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Abstract. Alzheimer’s disease is classified using multiple frameworks that do not 

always refer to the same construct. These include clinical severity, biological status, 

neuropathological burden, functional impairment, phenotypic presentation, genetic 

risk, neuropsychological profile and sensory impairment. This comprehensive critical 

review examines contemporary frameworks for classifying Alzheimer’s disease and 

analyses their conceptual scope, methodological utility and principal limitations. The 

evidence base comprises studies, consensus documents, diagnostic criteria and 

neuropathological guidelines. The classification systems were organised into seven 

main categories: clinical and cognitive staging; biomarker-based frameworks; 

neuropathological classifications; functional scales; phenotypic variants; 

classifications by age at onset, genetics and risk; and sensory-neuroinformational 
approaches. The findings indicate that existing frameworks provide complementary 

yet fragmented perspectives. Clinical systems describe symptoms and severity, 

biomarker models define the biological status of the disease, neuropathological 

classifications assess post-mortem lesion burden, functional scales estimate 

dependency, and phenotypic classifications capture typical and atypical 

presentations. However, substantial ambiguity remains because these systems often 

overlap despite not being conceptually equivalent. This review sets out a 

multidimensional taxonomy intended to clarify what each classification framework 

measures and how it may be applied in research and clinical interpretation. As an 

original contribution, sensory neuroinformation is proposed as an emerging 

classificatory dimension based on latency, fidelity and integration. It may offer a 
complementary framework for understanding Alzheimer’s disease as a progressive 

deterioration in sensory-cognitive information processing. 
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1. Introduction 

Alzheimer’s disease (AD) is increasingly understood not simply as a single type of dementia, but as a multidimensional 

construct that may be classified along several axes: clinical, biological, functional, neuropathological, genetic and cognitive 

phenotype. This diversity has contributed to parallel classification systems that may not fully coincide, thereby creating 

potential diagnostic, methodological and conceptual ambiguity. 

 

Historical reviews have suggested that the definition of ‘what Alzheimer’s is’ has varied across clinicopathological, purely 
biological and clinical-biological approaches, without a consistently stable consensus (Rathore et al., 2017). The coexistence 

of different systems, including clinical, biological and neuropathological frameworks, may lead to: 
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● Diagnostic ambiguity: an individual may be classified as ‘AD’, ‘at risk of AD’ or ‘not AD’ depending on the 
framework used (Dubois et al., 2021; Hampel et al., 2021; Therriault et al., 2024; Trejo-Lopez et al., 2022; Rathore 

et al., 2017). 

● Methodological ambiguity: longitudinal cohorts use different criteria for the same early stages, which may 

complicate comparisons and meta-analyses (Kobayashi et al., 2026; Trejo-Lopez et al., 2021; Kergoat et al., 2025). 

● Conceptual ambiguity: there is debate as to whether early-stage cancer should be defined solely by 

lesions/biomarkers or as a clinical-biological entity requiring both symptoms and markers (Villalpando et al., 2026; 

Hampel et al., 2021; Therriault et al., 2024; Rathore et al., 2017). 

 

Alzheimer’s disease may be classified across clinical, biological, functional, neuropathological, genetic, phenotypic, 

neuropsychological, and sensory domains. This plurality reflects the complexity of the disease, which may present not only 

as a cognitive syndrome but also as a progressive neurobiological, functional, and behavioural process. However, because 

each framework organises the disease according to different criteria, their coexistence may create diagnostic, methodological, 

and conceptual ambiguity. Some classifications focus on clinical symptoms and cognitive impairment. Others prioritise 

biomarkers, neuropathological lesions, functional dependence, phenotypic variants, genetic risk, or specific patterns of brain 

damage. 

 

The central challenge lies in the fragmentation of the systems used to describe, diagnose, and study Alzheimer’s disease. The  

available classifications do not necessarily measure the same construct or serve the same purpose. They may address different 

levels of the disease, ranging from clinical presentation and biological pathology to functional severity and 

neuropsychological profile. Other frameworks focus on clinical phenotype, neuropathological burden, genetic risk, or possible 

sensory impairments. This lack of standardisation may complicate comparisons between studies, the interpretation of clinical 

findings, and the integration of evidence across disciplines. Consequently, a comprehensive framework may help to organise 

the principal classification dimensions of Alzheimer’s disease and identify their overlaps and tensions. Such a framework 

would link biomarkers, clinical manifestations, functional impairment, phenotypes, genetics, sensory perception, and neural 

information. 

 

Rather than merely cataloguing existing classifications of Alzheimer’s disease, this review examines the object classified by 

each framework, the observational modality used to assess it, and its clinical or research purpose. On this basis, we distinguish 

classifications of disease biology, clinical syndrome, functional impairment, neuropathological burden, phenotypic 

presentation, susceptibility and risk, and sensory–neural information processing. 

 

Building on this distinction, we propose a metataxonomy of Alzheimer’s disease classification frameworks. Here, a 

metataxonomy is defined as a higher-order system that organises existing classifications across three analytically distinct 

layers. These comprise: (i) the object being classified; (ii) the modality through which that object is observed or measured; 

and (iii) the intended use of the resulting classification. This distinction may help to clarify why diagnostic criteria, staging 

systems, severity scales, biomarkers, phenotypic categories, and risk stratifications are not interchangeable descriptions of the 

same construct. 

 

The review had five specific objectives: (1) to map contemporary clinical, biological, neuropathological, functional, 

phenotypic, genetic, sensory, and data-driven frameworks; (2) to identify the object classified by each framework; (3) to 

distinguish classification systems from measurement instruments; (4) to assess the conceptual and translational maturity of 

each framework; and (5) to propose an operational and testable neuroinformational extension based on latency, fidelity, and 

integration. 

 

To our knowledge, previous reviews do not appear to have explicitly organised Alzheimer’s disease classification frameworks 

across the three analytically distinct layers proposed here: the object being classified, the observational modality through 
which it is assessed, and the intended use of the resulting classification. Although multidimensional, biomarker-based, 

phenotypic, and computational approaches have previously been described, comparisons commonly place them at the same 

analytical level, even though they refer to different constructs. The principal conceptual contribution of this review therefore 

lies not in introducing an additional diagnostic category, but in developing a metataxonomic architecture that clarifies the 
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relationships and non-equivalence among existing frameworks. A second, hypothesis-generating contribution is the 

formulation of neuroinformational integrity as a multidimensional profile of latency, fidelity, and integration. Each component 

has precedents in psychophysics, neurophysiology, and network neuroscience; however, their combined use as an explicit 

classificatory framework for Alzheimer’s disease remains to be empirically validated. 

 

2. Methods 

2.1 Review design 

The methodological procedures used to identify, select, organise, and synthesise the literature on contemporary Alzheimer’s 

disease classification frameworks are set out in this section. These procedures encompass the review design, research 

questions, information sources, search strategy, eligibility criteria, data-extraction process, conceptual synthesis, and 

assessment of framework maturity. The methodological approach was structured to distinguish the systematic mapping of 

evidence from the critical conceptual analysis through which the proposed metataxonomy and neuroinformational extension 

were developed. 

 

We conducted a scoping review of contemporary frameworks used to classify, diagnose, stage, or characterise Alzheimer’s 

disease. The review was designed in accordance with the methodological guidance of the Joanna Briggs Institute for scoping 

reviews and reported in accordance with the PRISMA (fig. 1) Extension for Scoping Reviews. A scoping design was selected 
because the relevant literature encompasses heterogeneous constructs. These include diagnostic criteria, clinical staging 

systems, functional scales, biomarker frameworks, neuropathological schemes, phenotypic categories, genetic risk 

classifications, sensory markers, and emerging computational models. The review combined systematic evidence mapping 

with critical conceptual synthesis. The systematic component identified and organised the available classification frameworks, 

while the conceptual component considered whether they addressed the same object or analytically distinct objects. 

 

Fig. 1. PRISMA-ScR study selection diagram. 
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2.2 Research questions 

The review addressed the following questions: 

RQ1. What contemporary frameworks are used to classify, diagnose, stage, or characterise Alzheimer’s disease? 

RQ2. What object does each framework classify: biological pathology, clinical syndrome, functional impairment, 

neuropathological burden, phenotype, susceptibility, risk, or neural information processing? 

RQ3. Through which observational modality is each classification derived? 

RQ4. For what purpose is each framework used, including screening, diagnosis, staging, prognosis, monitoring, 

cohort stratification, or treatment selection? 

RQ5. What is the conceptual, empirical, and translational maturity of each framework? 

RQ6. To what extent can latency, fidelity, and integration be operationalised as a testable neuroinformational 

classification of Alzheimer’s disease? 

2.3 Information sources 

The following databases were searched from inception to July 2026: MEDLINE/PubMed, Embase, Scopus, Web of Science 

Core Collection, PsycINFO, and the Cochrane Library. Additional searches were conducted in SciELO and LILACS to 

identify relevant Ibero-American literature. The reference lists of eligible consensus documents and reviews were manually 

screened. Google Scholar was used only as a complementary source for citation tracking and identifying grey literature. 

2.4 Search strategy 

The search strategy combined terms related to Alzheimer’s disease with terms concerning classification, diagnosis, staging, 

taxonomy, biomarkers, neuropathology, phenotype, function, genetics, sensory processing, and neural information 

processing. The core search structure was as follows: 

 

("Alzheimer disease" OR "Alzheimer’s disease" OR "Alzheimer dementia") AND (classification OR staging OR taxonomy 

OR framework OR criteria OR subtype) AND (clinical OR functional OR cognitive OR biomarker OR neuropathological OR 

phenotypic OR genetic OR sensory OR neurophysiological OR neuroinformational). 

 

2.5 Eligibility criteria 

Eligible sources included peer-reviewed original studies, consensus documents, diagnostic criteria, clinical guidelines, 

systematic or scoping reviews, neuropathological guidelines, and methodological papers. To be included, a source had to 

propose, define, validate, compare, or apply a classification framework relevant to Alzheimer’s disease. 

 

Studies were eligible if they addressed at least one of the following domains: clinical diagnosis or staging; cognitive or 

functional severity; biomarker-based classification; neuropathological staging; phenotypic variation; genetic or age-of-onset 

classification; sensory or neurophysiological impairment; or data-driven disease subtyping. 

 

Studies concerned exclusively with therapeutic efficacy were excluded unless they included an explicit classification or 

stratification component. Studies of non-Alzheimer dementias were excluded unless they contributed directly to differential 

classification, the interpretation of mixed pathology, or Alzheimer-related phenotypic interpretation. Sources that lacked 

sufficient methodological or conceptual detail to identify the classification system used were also excluded. 

 

2.6 Data extraction 

Data were extracted using a standardised form developed for this review. For each source, we recorded the publication 

characteristics, the name of the classification framework, the primary object classified, the observational modality, the 

categories or stages generated, and the intended use. We also recorded the target population, validation evidence, 

reproducibility, clinical utility, research utility, accessibility, major limitations, and maturity level. 
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The extraction form distinguished explicitly between classification systems and the instruments used to generate evidence for 

classification. For example, biomarker frameworks and diagnostic criteria were coded as classification systems, whereas 

cognitive tests were coded as measurement instruments unless they directly defined categorical stages. 

 

2.7 Conceptual synthesis 

Frameworks were synthesised using a three-layer analytical model: 

• Layer 1: the object classified; 

• Layer 2: the observational modality; 

• Layer 3: the intended use. 

This approach allowed us to distinguish between frameworks that use similar measurements to classify different constructs 

and those that classify similar constructs using different measurements. 

2.8 Assessment of framework maturity 

Each classification framework was assigned a maturity level according to six criteria: conceptual clarity, empirical validation, 

reproducibility, external replication, clinical or research implementation, and incorporation into guidelines or consensus 

recommendations. The assessment focused on the specific framework rather than on the broader classificatory domain to 

which it belonged. 

 

Maturity (Table 1) was not considered equivalent to scientific validity or importance. An established framework may remain 

conceptually limited, whereas an emerging or hypothesis-generating framework may be scientifically innovative but not yet 

sufficiently validated to inform clinical decision-making. 

 

Table 1. Maturity levels for classification frameworks. 

Level Category Operational definition 

M5 Established Incorporated into major guidelines, consensus criteria, or standard practice; supported by 

extensive validation, external replication, and broad implementation 

M4 Clinically 

validated 
Supported by multiple validation studies, acceptable reproducibility, and demonstrated 

clinical utility 

M3 Research 

framework 
Conceptually defined and used in research, with partial empirical validation but limited 

implementation in routine clinical practice 

M2 Emerging Supported by preliminary or heterogeneous evidence; procedures, categories, or thresholds 

remain under development 

M1 Hypothesis-

generating 
Primarily theoretical or exploratory; lacks prospective validation, external replication, and 

established decision thresholds 

 

The maturity levels indicate developmental and translational status rather than scientific value. 

3. Taxonomy of classifications of Alzheimer’s disease 

The principal contemporary frameworks used to classify Alzheimer’s disease are mapped in this section, with particular 

attention to the construct addressed by each. The analysis begins with the proposed three-layer metataxonomy before 

considering clinical, functional, cognitive, age-related, genetic, biological, neuropathological, phenotypic, sensory, and 

neurophysiological approaches. Rather than merely enumerating the available systems, the analysis examines what each 

framework classifies, how the relevant information is obtained, and which clinical or research decisions the resulting 

classification is intended to support. 
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3.1.  Proposed three-layer metataxonomy 

A metataxonomy is defined here as a higher-order structure that organises classification systems according to the object 

classified, the observational modality and the intended use. Unlike a conventional taxonomy, it classifies frameworks rather 

than individual patients. 

 

The proposed metataxonomy (Table 2) distinguishes the ontological object of classification from both the modality through 

which it is observed and the purpose for which the classification is applied. This separation may help to prevent technologies 

such as neuroimaging, artificial intelligence, or cognitive testing from being treated automatically as independent dimensions 
of disease. Instead, these technologies constitute observational or analytical modalities that may contribute to the classification 

of different underlying objects. 

 

Table 2. Three-layer metataxonomy of Alzheimer’s disease classification 

Layer Categories included Function 

Object classified Biological pathology; clinical syndrome; functional impairment; 

neuropathological burden; phenotype; susceptibility and 

aetiology; neuroinformational function 

Specifies what aspect of the 

disease or its expression is being 

classified 

Observational 

modality 
Clinical examination; psychometric assessment; fluid biomarkers; 

neuroimaging; histopathology; neurophysiology; sensory testing; 

computational analysis 

Specifies how the classificatory 

object is measured or inferred 

Intended use Screening; diagnosis; staging; prognosis; monitoring; research 

stratification; treatment selection 
Specifies the decision or 

research purpose supported by 

the classification 

 

Under this model, a single patient may receive multiple simultaneous classifications without contradiction. For example, the 

same individual may be classified biologically as A+T+, clinically as stage 3, functionally as largely independent, 

phenotypically as amnestic, and neuropsychologically as showing predominant episodic-memory impairment. These labels 

are not redundant because each refers to a distinct object of classification. 

 

Table 3 compares representative Alzheimer’s disease classification frameworks and supporting assessment instruments 

according to the objects they classify or measure, their observational modalities, types of output, intended uses, inferential 

limitations, and maturity levels. 

 

Table 3. Comparative matrix of Alzheimer’s disease classification frameworks and supporting instruments 

Framework or 

instrument 

Primary 

object 

classified 

Observational 

modality 

Type of 

output 

Intended use What it 

does not 

establish 

Maturity 

Alzheimer’s 

Association 
2024 criteria 

Biological 

Alzheimer 
pathology 

Plasma, CSF, or 

PET biomarkers 

Biological 

diagnosis and 
stage 

Diagnosis, 

staging, and 
treatment 

eligibility 

Clinical 

impairment 
or 

functional 

dependenc

y 

M3 — 

Consensus 
framework 

International 

Working Group 

(IWG) criteria 

Clinical–

biological 

Alzheimer’

s disease 

Clinical 

phenotype plus 

biomarkers 

Clinical–

biological 

diagnosis 

Symptomatic 

diagnosis and 

differential 

diagnosis 

Purely 

asymptoma

tic disease 

classificati

on 

M3 — 

Consensus 

framework 
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Framework or 

instrument 

Primary 

object 

classified 

Observational 

modality 

Type of 

output 

Intended use What it 

does not 

establish 

Maturity 

Braak staging Distribution 

of 

neurofibrill
ary 

pathology 

Histopathology Ordered 

neuropathologi

cal stage 

Post-mortem 

characterisatio

n 

Clinical 

severity in 

an 
individual 

patient 

M5 — 

Established 

Thal phases Distribution 

of amyloid 

deposition 

Histopathology Amyloid phase Neuropathologi

cal assessment 

Cognitive 

or 

functional 

state 

M5 — 

Established 

CDR Global 

clinical and 

functional 

severity 

Patient and 

informant 

interviews 

Ordinal 

severity stage 

Staging and 

longitudinal 

monitoring 

Alzheimer’

s disease-

specific 

aetiology 

M4 — 

Clinically 

validated 

instrument 

MoCA Global 

cognitive 

performanc

e 

Psychometric 

testing 

Continuous 

score or 

screening 

threshold 

Screening and 

cognitive 

characterisatio

n 

Biological 

diagnosis 

of 

Alzheimer’

s disease 

M4 — 

Clinically 

validated 

instrument 

Posterior 

cortical atrophy 
classification 

Phenotypic 

presentation 

Clinical and 

neuropsycholog
ical assessment 

Phenotypic 

category 

Differential 

diagnosis and 
subtype 

characterisatio

n 

Specific 

underlying 
pathology 

in the 

absence of 

biomarkers 

M3 — 

Research/consen
sus framework 

Neuroinformati

onal model 

Efficiency 

of neural 

information 

processing 

Psychophysics 

and 

neurophysiolog

y 

Multidimensio

nal profile 

Early 

detection, 

stratification, 

and 

mechanistic 

research 

Alzheimer’

s disease-

specific 

diagnosis 

pending 

validation 

M1 — 

Hypothesis-

generating 

Abbreviations: CDR, Clinical Dementia Rating; CSF, cerebrospinal fluid; IWG, International Working Group; MoCA, 

Montreal Cognitive Assessment; NIA–AA, National Institute on Aging–Alzheimer’s Association; PET, positron emission 

tomography. 

 

The table includes both classification frameworks and supporting instruments because clinical and research practice often 

combines them. However, they should not be regarded as conceptually equivalent. The NIA-AA and IWG frameworks define 

disease-related categories, Braak and Thal classifications describe neuropathological distribution, the CDR stages clinical and 

functional severity, and the MoCA measures cognitive performance. 

 

3.2 Clinical and functional classifications 

Alzheimer’s disease has historically been classified on the basis of clinical criteria relating to symptoms. However, the current 

approach, led by the National Institute on Aging and the Alzheimer’s Association (NIA–AA), has increasingly shifted towards 

defining AD according to its underlying biology using biomarkers, irrespective of symptoms. The most recent criteria were 

published in June 2024 by the Alzheimer’s Association Workgroup (Jack et al., 2024). These revised criteria build on the 

2018 NIA–AA Research Framework and represent a further development of the diagnostic approach first established in 

McKhann’s 1984 publication. 

 

3.2.1 Clinical diagnostic and biological frameworks 
The conceptual basis of Alzheimer’s disease diagnosis has evolved from clinicopathological criteria towards biological and 

clinical–biological definitions. The National Institute of Neurological and Communicative Disorders and Stroke–Alzheimer’s 
Disease and Related Disorders Association (NINCDS–ADRDA) criteria classified cases as possible, probable, or definite 
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Alzheimer’s disease. Probable disease was defined primarily by a progressive dementia syndrome without a more plausible 

cause, whereas a definite diagnosis required neuropathological confirmation. 

 

The NIA–AA recommendations published in 2011 expanded this approach by distinguishing preclinical Alzheimer’s disease, 

mild cognitive impairment (MCI) due to Alzheimer’s disease, and dementia due to Alzheimer’s disease. Biomarkers were 

incorporated as supportive evidence, reflecting the recognition that Alzheimer-related pathological changes may precede overt 

cognitive and functional impairment. 

 

The 2018 NIA–AA Research Framework represented a substantial conceptual transition by defining the Alzheimer continuum 

according to the AT(N) biomarker scheme: amyloid pathology (A), pathological tau (T), and neurodegeneration or neuronal 

injury (N). This framework separated biological disease status from clinical expression and was conceived primarily for 

research use. 

 

The 2024 Alzheimer’s Association criteria further developed the biological approach by incorporating contemporary fluid 

and imaging biomarkers and distinguishing among biomarkers contributing to biological diagnosis, staging, prognosis, and 

the identification of concomitant pathology. Biological status and clinical severity are thus treated as related but analytically 

distinct dimensions. 

 

The 2024 criteria broaden the biological definition of Alzheimer’s disease by adopting a multimodal profile that distinguishes 

among diagnostic, staging, and copathology-related biomarkers (Jack et al., 2024; Kobayashi et al., 2026). 

By contrast, the International Working Group (IWG) defines Alzheimer’s disease as a clinical–biological construct. Under 

the IWG approach, diagnosis requires a compatible clinical phenotype together with Alzheimer-specific biomarker evidence. 

Cognitively unimpaired individuals with positive biomarkers are considered to be at increased risk rather than diagnosed with 

symptomatic Alzheimer’s disease. The principal difference between the Alzheimer’s Association and IWG frameworks 

therefore lies in whether biological positivity alone is considered sufficient to define Alzheimer’s disease (Table 4). 

 

Table 4. Evolution of major Alzheimer’s disease diagnostic frameworks 

Framework Primary basis Main output Principal limitation 

NINCDS–

ADRDA 1984 

Clinical syndrome; 

neuropathology for 

definite diagnosis 

Possible, probable 

or definite AD 

Limited capacity to identify 

preclinical disease 

NIA–AA 2011 Clinical stage supported 

by biomarkers 

Preclinical AD, 

MCI due to AD and 

dementia due to AD 

Variable implementation of 

biomarkers 

NIA–AA 

Research 

Framework 2018 

AT(N) biomarker profile Biological 

Alzheimer 

continuum 

Developed principally as a 

research framework 

Alzheimer’s 

Association 

criteria 2024 

Core fluid and imaging 

biomarkers, with separate 

clinical staging 

Biological 

diagnosis and 

disease stage 

Biomarker positivity does not 

independently establish 

functional impairment 

IWG 2021/2024 Compatible clinical 

phenotype plus 

Alzheimer-specific 

biomarkers 

Clinical–biological 

diagnosis 

Does not diagnose cognitively 

unimpaired biomarker-positive 

individuals as symptomatic 

AD 
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Abbreviations: AD, Alzheimer’s disease; IWG, International Working Group; MCI, mild cognitive impairment; NIA–AA, 

National Institute on Aging–Alzheimer’s Association; NINCDS–ADRDA, National Institute of Neurological and 

Communicative Disorders and Stroke–Alzheimer’s Disease and Related Disorders Association. 

3.2.2 Functional and global severity staging 
Functional and global staging instruments describe the severity and consequences of impairment rather than its underlying 

aetiology. The Global Deterioration Scale (GDS) organises cognitive and functional decline into seven broad stages, ranging 

from no impairment to very severe dementia. The Functional Assessment Staging Test (FAST) offers a more detailed account 

of the sequential loss of activities of daily living, particularly in advanced disease. 

 

The Clinical Dementia Rating (CDR) assesses memory, orientation, judgement and problem-solving, community affairs, 
home and hobbies, and personal care through structured interviews with the patient and an informant. It generates either a 

global ordinal stage or a Clinical Dementia Rating–Sum of Boxes (CDR-SB) score suitable for longitudinal monitoring and 

clinical trials. 

 

GDS, FAST, and CDR are useful for severity staging, prognosis, care planning, and outcome assessment. However, none of 

these instruments independently establishes Alzheimer’s disease pathology as the cause of the observed impairment. 

Table 5. Functional and global staging instruments 

Instrument Primary 

construct 

Output Main use What it cannot 

establish 

independently 

GDS Global cognitive 

and functional 

deterioration 

Seven ordinal 

stages 

Broad clinical staging 

and communication 

Alzheimer-specific 

aetiology 

FAST Sequential loss of 

functional abilities 

Stages and 

substages of 

functional 

dependency 

Functional staging 

and advanced-care 

planning 

Underlying 

biological 

pathology 

CDR/CDR-

SB 

Global clinical and 

functional severity 

Global stage or 

sum-of-boxes 

score 

Staging, monitoring 

and clinical-trial 

outcomes 

Alzheimer-specific 

diagnosis 

Abbreviations: CDR, Clinical Dementia Rating; CDR-SB, Clinical Dementia Rating–Sum of Boxes; FAST, Functional 

Assessment Staging Test; GDS, Global Deterioration Scale. 

 

 

3.2.3 Cognitive assessment instruments supporting classification 
The Mini-Mental State Examination (MMSE), Montreal Cognitive Assessment (MoCA), and Alzheimer’s Disease 

Assessment Scale–Cognitive Subscale (ADAS-Cog) are not, in a strict sense, classifications of Alzheimer’s disease. They are 

cognitive assessment instruments that generate scores used for screening, characterisation, eligibility decisions, or longitudinal 

monitoring. Although score thresholds may be used to describe normal cognition or varying degrees of impairment, these 

categories do not independently establish an Alzheimer-specific aetiology. 

 

The MMSE provides a brief measure of global cognition but has limited sensitivity to subtle impairment and is influenced by 

education, language, and cultural background. The MoCA gives greater weight to executive, visuospatial, and attentional 
functions and is commonly used to screen for possible mild cognitive impairment. ADAS-Cog assesses cognitive severity 

and longitudinal change and is used predominantly as an outcome measure in clinical trials. 
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Accordingly, these instruments are included as observational tools that support classification and staging rather than as disease 

taxonomies in their own right. Their interpretation requires population-appropriate normative data and should not be based 

on universal cut-off values. 

Table 6. Cognitive instruments supporting Alzheimer’s disease classification and monitoring 

Instrument Primary construct Appropriate role Output What it cannot 

establish independently 

MMSE Global cognitive 

performance 

General screening and 

longitudinal assessment 

Continuous score, 

usually 0–30 

Alzheimer-specific 

pathology or aetiology 

MoCA Global cognition with 
sensitivity to mild 

impairment 

Screening and cognitive 

characterisation 

Continuous score, 

usually 0–30 

Cause of cognitive 

impairment 

ADAS-Cog Cognitive severity and 

longitudinal change 

Clinical trials and 

treatment-outcome 

monitoring 

Continuous 

impairment score 

Biological Alzheimer 

status 

Abbreviations: ADAS-Cog, Alzheimer’s Disease Assessment Scale–Cognitive Subscale; MMSE, Mini-Mental State 

Examination; MoCA, Montreal Cognitive Assessment. 

 

Additional instruments may complement the characterisation of Alzheimer’s disease without constituting classification 

systems in their own right. Functional measures, such as the Functional Activities Questionnaire, the National Alzheimer’s 

Coordinating Center (NACC) Functional Assessment Scale, scales of basic and instrumental activities of daily living, and the 
Everyday Cognition questionnaire, describe the effects of impairment on everyday functioning. Domain-specific 

neuropsychological tests, including measures of verbal learning and episodic memory, provide more detailed cognitive 

profiles, whereas instruments such as the Neuropsychiatric Inventory and the Behavioral Pathology in Alzheimer’s Disease 

Rating Scale (BEHAVE-AD) quantify behavioural and neuropsychiatric symptoms. These tools may support staging, 

longitudinal monitoring, and differential characterisation, but they do not independently establish an Alzheimer-specific 

aetiology. 

 

Composite outcomes that combine cognitive and functional information, such as the integrated Alzheimer’s Disease Rating 

Scale, may be more sensitive to longitudinal change than isolated measures in some clinical trial contexts. Nevertheless, their 

role is outcome measurement rather than disease classification. 

 

3.2.4 Age-of-onset and genetic classifications 
Age at onset and genetic architecture provide complementary classificatory dimensions of Alzheimer’s disease. Age-based 

classifications commonly distinguish early-onset from late-onset Alzheimer’s disease. This distinction is clinically useful 

because early-onset cases are relatively more frequently associated with atypical phenotypes and highly penetrant genetic 

variants, whereas late-onset disease is more commonly associated with complex, polygenic susceptibility. Nevertheless, age 

at onset does not identify a single biological mechanism, and the boundary between early- and late-onset forms should not be 

interpreted as an absolute etiological division. 

 

Autosomal-dominant Alzheimer’s disease is most strongly associated with pathogenic variants in APP, PSEN1, and PSEN2. 

In appropriately selected families, these variants may support an etiologically specific classification. However, early-onset 

disease is not synonymous with autosomal-dominant disease, as many early-onset cases lack an identifiable highly penetrant 

mutation or exhibit more complex familial patterns. 

 

Late-onset Alzheimer’s disease generally reflects a multifactorial architecture involving age, environmental exposures, 

vascular and metabolic factors, and multiple genetic variants. APOE ε4 is the most prominent common genetic risk factor, 
but it is neither necessary nor sufficient to establish a diagnosis. Polygenic risk scores may estimate aggregate susceptibility, 
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although their predictive performance and transferability vary across populations. Moreover, they do not independently 

establish whether an individual has Alzheimer’s disease. 

 

Accordingly, genetic classifications should distinguish among causal variants, susceptibility variants, and aggregate polygenic 

risk. These categories differ in penetrance, predictive value, and clinical interpretation and should not be treated as equivalent 

diagnostic labels. 

Table 7. Age-of-onset and genetic classifications of Alzheimer’s disease 

Classification Primary basis Main interpretive value Principal limitation 

Early-onset 

Alzheimer’s disease 

Relatively early clinical 

onset 

Clinical and epidemiological 

stratification; recognition of atypical 

presentations and possible inherited 

disease 

Does not imply a specific 

mutation or inheritance pattern 

Late-onset 

Alzheimer’s disease 

Relatively late clinical 

onset 

Epidemiological and risk 

stratification 

Represents a heterogeneous 

and predominantly 

multifactorial category 

Autosomal-

dominant 

Alzheimer’s disease 

Pathogenic variants, 

principally in APP, 

PSEN1 or PSEN2 

Aetiologically specific 

classification, family studies and 

genetically targeted research 

Accounts for only a minority of 

Alzheimer’s disease cases 

Familial non-

Mendelian 

Alzheimer’s disease 

Familial aggregation 

without a confirmed 

dominant causal variant 

Identification of increased familial 

susceptibility 

Familial aggregation may 

reflect multiple genes and 

shared environment 

Sporadic 

Alzheimer’s disease 

Absence of a recognised 

Mendelian inheritance 

pattern 

Broad clinical and epidemiological 

classification 

“Sporadic” does not imply 

absence of genetic 

susceptibility 

APOE-associated 

susceptibility 

APOE genotype Risk estimation and research 

stratification 

Neither necessary nor 

sufficient for diagnosis 

Polygenic risk 

classification 

Combined effects of 

multiple susceptibility 

variants 

Aggregate risk estimation and cohort 

stratification 

Population dependence, 

incomplete predictive accuracy 

and limited individual 

determinism 

 

3.3 Biological and biomarker-based classifications  

Biomarker-based frameworks classify Alzheimer’s disease according to measurable pathological processes rather than 
exclusively on the basis of clinical symptoms. They therefore distinguish biological disease status from clinical expression, 

enabling individuals to be positioned along the Alzheimer continuum before cognitive or functional impairment becomes 

apparent. A biological classification, however, does not independently establish clinical severity, functional dependency, or  

individual prognosis. 

 

The 2018 NIA–AA Research Framework organised biomarkers into three groups: amyloid-β pathology (A), pathological tau 

(T), and neurodegeneration or neuronal injury (N). Amyloid status may be assessed using amyloid positron emission 

tomography (PET) or cerebrospinal fluid (CSF) Aβ42/40; tau status using phosphorylated-tau biomarkers or tau PET; and 

neurodegeneration using structural magnetic resonance imaging (MRI), fluorodeoxyglucose positron emission tomography 

(FDG-PET), total tau, or neurofilament light chain (NfL). Each category may be coded as positive or negative, producing 

biological profiles such as A−T−N−, A+T−N−, and A+T+N± (Jack et al., 2018). 
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Within this framework, amyloid positivity positions an individual within the Alzheimer pathological continuum, whereas tau 

positivity may provide stronger evidence of Alzheimer’s disease pathology. Neurodegeneration is clinically and 

prognostically relevant but is not specific to Alzheimer’s disease. Consequently, profiles such as A−T+N+ may reflect non-

Alzheimer or mixed pathological processes rather than typical Alzheimer biology. 

 

The AT(N) framework has been used primarily for biological characterisation, cohort stratification, clinical trial enrichment, 

and standardised biomarker reporting. Its translation into routine clinical practice remains limited by differences among 

analytical platforms, biomarker thresholds, population characteristics, and the imperfect equivalence of plasma, CSF, and 

imaging measures. Biomarker status must therefore be interpreted alongside clinical phenotype, functional status, and relevant 

comorbidities. 

 

The 2024 Alzheimer’s Association criteria expanded the earlier AT(N) structure by distinguishing biomarkers involved in 

biological diagnosis from those contributing principally to staging, prognosis, and the detection of concomitant pathology. 
Core 1 biomarkers include amyloid and early phosphorylated-tau measures, whereas Core 2 biomarkers reflect aggregated 

tau pathology and contribute more directly to biological staging. Additional categories describe neurodegeneration, 

inflammation, and common copathologies. 

 

Biomarkers now serve multiple contexts of use in Alzheimer’s disease trials, including participant eligibility, target 

engagement, and outcome assessment (Osse et al., 2026). 

Table 8. Biomarker groups in the 2024 Alzheimer’s Association criteria 

Biomarker 

group 
Representative markers Principal interpretation 

Core 1: A and 

T1 
Amyloid PET, CSF Aβ42/40, plasma or CSF phosphorylated-

tau biomarkers 
Biological diagnosis of Alzheimer 

pathology 

Core 2: T2 Tau PET and microtubule-binding region tau (MTBR-tau) 

biomarkers 
Biological staging and prognosis 

N Structural MRI, FDG-PET and NfL Neurodegeneration or neuronal injury 

I Glial fibrillary acidic protein (GFAP) and related 

inflammatory markers 
Astroglial or inflammatory response 

V Infarcts and white-matter hyperintensities on MRI Vascular pathology 

S α-Synuclein seed-amplification assays Concomitant synucleinopathy 

Abbreviations: CSF, cerebrospinal fluid; FDG-PET, fluorodeoxyglucose positron emission tomography; GFAP, glial 

fibrillary acidic protein; MRI, magnetic resonance imaging; MTBR-tau, microtubule-binding region tau; NfL, neurofilament 

light chain; PET, positron emission tomography. 

 

Core 1 biomarker abnormalities may support a biological diagnosis of Alzheimer’s disease, whereas Core 2 biomarkers 

contribute primarily to disease staging and prognosis. The N, I, V, and S categories provide information about neuronal injury 

and concomitant pathological processes, although they are not independently specific to Alzheimer’s disease. 

 

Proposed extensions, such as ATX(N), ATI(N), and multidimensional molecular taxonomies, incorporate inflammation, 

synaptic dysfunction, vascular injury, blood–brain barrier alterations, and omics-derived information. These approaches may 

enhance biological stratification, but most remain research-oriented and require harmonised thresholds, external replication, 

and evidence of clinical utility before they can be applied to routine individual-level classification. 

 



Ruiz-Vanoye et al.  / International Journal of Combinatorial Optimization Problems and Informatics, 18(1) 2027, 281-314. 

 

293 

 

3.4 Neuropathological classifications 

Neuropathological classifications assess the type, anatomical distribution, and burden of lesions associated with Alzheimer’s  

disease. Unlike clinical or biomarker-based frameworks, these systems rely primarily on direct histopathological examination 

and therefore retain high pathological validity but have limited applicability to ante-mortem screening. Neuropathological 

stage should not be interpreted as directly equivalent to clinical severity because substantial lesion burdens may occur in 

cognitively unimpaired individuals and because clinical expression is influenced by cognitive reserve, comorbidities, and 

concomitant pathologies. 

 

The principal Alzheimer-related neuropathological systems are Braak staging, Thal amyloid phases, the CERAD neuritic-

plaque score and the integrated ABC assessment (Braak & Braak, 1991; Thal et al., 2002; Mirra et al., 1991; Hyman et al., 

2012). Concomitant pathologies, including LATE-related TDP-43 pathology, Lewy body disease and cerebrovascular lesions, 

may substantially modify the clinical expression of Alzheimer-related neuropathological change (Nelson et al., 2019; 

McAleese et al., 2021; Mehta & Schneider, 2021). Accordingly, neuropathological interpretation of dementia requires 

Alzheimer-related lesions to be assessed alongside other age-related neurodegenerative and vascular pathologies (Schneider, 

2022). 

 

The ABC framework integrates Thal phase (A), Braak stage (B), and CERAD score (C) to classify Alzheimer’s disease 

neuropathological change as not, low, intermediate, or high. 

 

These systems provide complementary forms of information rather than interchangeable classifications. Braak characterises 

tau distribution, Thal characterises amyloid distribution, CERAD estimates neuritic plaque burden, and ABC combines the 

three dimensions into an overall neuropathological category. Nevertheless, none independently accounts for the complete 

clinical phenotype. Concomitant pathologies—including Lewy body disease, LATE-related TDP-43 pathology, and 

cerebrovascular lesions—are common in older individuals and may modify cognitive decline and the threshold at which 

dementia becomes clinically apparent. Neuropathological reports should therefore describe both Alzheimer-related changes 

and relevant copathologies. 

Table 9. Principal neuropathological classifications associated with Alzheimer’s disease 

System Principal lesion or 

construct 

Categories Main use Principal limitation 

Braak 

staging 

Anatomical 

distribution of 

neurofibrillary tau 

pathology 

Stages I–VI: 

transentorhinal, limbic 

and isocortical 

progression 

Characterisation of the 

topographical progression 

of tau pathology 

Neuropathological stage 

does not correspond 

automatically to clinical 

severity 

Thal 

phases 

Anatomical 

distribution of 
amyloid-β 

deposition 

Phases 0–5 Characterisation of the 

anatomical spread of 

amyloid pathology 

Describes distribution 

more directly than lesion 

density or cognitive status 

CERAD 

score 

Density of 

neocortical neuritic 

plaques 

None, sparse, moderate 

or frequent 

Semiquantitative 

assessment of neuritic-

plaque burden 

Plaques may occur in 

cognitively unimpaired 

individuals 

ABC 

assessment 

Integrated amyloid, 

tau and neuritic-

plaque burden 

Not, low, intermediate 

or high AD 
neuropathological 

change 

Standardised overall 

assessment of Alzheimer-
related neuropathological 

change 

Primarily post-mortem and 

does not capture all 
clinically relevant 

copathologies 

The metataxonomic distinction is particularly important in this domain. Neuropathological classifications establish lesion type 

and burden but do not independently classify current cognitive performance, functional dependency, or symptomatic 

phenotype. Their principal roles are pathological confirmation, clinicopathological correlation, and the validation of in vivo 

biomarkers. 
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3.5 Phenotypic classifications 

Phenotypic classifications describe the predominant clinical expression of Alzheimer’s disease rather than its underlying 

pathology or severity. Although the typical presentation is characterised by early and progressive episodic-memory 

impairment, Alzheimer’s disease pathology may also produce predominantly visual, language, executive, or behavioural 

syndromes. These atypical presentations may reflect the selective vulnerability of different large-scale cortical networks and 

appear to occur more frequently in younger-onset disease (Graff-Radford et al., 2021). 

 

Phenotype and aetiology must nevertheless be distinguished. Posterior cortical atrophy (PCA) and the logopenic variant of 
primary progressive aphasia (PPA) are clinical syndromes that may be associated with Alzheimer’s disease pathology but 

may also arise from other neurodegenerative processes. Consequently, labels such as ‘PCA due to Alzheimer’s disease’ or 

‘logopenic aphasia due to Alzheimer’s disease’ require biomarker or neuropathological evidence supporting the underlying 

aetiology (Crutch et al., 2017; Dubois et al., 2024; Gorno-Tempini et al., 2011). 

 

The present metataxonomy retains four principal phenotypic presentations: typical amnestic, posterior cortical, logopenic, 

and behavioural/dysexecutive. These categories are not necessarily mutually exclusive, particularly as the disease progresses 

and impairment extends across multiple cognitive domains (Graff-Radford et al., 2021). 

 

Table 10. Principal phenotypic presentations associated with Alzheimer’s disease 

Phenotype Predominant 

domain 

Core 

clinical 

presentatio

n 

Useful 

assessment 

modalities 

Principal differential 

diagnoses 

Key sources 

Typical amnestic 

presentation 

Episodic 

memory 

Progressive 

impairment 

in learning 

and retaining 

new 

information, 

frequently 
followed by 

multidomain 

cognitive 

decline 

Episodic-

memory 

assessment, 

structural MRI 

and Alzheimer-

specific 

biomarkers 

Depression, LATE, 

vascular cognitive 

impairment, dementia 

with Lewy bodies and 

normal ageing 

Graff-

Radford et al. 

(2021); 

Dubois et al. 

(2024) 

Posterior cortical 

atrophy 

Visuospatial 

and 

visuoperceptua

l processing 

Progressive 

impairment 

of higher-

order visual 

processing, 
spatial 

orientation, 

reading, 

calculation 

or praxis, 

with relative 

early sparing 

of memory 

and 

behaviour 

Visuoperceptua

l assessment, 

MRI or FDG-

PET, and 

biomarkers to 
establish the 

underlying 

pathology 

Dementia with Lewy 

bodies, corticobasal 

degeneration, prion 

disease and disorders 

of the visual pathways 

Crutch et al. 

(2017) 
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Phenotype Predominant 

domain 

Core 

clinical 

presentatio

n 

Useful 

assessment 

modalities 

Principal differential 

diagnoses 

Key sources 

Logopenic variant 

primary progressive 

aphasia 

Language and 

phonological 

working 

memory 

Word-

finding 

pauses, 

impaired 

repetition of 

sentences 

and phrases, 

and 

phonological 

errors, with 
relative early 

preservation 

of grammar 

and semantic 

knowledge 

Detailed 

language 

assessment, left 

temporoparietal 

neuroimaging 

and Alzheimer-

specific 

biomarkers 

Nonfluent/agrammati

c PPA, semantic PPA 

and other 

frontotemporal lobar 

degeneration 

syndromes 

Gorno-

Tempini et al. 

(2011) 

Behavioural/dysexecutiv

e presentation 

Executive 

function and 

behaviour 

Progressive 

impairment 

in planning, 

organisation, 
cognitive 

flexibility or 

judgement, 

with or 

without early 

apathy, 

disinhibition 

or 

personality 

change 

Executive and 

behavioural 

assessment, 

structural or 
functional 

imaging and 

Alzheimer-

specific 

biomarkers 

Behavioural-variant 

frontotemporal 

dementia, vascular 

cognitive impairment 
and primary 

psychiatric disorders 

Ossenkoppel

e et al. 

(2015); 

Townley et 

al. (2020) 

 

 

 

Abbreviations: FDG-PET, fluorodeoxyglucose positron emission tomography; MRI, magnetic resonance imaging; PET, 

positron emission tomography; PPA, primary progressive aphasia. 

 

The distinction between syndrome and aetiology is particularly important for atypical phenotypes. Posterior cortical atrophy, 

logopenic aphasia, and behavioural or dysexecutive syndromes describe the clinical expression of disease; they do not 

independently identify Alzheimer’s disease pathology. Biomarkers therefore operate at the aetiological layer, whereas clinical 

and neuropsychological findings operate at the phenotypic layer. 

 

Corticobasal and rapidly progressive presentations may occur in association with Alzheimer’s disease pathology, but they are 

not retained here as primary phenotypic classes. Corticobasal syndrome has limited pathological specificity, while rapidly 

progressive Alzheimer’s disease is more appropriately regarded as a descriptor of disease tempo rather than a distinct cognitive 

phenotype. 
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3.6 classified according to the age 

 Cases may be classified according to the age at which symptoms first emerge. Early-onset disease refers to clinical 

presentation before the age threshold defined by the individual study or diagnostic framework. This category is particularly 

relevant when considering a possible genetic contribution or an atypical phenotype; however, early onset should not 

automatically be interpreted as evidence of familial inheritance. By contrast, late-onset disease develops at an older age and 

accounts for the majority of sporadic cases. This classification is especially useful in epidemiological research and prevention 

studies, although interpretation may be complicated by the high prevalence of comorbid conditions in older populations. 

 

From a genetic perspective, autosomal dominant disease is associated with a pathogenic familial mutation, most commonly 

involving genes such as APP, PSEN1, or PSEN2. Although these variants are rare at the population level, their identification 

has important implications for genetic counselling, family assessment, and research. Sporadic disease, in contrast, lacks a 

clear Mendelian inheritance pattern and is generally understood to arise from a complex interaction of genetic, environmental, 

and lifestyle factors. Genetic susceptibility may also be assessed through risk alleles or polygenic risk scores, including APOE 

status; nevertheless, these indicators are intended for risk stratification and should not be considered diagnostic in isolation. 

 

3.7 Sensory and neurophysiological approaches 

Sensory alterations have increasingly been investigated as potential markers, risk modifiers, and clinical correlates of 

Alzheimer’s disease. The evidence is strongest for olfaction, hearing, and vision, whereas taste, somatosensation, 

proprioception, vestibular function, and interoception remain substantially less studied. Sensory impairment should not, 

however, be interpreted automatically as evidence of Alzheimer’s disease pathology because it may result from normal ageing, 
peripheral sensory disease, vascular or metabolic comorbidity, medication effects, or other neurodegenerative disorders 

(Albers et al., 2015; Lad et al., 2024; Murphy, 2019). 

 

Olfactory dysfunction is among the most consistently reported sensory abnormalities in mild cognitive impairment and 

Alzheimer’s disease. Deficits may involve odour identification, discrimination, detection thresholds, and olfactory memory. 

Its potential relevance may be related to the early involvement of olfactory and medial temporal structures in 

neurodegenerative processes. Nevertheless, olfactory impairment is not specific to Alzheimer’s disease and may also occur 

in Parkinson’s disease, Lewy body disorders, sinonasal disease, smoking, and normal ageing. Olfactory testing should 

therefore be considered a complementary marker rather than an independent diagnostic classification (Jung et al., 2019; 

Murphy, 2019). 

 

Age-related hearing loss has been associated with cognitive decline and dementia through several non-exclusive mechanisms, 

including increased cognitive load, reduced sensory stimulation, social isolation, and shared vascular or neurodegenerative 

processes. Visual impairment may similarly reduce environmental and cognitive stimulation or reflect retinal and central 

visual-system alterations. The coexistence of hearing and visual impairment has been associated with a higher risk of dementia 

than impairment in either modality alone, which may support the use of multimodal sensory assessment in risk stratification. 

These associations do not, however, establish that sensory loss causes Alzheimer’s disease or that sensory rehabilitation 

prevents its development (Hwang et al., 2020; Lad et al., 2024; Tarawneh et al., 2022). 

 

Evidence concerning tactile discrimination, proprioception, vestibular processing, taste, and interoception remains 
preliminary and heterogeneous. Alterations in these domains may influence balance, gait, nutrition, spatial orientation, and 

bodily awareness, but Alzheimer-specific thresholds and longitudinal trajectories have not been validated. These modalities 

should therefore be treated as candidate research dimensions rather than recognised diagnostic markers. 

 

From the perspective of the present metataxonomy, sensory tests constitute observational modalities that measure peripheral 

or central sensory function. They do not independently classify Alzheimer’s disease pathology. Interpretation must distinguish 

peripheral receptor or nerve impairment from deficits in cortical processing, attentional demands, and multisensory 

integration. Accordingly, sensory approaches are classified here as M2—emerging: they have a plausible empirical basis but 

lack standardised protocols, Alzheimer-specific thresholds, and sufficient external validation for routine disease classification. 
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Table 11. Sensory and neurophysiological dimensions relevant to Alzheimer’s disease 

Modality Candidate measurements Potential relevance Principal confounders 

Vision Visual acuity, contrast sensitivity, 

motion perception, visuospatial 

tasks, visual evoked potentials and 

retinal imaging 

Visual-processing 

impairment, posterior 

cortical phenotypes and 

possible risk stratification 

Cataract, glaucoma, macular 

disease, refractive error and 

lighting conditions 

Hearing Pure-tone audiometry, speech-in-

noise testing, auditory brainstem 

responses, mismatch negativity and 

P300 

Peripheral and central 

auditory dysfunction, 

cognitive load and 

dementia-risk assessment 

Presbycusis, noise exposure, 

hearing-aid use and middle-

ear disease 

Olfaction Odour identification, 

discrimination, detection threshold 

and olfactory memory 

Candidate early or 

prodromal marker and 

association with medial 

temporal dysfunction 

Age, smoking, rhinitis, 

respiratory infection, 

Parkinson’s disease and 

Lewy body pathology 

Somatosensation 

and proprioception 

Tactile discrimination, vibration 

threshold, position sense and 

sensory-evoked responses 

Exploratory assessment of 

sensorimotor processing, 

gait and functional 

vulnerability 

Peripheral neuropathy, 

diabetes, musculoskeletal 

disease and motor 

impairment 

Vestibular function Vestibulo-ocular reflex, 

posturography, balance and spatial-

orientation tasks 

Exploratory relationship 

with navigation, balance 

and falls 

Peripheral vestibular disease, 

medication, visual 

impairment and mobility 

limitations 

Taste and 

interoception 

Taste detection and identification, 

electrogustometry, autonomic 

responses and internal-state 

discrimination 

Exploratory relationship 

with nutrition, eating 

behaviour and bodily-state 

processing 

Olfactory dysfunction, 

medication, oral disease, 

nutrition and metabolic 

disorders 

 

The available evidence therefore supports sensory assessment as a complementary dimension of Alzheimer’s disease research, 

not as a stand-alone diagnostic taxonomy. Its principal future value may lie in multimodal profiles that combine sensory 

performance with cognitive assessment, neurophysiology and established biological biomarkers. 

3.8 Proposed neuroinformational framework 

The hypothesis-generating neuroinformational extension of the proposed metataxonomy is introduced in this section. The 

framework considers whether the efficiency of sensory–cognitive information processing can be characterised through three 

complementary dimensions: latency, fidelity, and integration. The subsections that follow clarify the model’s conceptual 

status, specify candidate operational measures, formulate testable hypotheses, and set out the conditions under which the 

framework would be weakened or falsified. It is presented as an experimental research architecture rather than as a validated 

diagnostic or staging system. 

3.8.1 Conceptual definition and status 
We define neuroinformational integrity as the capacity of the nervous system to encode, transmit, discriminate, and integrate 

the information required for adaptive perception and cognition. The proposed framework does not equate sensory impairment 

with Alzheimer’s disease. Instead, it examines whether alterations in information-processing efficiency may provide a 

complementary dimension for characterising the disease. 

 

The framework represents neuroinformational integrity as a multidimensional profile: 

N = (L, F, I) 
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where (L) denotes processing latency, (F) denotes representational fidelity, and (I) denotes within-modal or cross-modal 

integration. The model is not intended to replace clinical, biological, functional, or neuropathological frameworks, but rather 

to provide an additional layer through which sensory–cognitive information processing can be investigated. 

 

Under the maturity scale adopted in this review, the latency–fidelity–integration model is classified as M1—hypothesis-

generating. It currently lacks prospective validation, external replication, and established clinical decision thresholds. 

3.8.2 Operational dimensions 
Latency 

Latency refers to the time elapsed between stimulus presentation and a predefined neural, perceptual, or behavioural response. 

For sensory modality (m), latency may be expressed as: 

 

Candidate measures include reaction time, event-related potential (ERP) latency, sensory-evoked response latency, and 

temporal discrimination thresholds. Studies of event-related potentials have reported altered response speed and changes in 

the latencies of P300 and related components in mild cognitive impairment and Alzheimer’s disease. These findings indicate 

that this dimension can be measured, without establishing its specificity to Alzheimer’s disease (Papaliagkas et al., 2008; van 

Deursen et al., 2009). 

 

Fidelity 

Fidelity refers to the degree to which a neural or behavioural response preserves discriminable information about the stimulus 

that elicited it. Depending on the experimental design, it may be operationalised using perceptual accuracy, error rate, signal-

to-noise ratio, trial-to-trial reliability, representational similarity, or mutual information. One possible normalised formulation 

is: 

 

where (Sm) represents the stimulus, (Rm) represents the measured neural or behavioural response, (I(Sm;Rm)) denotes their 

mutual information, and (H(Sm)) denotes the entropy of the stimulus set. This equation is an illustrative operationalisation 

rather than a universal metric. Information-theoretic measures, including transfer entropy, have already been applied 

experimentally to electroencephalography (EEG) signals to differentiate among control, mild cognitive impairment, and 

Alzheimer’s disease groups. However, these applications do not validate the present framework as a diagnostic system 

(McBride et al., 2015; Shannon, 1948). 

 

Integration 

Integration refers to the capacity to combine information across sensory modalities, neural features, processing stages, or 

large-scale brain systems. It may be assessed using multisensory gain, temporal-binding measures, cross-modal 

synchronisation, effective connectivity, network participation coefficients, or global integration–segregation indices. No 

single equation should be imposed across all these measurement levels. EEG network studies have reported reduced global 

integration and increased segregation in Alzheimer’s disease. These findings provide empirical grounds for examining this 

dimension without establishing an Alzheimer-specific classification threshold (Kabbara et al., 2018). 
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3.8.3 Operational summary 
To facilitate the empirical application of the proposed neuroinformational framework, its core dimensions should be translated 

into measurable constructs. Table 12 operationalises the three principal dimensions—latency, fidelity, and integration—by 
defining each construct, identifying candidate measurements, outlining the expected direction of alteration, and highlighting 

the principal potential confounders. 

 

This structure is intended to inform the design and interpretation of future experimental and clinical studies. The dimensions 

are considered jointly rather than as isolated markers, allowing researchers to examine whether neurocognitive dysfunction is 

characterised primarily by slowed processing, degraded information representation, impaired cross-system integration, or a 

combination of these alterations. Consideration of the principal confounders is particularly important because observed 

differences may reflect age-related, sensory, pharmacological, attentional, or comorbid influences rather than the 

neuroinformational mechanism under investigation. 

 

Table 12. Operational components of the proposed neuroinformational framework 

Dimension Operational definition Candidate measurements Expected 

alteration 

Principal confounders 

Latency Time required to 

generate a neural, 

perceptual or 

behavioural response 

Reaction time, ERP latency, 

sensory-evoked responses, 

temporal discrimination 

Increased 

latency 

Age, motor slowing, 

attention, medication and 

peripheral sensory loss 

Fidelity Degree to which the 

response preserves 

information about the 

stimulus 

Accuracy, error rate, signal-to-

noise ratio, mutual 

information and response 

reliability 

Reduced 

fidelity 

Task difficulty, fatigue, 

education, sensory acuity 

and measurement noise 

Integration Capacity to combine 

information across 

modalities, features or 

neural systems 

Multisensory gain, temporal 

binding, synchronisation, 

connectivity and network 

integration 

Reduced or 

inefficient 

integration 

Vascular burden, arousal, 

medication, sensory 

asymmetry and comorbid 

neurological disease 

Abbreviation: ERP, event-related potential. 

 

3.8.4 Testable hypotheses 
The proposed framework generates four principal hypotheses: 

H1. Greater clinical or biological disease burden will be associated with longer processing latency after adjustment 

for age, education, motor speed and peripheral sensory function. 

H2. Greater disease burden will be associated with reduced stimulus–response fidelity, expressed through lower 

discrimination accuracy, reduced response reliability, lower signal-to-noise ratio or reduced mutual information. 

H3. Individuals across the Alzheimer continuum will show reduced or less efficient sensory and network-level 

integration relative to appropriately matched controls. 

H4. A multidimensional latency–fidelity–integration profile will provide incremental explanatory or predictive value 

beyond demographic variables and conventional cognitive measures. 

3.8.5 Falsification criteria 
The framework would not be supported if latency, fidelity and integration showed no reproducible association with clinical, 

cognitive or biological disease burden; if the associations disappeared after adjustment for age, sensory acuity, motor speed, 

education, vascular burden and relevant comorbidities; if the measurements lacked acceptable test–retest or cross-centre 

reproducibility; or if the multidimensional profile provided no incremental value beyond established cognitive and biomarker 

measures. 
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The latency–fidelity–integration model should therefore be interpreted as a testable research framework rather than as a 

validated classification or staging system. Its progression from M1 to an emerging or research-level framework would require 

standardised tasks, prespecified metrics, prospective cohorts, external replication and demonstration of longitudinal or 

clinically meaningful associations. 

4. Comparative synthesis of classification frameworks 

The comparative analysis suggests that contemporary Alzheimer’s disease classification frameworks are complementary but 

not interchangeable. Apparent disagreements among them often arise because they classify different objects, rely on different 

observational modalities, and inform different clinical or research decisions. Biological frameworks identify pathological 
processes; clinical frameworks describe symptomatic expression; functional instruments quantify dependency; 

neuropathological systems assess lesion type and burden; phenotypic classifications describe patterns of presentation; and 

genetic frameworks characterise aetiology or susceptibility. 

 

4.1 Non-equivalence, discordance and overlap 

A biomarker-positive individual may be biologically classified within the Alzheimer continuum while remaining cognitively 

unimpaired and functionally independent. Conversely, an individual may present with a dementia syndrome clinically 

compatible with Alzheimer’s disease but have inconclusive, negative, or mixed biomarker findings. These situations do not 

necessarily represent classification errors. Rather, they may reflect the analytical distinction between biological status, clinical 

expression, and functional severity (Jack et al., 2018, 2024; Dubois et al., 2021, 2024). 

 

A similar lack of equivalence applies to neuropathological and phenotypic classifications. Braak, Thal, CERAD, and ABC 

describe lesion distribution or burden but do not determine the precise clinical phenotype or degree of dependency in an 

individual patient. Likewise, posterior cortical atrophy, logopenic aphasia, and behavioural or dysexecutive presentations 

describe patterns of clinical expression but do not independently establish Alzheimer-specific pathology (Hyman et al., 2012; 

Crutch et al., 2017; Gorno-Tempini et al., 2011; Graff-Radford et al., 2021). 

 

Global cognitive and functional instruments may also underrepresent atypical disease trajectories. A patient with posterior 

cortical or language-predominant impairment may experience substantial domain-specific disability despite obtaining scores 

that do not align neatly with conventional amnestic staging models. Cognitive tests and functional scales should therefore be 

interpreted as measurement instruments that support classification rather than as complete representations of disease biology 

or phenotype. 

 

The metataxonomic framework accommodates these distinctions by permitting multiple simultaneous classifications. For 

example, the same individual may be classified biologically as A+T+, clinically as mildly impaired, functionally as largely 

independent, and phenotypically as logopenic. These labels are not contradictory because each refers to a different object of 

classification. 

 

Biological positivity should not be taken to imply a deterministic prognosis for an individual, nor should it be regarded, in 

isolation, as sufficient to establish the same treatment pathway for all biomarker-positive individuals (Rossini & Pappalettera, 

2026). 
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4.2 Scenario-specific applicability 

Table 13 summarises the most appropriate Alzheimer’s disease classification frameworks for different clinical, research, and 

neuropathological scenarios. It highlights the principal purpose, complementary approaches, and key interpretative limitations 

associated with each framework. 

 

Table 13. Scenario-specific applicability of Alzheimer’s disease classification frameworks 

Scenario Primary framework 

or instrument 

Principal purpose Complementary 

approaches 

Principal caution 

General clinical 

consultation 

Clinical assessment 

and functional staging 

Identify symptomatic 

impairment, severity 

and care needs 

Cognitive testing and 

biomarkers when 

clinically indicated 

Clinical severity does 

not establish Alzheimer-

specific aetiology 

Specialist memory 

clinic 

Clinical–biological 

criteria and 

phenotypic 

assessment 

Aetiological 

diagnosis and 

differential 

characterisation 

Neuropsychology, 

MRI, fluid 

biomarkers and 

molecular imaging 

Biomarkers must be 

interpreted in relation to 

phenotype and 

comorbidities 

Clinical trial 

recruitment 

Biological profile 

plus clinical stage 

Participant selection, 

cohort enrichment 

and reduction of 

biological 

heterogeneity 

Cognitive, 

functional, genetic 

and phenotypic 

stratification 

Biomarker eligibility 

does not guarantee 

homogeneous 

progression or treatment 

response 

Longitudinal 

monitoring 

CDR/CDR-SB, 

cognitive measures 

and functional 

instruments 

Quantify clinical and 

functional change 

over time 

Biomarkers and 

digital measures 

Outcome measures are 

not disease taxonomies 

Neuropathological 

assessment 

Braak, Thal, CERAD 

and ABC 

Characterise lesion 

distribution, burden 

and Alzheimer 

neuropathological 

change 

Clinical history and 

systematic 

assessment of 

copathologies 

Post-mortem lesion 

burden does not map 

directly onto ante-

mortem severity 

Genetic counselling 

and familial disease 

Causal-variant and 
familial 

classifications 

Identify autosomal-
dominant disease and 

interpret inherited 

susceptibility 

Clinical phenotype, 
biomarkers and 

family history 

APOE and polygenic 

risk are not diagnostic 

Risk and 

prevention 

research 

Biomarkers, genetics 

and longitudinal 

cognitive assessment 

Identify populations 

with increased 

probability of future 

decline 

Vascular, lifestyle, 

sensory and digital 

measures 

Risk classification must 

not be presented as 

certain individual 

prognosis 

Mechanistic and 

exploratory 

research 

Sensory, 

neurophysiological 

and 

neuroinformational 

frameworks 

Investigate latency, 

fidelity, integration 

and early 

information-

processing alterations 

Established 

biomarkers, 

neuroimaging and 

cognitive assessment 

Neuroinformational 

profiles remain 

hypothesis-generating 

and cannot support 

clinical diagnosis 

 

No single classification framework is optimal for every scenario. The appropriate system depends on the decision being made 

and the object to be classified. Clinical care prioritises symptoms, functional status, and differential diagnosis; clinical trials 

require biological and clinical stratification; neuropathological assessment focuses on lesion burden and copathologies; and 

exploratory research may incorporate sensory and neuroinformational measures. Multidimensional integration should 

therefore retain the distinctions among frameworks rather than collapse them into a single universal score. 

 



Ruiz-Vanoye et al.  / International Journal of Combinatorial Optimization Problems and Informatics, 18(1) 2027, 281-314. 

 

302 

 

5. Gaps, challenges and future directions 

The principal gaps in contemporary Alzheimer’s disease classification may be organised as a sequence linking current 

conceptual and methodological limitations to the scientific challenges required to address them and, in turn, to the resulting 

opportunities for research and clinical translation (Figure 2). 

 

Figure 2. Current gaps, scientific challenges and research opportunities in contemporary Alzheimer’s disease classification. The figure  
links unresolved conceptual and methodological limitations with priority scientific challenges and potential translational opportunities. 
The proposed neuroinformational measures remain hypothesis-generating and require standardised protocols, longitudinal assessment 

and external multicentre validation. 

 

These relationships should not be interpreted as deterministic one-to-one pathways. Each opportunity depends on progress 
across several challenges simultaneously. For example, precision stratification requires not only the identification of 

reproducible subtypes but also harmonised measurements, longitudinal validation and integration across biological, clinical 

and functional levels. 

 

5.1 Conceptual non-equivalence and biological heterogeneity 

One of the principal challenges in contemporary Alzheimer’s disease classification is that frameworks addressing different 

objects often coexist but are interpreted as though they were interchangeable. Biological criteria identify Alzheimer-related 

pathological processes, whereas clinical criteria describe symptomatic expression. Functional instruments quantify 

dependency, neuropathological systems assess lesion distribution and burden, and phenotypic classifications describe patterns 

of presentation. Consequently, the same individual may receive different yet simultaneously valid labels, depending on the 

dimension examined. The distinction between purely biological and clinical–biological definitions remains particularly 

important for cognitively unimpaired individuals with positive biomarkers (Dubois et al., 2021, 2024; Jack et al., 2018, 2024). 

 

A second challenge is the biological heterogeneity obscured by apparently similar diagnostic categories. Individuals with 

comparable clinical syndromes may differ in amyloid and tau burden, neurodegeneration, vascular injury, inflammation, 
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resilience, and concomitant pathologies. Conversely, individuals with similar biomarker profiles may follow different clinical 

trajectories. This heterogeneity limits deterministic interpretations of individual biomarkers and supports the use of 

classifications that document both Alzheimer-related processes and relevant copathologies (Mehta & Schneider, 2021; 

Scheltens et al., 2021). 

 

5.2 Standardisation and translational challenges 

International comparison remains limited by differences in cohort definitions, biomarker platforms, positivity thresholds, 

neuropsychological instruments and procedures for assigning clinical stages. Future frameworks should therefore specify the 

object classified, the measurement modality, the analytical platform, the decision threshold and the intended use. 

Harmonisation should not require a single immutable classification; rather, it should permit different frameworks to coexist 

while ensuring that their outputs and inferential limits are reported transparently. 

 

Digital biomarkers and machine-learning methods may enrich classification through longitudinal measures of speech, 

movement, navigation, sleep, device interaction and everyday functioning. However, these technologies should be treated as 

observational and analytical modalities rather than independent disease classifications. Their clinical translation remains 
constrained by small or selected samples, inconsistent protocols, data leakage, limited external validation and reduced 

generalisability across demographic and clinical populations (de la Fuente Garcia et al., 2020; Kourtis et al., 2019; Wen et al., 

2020). 

5.3 Research priorities 

Three priorities emerge from this review. First, future studies should preserve the distinctions among biological status, clinical 

expression, functional severity, phenotype, and risk rather than collapsing them into a single universal category. Second, 

multimodal models should undergo longitudinal evaluation and external validation to determine whether they improve 

diagnosis, prognosis, or treatment selection beyond established clinical and biomarker frameworks. Third, emerging sensory 

and neuroinformational measures require standardised tasks, reproducible metrics, and explicit assessment of incremental 

validity. 

 

The latency–fidelity–integration model proposed in this review is intended to address the third priority by representing neural 

information processing as a multidimensional profile rather than as an ordinal disease stage. Existing evidence suggests that 

sensory and network-level alterations can be measured in Alzheimer’s disease, but it does not yet establish Alzheimer-specific 

thresholds or a validated neuroinformational classification. The model should therefore remain designated M1—hypothesis-

generating until prospective multicentre studies provide evidence of reliability, longitudinal sensitivity, specificity, and added 

value beyond conventional cognitive and biological measures (Albers et al., 2015; Kabbara et al., 2018). 

 

Table 14. Principal gaps and research priorities in Alzheimer’s disease classification 

Gap Consequence Priority action 

Conceptual non-equivalence Apparently contradictory diagnoses 

or stages 
Report separately the object classified, 

modality and intended use 

Biological heterogeneity Variable clinical trajectories within 

similar biomarker profiles 
Incorporate copathologies, resilience and 

longitudinal multimodal information 

Platform and threshold 

heterogeneity 
Limited comparability across 

cohorts and centres 
Harmonise acquisition, analytical procedures 

and reporting standards 

Limited generalisability of 

digital and AI models 
Inflated performance and uncertain 

clinical utility 
Require external validation, transparency and 

demographically diverse cohorts 

Lack of validated 

neuroinformational measures 
Inability to use latency, fidelity or 

integration clinically 
Develop standardised tasks, normative data 

and prospective validation 
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The central opportunity is therefore not to replace existing classifications with a single comprehensive score, but to construct 

an interoperable architecture in which different frameworks retain their conceptual identity while contributing complementary 

information to diagnosis, staging, prognosis and research stratification. 

6. Conclusions and Directions for Future Work 

Future research should focus less on developing additional isolated classification systems and more on evaluating 

interoperable architectures that integrate biological status, clinical expression, functional severity, phenotype, and longitudinal 

change. Rather than reducing heterogeneous information to a single universal score, such architectures should preserve its 

multidimensional structure. Their value will depend on evidence that integration improves diagnosis, prognosis, treatment 

selection, or research stratification beyond the contribution of each framework considered separately (Jack et al., 2024). 

6.1 Multimodal and blood-based biomarkers 

A central priority is the prospective validation of multimodal biomarker profiles. Plasma phosphorylated tau, amyloid-related 

measures, neurofilament light, and glial fibrillary acidic protein may improve access to biological assessment. However, their 

interpretation depends on assay characteristics, prespecified thresholds, clinical context, and the reference standard used. Their 

principal future value may lie in staged diagnostic pathways that combine accessible blood tests with clinical evaluation and, 

where necessary, confirmation through cerebrospinal fluid analysis or molecular imaging (Palmqvist et al., 2024; Teunissen 

et al., 2022). 

 

Future studies should therefore prioritise cross-platform calibration, prespecified cut-offs, population diversity, longitudinal 

change, and incremental value beyond established clinical and cognitive assessments. Multimodal integration should examine 

the relationships among biomarkers rather than merely increasing the number of variables incorporated into predictive models. 

 

6.2 Trustworthy artificial intelligence and digital monitoring 

Artificial-intelligence methods may support the integration of neuroimaging, molecular, clinical, speech, and behavioural 

data. Their translation into clinical classification, however, requires safeguards against data leakage, overfitting, dataset shift, 

and limited external generalisability. Models should be evaluated in independent cohorts, with transparent reporting of 

participant selection, preprocessing, missing-data handling, and model calibration (de la Fuente Garcia et al., 2020; Wen et 

al., 2020). 

 

Explainable artificial intelligence may improve the interpretability of algorithmic predictions, but explanation methods should 

not be assumed to guarantee clinical validity or trustworthiness. Future studies should assess whether explanations are stable, 

clinically meaningful, and useful to their intended stakeholders, rather than merely producing visually plausible feature 

rankings (Shankar et al., 2025). 

 

Digital biomarkers derived from speech, gait, navigation, sleep, device interaction, and everyday activities may permit more 

frequent and ecologically relevant monitoring than periodic clinic-based assessments. Their incorporation into classification 

frameworks will depend on standardised metrics, longitudinal reliability, evidence of clinical relevance, appropriate data 

governance, and the protection of privacy and autonomy (Piau et al., 2019). 

 

Although multimodal artificial-intelligence models frequently outperform unimodal approaches, their apparent performance 

remains strongly influenced by dataset composition, validation design, and the availability of external multicentre evaluation 

(Yu et al., 2026). 

 

6.3 Validation of the neuroinformational framework 

The latency–fidelity–integration model proposed in this review should remain classified as M1—hypothesis-generating until 

it has undergone prospective validation and external replication. Initial studies should establish standardised tasks, modality-

specific measurements, normative distributions, test–retest reliability, and sensitivity to peripheral sensory impairment, 

attention, motor slowing, and relevant comorbidities. 
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Subsequent studies should determine whether neuroinformational profiles are associated with recognised clinical or biological 

stages, whether they change longitudinally, and whether they provide incremental value beyond conventional cognitive 

assessments and established biomarkers. Existing evidence suggests that sensory dysfunction and altered network integration 
can be measured in Alzheimer’s disease, but does not establish Alzheimer-specific neuroinformational thresholds or a 

validated staging system (Albers et al., 2015; Kabbara et al., 2018). 

 

6.4 Harmonisation and dynamic classification 

Validation of multidimensional classifications is likely to require multicentre collaboration, harmonised acquisition and 

reporting protocols, demographically diverse cohorts, and shared longitudinal datasets. Harmonisation should not impose a 

single classification across all contexts. Instead, it should ensure that each framework explicitly reports the object classified, 

observational modality, decision threshold, intended use, and inferential limitations. 

 

Future classifications may therefore become more dynamic, with biological, clinical, and functional profiles updated as new 

observations become available. Such models should preserve the distinctions among disease status, current symptoms, 

dependency, phenotype, and future risk. The objective is not to replace established classifications but to make them 
interoperable within a longitudinal architecture suitable for clinical care, clinical trials, and mechanistic research Future 

classifications may therefore become more dynamic, with biological, clinical, and functional profiles updated as new 

observations become available. Such models should preserve the distinctions among disease status, current symptoms, 

dependency, phenotype, and future risk. The objective is not to replace established classifications, but to enable their 

interoperability within a longitudinal architecture suited to clinical care, clinical trials, and mechanistic research. 

 

Future Alzheimer’s disease classifications should therefore be evaluated not by the volume of information they combine, but 

by whether such integration is reproducible, interpretable, and clinically or scientifically useful. 

 

Figure 3. Roadmap towards an interoperable and longitudinal architecture for Alzheimer’s disease classification. Clinical, biological, 
neuropathological, genetic, phenotypic, digital and neuroinformational information is integrated through transparent analytical methods 

while retaining the conceptual identity of each classificatory domain. 
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Contemporary classifications of Alzheimer’s disease describe distinct but complementary aspects of the disorder. They should 

not be interpreted as interchangeable representations of a single construct. Biological frameworks identify Alzheimer-related 

pathological processes, whereas clinical systems describe symptomatic expression and functional instruments quantify the 
consequences of impairment. Neuropathological classifications characterise lesion distribution and burden, while phenotypic 

frameworks distinguish patterns of presentation. Genetic approaches, in turn, classify aetiology or susceptibility. Apparent 

disagreement among these systems often arises because they classify different objects, rely on different observational 

modalities, and serve different clinical or research purposes. 

 

The principal contribution of this review is the proposed three-layer metataxonomy. It organises Alzheimer’s disease 

classification frameworks according to: (i) the object being classified; (ii) the modality through which that object is observed 

or measured; and (iii) the intended use of the classification. This distinction may provide a conceptual basis for integrating 

multiple classifications without collapsing biological status, clinical syndrome, functional dependency, phenotype, 

neuropathological burden, and future risk into a single undifferentiated category. The framework may therefore improve the 

interpretation of apparently discordant classifications and support more transparent reporting in clinical practice, cohort 

design, and translational research. 

 

A further proposal concerns neuroinformational integrity, defined through latency, fidelity, and integration, as a hypothesis-

generating dimension for investigating alterations in sensory–cognitive information processing. This model should not 

currently be regarded as a diagnostic or staging system. Its principal value may lie in generating testable hypotheses about 

whether slowed processing, degraded stimulus representation, or impaired within-modal and cross-modal integration provide 

information beyond established cognitive, functional, and biological measures. 

 

Several limitations should be acknowledged. The reviewed frameworks differ substantially in their conceptual foundations, 
evidential maturity, target populations, measurement platforms, and intended applications. These differences constrain direct 

comparison across frameworks. Emerging sensory, digital, computational, and neuroinformational approaches remain 

affected by methodological heterogeneity, limited external replication, and the absence of standardised decision thresholds. 

In addition, the proposed metataxonomy and neuroinformational framework require prospective evaluation and should not be 

interpreted as clinically validated models. Future studies should assess their reproducibility, longitudinal sensitivity, cross-

population generalisability, and incremental value beyond established biomarkers and cognitive assessments. Progress 

towards a multidimensional architecture for Alzheimer’s disease classification will therefore require harmonised protocols, 

diverse multicentre cohorts, and explicit reporting of inferential limitations. It will also require preservation of the conceptual 

distinctions among disease biology, clinical expression, functional impact, phenotype, and risk. 
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