languages other than English, unpublished studies,
and grey literature sources. Although the PRISMA framework ensured methodological
rigor, restriction to peer-reviewed studies may prevent some valuable information from
emerging. There is gross methodological heterogeneity among included studies, with
highly problematic direct comparisons. Variability in sample size, neuroimaging protocols,
and deep learning architecture introduces inconsistencies that may have influenced the
conclusions drawn. For instance, researchers in their study [267] point out that most studies
are focused on positive emotions, leading to the underrepresentation of negative affective
states within training datasets. Future reviews should consider meta-analytical techniques
that quantify effect sizes across studies. Potential biases of the reviewed studies also need
attention. Most of the deep learning models are trained on relatively small datasets without
demographic diversity, which may challenge their generalizability to natural populations.
That fact is also underlined by the significant variability in functional connectivity patterns
across ethnic groups, as revealed in the REST-meta-MDD project of the study [240]. There is
a possible confirmatory bias in such studies where model performance is overemphasized
with a lack of interpretability regarding practical applications to clinical settings.

5.3. Future Research Directions

Future studies should prioritize the following areas:

1. Advancing Multimodal Integration: Combining fMRI, EEG, and MEG with behav-
ioral and physiological markers can enhance emotion detection reliability. Hybrid AI
architectures, particularly CNN-RNN models, should be further explored to improve
spatial and temporal resolution in classification tasks [252]. The application of genera-
tive models, such as GANs, for data augmentation in limited neuroimaging datasets
warrants further investigation.

2. Developing Explainable AI for Emotion Recognition: Addressing the black-box nature
of deep learning models is crucial for clinical adoption. Techniques such as attention
mechanisms, interpretable feature visualization, and model-agnostic interpretabil-
ity methods (e.g., SHAP, LIME) should be investigated [247]. In their study [267],
researchers argue that a shift towards neuro-symbolic AI may provide greater trans-
parency in emotion classification tasks.

3. Implementing Large-Scale Longitudinal Studies: While most existing studies rely
on cross-sectional data, longitudinal research can reveal how neural correlates of
emotions evolve over time and in response to interventions such as cognitive be-
havioral therapy [248]. Neuroscientific studies using repeated measures, such as the
study [263], suggest that deep learning models must incorporate time-series analyses
to capture dynamic changes in emotional processing.

4. Establishing Standardized Datasets and Benchmarking Protocols: The field lacks
universally accepted datasets and evaluation metrics, hindering study comparability.
Developing standardized datasets with diverse demographic representation will
improve model robustness [251]. Multi-center data-sharing initiatives, such as those
proposed by the DIRECT consortium [240], should be further developed to ensure
reproducibility and external validity.

5. Ethical and Regulatory Considerations: To ensure the responsible deployment of
emotional AI, ethical guidelines should address privacy, bias mitigation, and informed
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consent. Implementing fairness-aware AI techniques and regulatory oversight can
mitigate risks associated with emotion detection applications [240]. Special attention
must be given to algorithmic bias, as studies like the study [252] reveal discrepancies
in emotion classification across different socioeconomic groups.

Neuroimaging and deep learning have revolutionized emotion detection, giving
new insights into neuroscience never seen before. So far, what holds these emerging
technologies back are limitations in available datasets, the explainability of these models,
and their ethical uses. Future works shall focus more on multimodality integration and
explanation of artificial intelligence with long-term validation of robustness or applicability.

5.4. Challenges and Perspectives

The following are some challenges that must be conquered in future research. For
example, the study [247] commented that frameworks should be able to grasp conscious
and unconscious emotional processes, and this would be a giant leap toward an improved
understanding of human emotion. Other significant challenges are the privacy of sensitive
data, the computation resource-consuming nature of large complex deep learning models,
and difficulties translating such technologies into clinical practice. According to [269],
explainable AI is critical because such a technique ensures that the system is transparent,
interpretable, trustful, and responsibly used.

Neuroimaging and deep learning techniques form a continuously evolving field.
Developments in multimodal analysis techniques, transfer learning strategies, and real-
time processing continuously open ways toward more sophisticated emotion detection
systems. Successful emotion detection should be performed by carefully considering
technical capabilities and practical implementation requirements to realize robust, scalable,
and applicable solutions when deployed in real-world scenarios.

Longitudinal analysis capability provides yet another critical dimension to integrated
frameworks. Research [275] utilizes longitudinal approaches to investigate emotional
processing and presents the importance of tracking changes in emotional states over
extended time. This temporal dimension is valuable, especially in understanding how the
patterns of emotional processing develop and evolve. Computational modeling approaches
add yet another level of sophistication to integrated frameworks. The study [232] employs
computational modeling of fMRI data to compare learning processes in depressed and
non-depressed individuals to show how such advanced analytical techniques can help
characterize complex emotional states.

Despite the promise, serious challenges remain regarding data quality and validation.
Research [258] underlines the crucial recording in real-time and over time and the ethical
concerns about emotion detection, pointing to the need to frame these technologies within
principles, balancing the technical with the moral. The interpretability of complex models is
still a hot topic. As stressed by [240], standardized analysis pipelines should be developed
to compare studies and use them clinically easily. Standardization is even more critical
when different data streams and/or analysis methods are used.

The role of personalization within integrated frameworks cannot be overemphasized.
For example, the study [243] has demonstrated that individual differences in brain activa-
tion patterns can predict treatment responses, once again underlining the importance of
frameworks that adapt to individual variations in emotional processing. This personaliza-
tion is crucial in building accurate, relevant, and effective systems for each user.

In the future, their integration still has the potential for highly sophisticated emotion
detection systems. Neuroimaging techniques coupled with deep learning architecture
and real-time processing in the future hold great promise regarding further improvement
in accuracy and applicability. For implementation to succeed in practice, there will be
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sustained attention to technical optimization and practical considerations that guarantee
these integrated frameworks can serve the intended purpose with standards of reliability
and ethics.

Another critical consideration is the development of standardized evaluation met-
rics. As [276] emphasizes, creating accessible databases and consistent benchmarking
approaches is crucial in comparing architectural solutions. This standardization becomes
even more critical when integrated systems are compared using different neuroimaging
modalities and deep learning approaches. Of particular interest is the role of naturalistic
feedback interfaces [282]. Developing interfaces capable of communicating emotional state
information appropriately in real-world contexts is essential, mainly if systems are targeted
for use outside controlled laboratory environments.

Data pooling strategies have great potential for enhancing the robustness and gener-
alizability of such systems. Research [240] presents the REST-meta-MDD project, which
pooled over 2400 functional brain images using standardized processing across sites. This
approach could enable more extensive, more varied datasets that could be used to train
even more robust deep-learning models. Considering the developmental effects of emo-
tional processing, as pointed out by [256], underlines the need for frameworks that will
allow for age-related variations in neural responses. Their findings into puberty-specific
influences on frontal-limbic systems suggest that integrated frameworks need to be able to
account for developmental changes in emotional processing.

The role that transfers learning plays in addressing implementation challenges is well
illustrated in [269], where it was shown that the performance of emotion classification
models can be significantly improved using transfer learning approaches. This points to
possible ways of developing more robust systems that can quickly calibrate the emotional
patterns of individual users. The field is moving to an increasingly sophisticated integration
of multiple approaches. Advanced analysis methods involving improved experimental
paradigms and increased technical capabilities will lead to better emotion detection systems.
Success with these integrated frameworks will depend on continued attention to techno-
logical aspects and practical usability implications in real-world settings while ensuring
user reliability and privacy.

The overarching objective is to construct integrated frameworks that will effectively
couple neuroimaging with deep learning techniques to develop robust, scalable, and appli-
cable systems for emotion detection. This goal, as brought out by the presented research,
requires considering several dimensions- from technical capabilities and methodologies
to practical requirements- so that such systems can play their intended purpose while
remaining reliable and ethically implemented. These projects involve complex trade-offs
between technical sophistication and practical usability, computational efficiency and detec-
tion accuracy, individual customization and broad applicability, real-time processing, and
analytical depth. Protection of privacy and utilization of data: Success in such integrated
frameworks will require an ongoing emphasis on technical advances and considerations of
practical implementation so that these technologies can be effectively deployed in the real
world while ensuring that high standards for reliability, ethics, and user privacy are upheld.

6. Conclusions

Integrating neuroimaging techniques with deep learning models marks a new stride
toward innovation in emotion detection, holding immense promise in clinical, therapeu-
tic, and adaptive technology applications. This systematic review discusses the relative
strengths and limitations of various neuroimaging techniques, EEG and MEG-that can
capture the neural correlations of emotion, coupled with the roles different deep learning
architectures such as CNNs, RNNs, and GANs could play in the improvement of the
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classification performance of such systems. While fMRI offers high spatial resolution in
mapping brain activity, EEG and MEG provide superior temporal resolution, making them
suitable for real-time emotion tracking. Deep learning models, especially convolutional
and recurrent networks, show promise in extracting meaningful patterns from neuroimag-
ing data, though challenges regarding data quality, interpretability, and computational
demand remain.

However, despite these advances, the field still faces protocol standardization, which
addresses ethical issues and enhances the generalizability of deep learning-based emo-
tion recognition models. Privacy concerns, biases in the representation of datasets, and
explainable AI frameworks are crucial barriers to these technologies being widely ac-
cepted. Furthermore, computational limitations and the demand for big and well-annotated
datasets produce limiting factors that call for an interdisciplinary collaboration approach
and methodological innovation.

Future studies should be directed towards multimodal integration, such as neuroimag-
ing combined with behavioral and physiological signals, to improve accuracy in emotion
classification. This calls for the standardization of experimental protocols, the development
of interpretable AI models, and ethical guidelines that ensure data usage responsibility
for these systems’ robustness and applicability to clinical and real-world settings. As
neuroimaging and deep learning techniques continue to evolve, their synergy has great
potential to revolutionize personalized emotion detection, mental health diagnostics, and
human-computer interaction.

This review thus underlines that an interdisciplinary research approach will enable
neuroimaging and deep learning to realize their full potential in recognizing emotions. By
overcoming the current limitations and continuing with the advantages offered by state-of-
the-art innovations, the field will move toward more reliable, interpretable, and ethically
sound emotion detection frameworks enabling impactful advances in neuroscience, psy-
chology, and artificial intelligence.
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AI Artificial Intelligence
ANN Artificial Neural Network
BCI Brain-Computer Interface
CNN Convolutional Neural Network
DBN Deep Belief Network
DNN Deep Neural Network
EEG Electroencephalography
ERP Event-Related Potential
fMRI Functional Magnetic Resonance Imaging
GAN Generative Adversarial Network
GRU Gated Recurrent Unit
HCI Human-Computer Interaction
LSTM Long Short-Term Memory
MEG Magnetoencephalography
ML Machine Learning
MRS Magnetic Resonance Spectroscopy
MRI Magnetic Resonance Imaging
NIRS Near-Infrared Spectroscopy
NOS Newcastle-Ottawa Scale
OPM Optically Pumped Magnetometer
PET Positron Emission Tomography
PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses
QoL Quality of Life
RNN Recurrent Neural Network
RoB 2 Cochrane Risk of Bias 2 Tool
SVM Support Vector Machine
VBM Voxel-Based Morphometry
VR Virtual Reality
XAI Explainable Artificial Intelligence
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