
Multimodal Machine Learning for Early Alzheimer's DiseasePrediction: Integrating Biomarkers, Artificial Intelligence, andPrecision Neurology
OVERVIEW: This narrative review examines how multimodal machine learning, whichcombines blood biomarkers, neuroimaging, genetics and cognitive data, could support early andindividualised prediction of Alzheimer's disease. The evidence indicates that the value of eachdata type shifts with disease stage and amyloid burden, and a framework built on biologicalcomplementarity, temporal adaptation, robustness to missing data and interpretability isproposed. The validation and generalisability gaps that must be closed before clinical use arealso outlined.
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ABSTRACT: Early and accurate predictionof the onset and progression of Alzheimer'sdisease represents a major medicalchallenge, since years of pathologicalchanges precede the first clinical sign ofcognitive decline. So far, clinical predictionhas relied on the analysis of individualbiomarkers or, at best, data from a limitednumber of modalities. However, thecomplex and largely unknown biologicalmechanisms underlying the heterogeneity ofthe disease make it unlikely that a singlebiomarker or a single data modality willallow robust prediction of disease inindividual subjects or of the rate ofprogression in already affected subjects.There is therefore a strong need formachine learning algorithms that integrate,within a unifying framework, the differentclasses of data generated in the context ofprecision medicine. Here, a framework ofmultimodal machine learning is presentedand its potential for early prediction isdiscussed, with special emphasis onindividualised risk assessment, explainableartificial intelligence and precisionneurology. A series of limitations that mayhinder implementation of the proposed

framework in the clinical setting is alsopresented. These limitations are largely dueto the heterogeneity of the different classesof data, the lack of large multimodal patientcohorts, the lack of external validation ofperformance, and the lack of modelinterpretability. By using models that areboth interpretable by humans and validatedagainst clinical endpoints, it may bepossible to move towards moreindividualised methods of early prediction ofAlzheimer's disease.
INTRODUCTION:
Alzheimer's disease (AD) is a primary causeof dementia and poses a major challenge inmedical science. At the moment, more than55 million individuals around the world livewith dementia, with Alzheimer's accountingfor about 60-70% of that number. Sincepeople's life expectancy is increasing, theglobal incidence of dementia is likely toincrease tremendously in the next decades,creating an unprecedented medical, social,and economic burden for the healthcaresystems around the world.1
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Nonetheless, despite years of thoroughscientific research, there is still one majordifficulty that hinders progress in this area:Alzheimer's is usually diagnosed whenirreversible changes in the brain havealready occurred, different from other typesof neurological diseases that manifestthemselves in a quick way. The molecularand cellular changes that take place in theorganism occur long before cognitiveimpairment can be observed, letting thedisease progress while the patients remainhealthy.1 By the time the cognitiveimpairment reaches a sufficient degree fordiagnosis, it is often too late to maximize thetherapeutic effect of the drugs.2
Understanding this prolonged preclinicalphase has fundamentally changed theobjectives in research about Alzheimer'sdisease. Rather than focusing specifically ondiagnosing established dementia,contemporary research increasingly aims toidentify individuals during the earliest stagesof disease development, when therapeuticintervention may still preserve neuronalfunction and delay clinical progression.3Consequently, early prediction has becomeone of the principal goals of modernneuroscience, precision medicine, andcomputational neurology.
The complexity inherent in the biology ofAlzheimer's disease is one of the greatestobstacles to reaching the objective.Alzheimer's disease is the result of a set of

different pathogenic processes that arecontinuously interacting with each other.4This means that the disease process beginsat different stages, proceeds with differentspeeds, and varies from person to persondue to genetic predisposition, environmentalinfluences and lifestyle and cognitive issues.Because of this, no single biomarker couldproperly reflect the disease.
In the last two decades, advances inresearch of biomarkers have turnedAlzheimer's disease from a purely clinicalsyndrome to a biological pathology. Bloodbiomarkers such as phosphorylated tau(pTau181, pTau217, and pTau231), theamyloid-β42/40 ratio, GFAP, and NfL candetect pathological processes in the bodyvia less invasive techniques.5 Structuralmagnetic resonance imaging, PET, CSFbiomarkers, genetic profiling andstandardized neuropsychological testsprovide additional information about thestage and course of disease.6 Nonetheless,no biomarker can capture the full extent ofthe biological complexity of Alzheimer'sdisease. Though structural MRI scans showchanges associated with neurodegeneration,genetic variants can again shed light on the
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genetic predisposition of a patient withoutproviding an insight into the ongoing diseaseprocess. Blood biomarkers provideinformation about specific pathways orlesions, whereas cognitive tests usuallydetect impairment only after the loss ofnumerous brain cells.7 Despite the fact thateach biomarker is useful on its own, none ofthem can mirror the entire biological pictureof Alzheimer's syndrome.
This is why in recent years multimodalmachine learning has become wellestablished. Multimodal machine learningintegrates separate types of biological andclinical data, neuroimaging, blood markers,genetic information, demographic data, andcognitive tests, unlike traditional methodswhich analyze each of the biomarkers inisolation. Regardless of the fact thatimproving predictive accuracy alone may notimply clinical readiness, it is true thatreported results differ greatly from differentstudies. That is due to the fact that studiesdiffer substantially in their patient population,choice of biomarkers, machine learningsolutions utilized, validation techniques,definitions of outcomes, and the compositionof the datasets used. Numerous modelshave been created based on veryhomogeneous research samples of patients,such as ADNI, while only a small number ofthem underwent proper independentvalidation in different populations in terms ofgeography and ethnic diversity. For thisreason, it is difficult to compare variousmodels. The feasibility of applying someproposed models is unknown.8

This review focuses on assessing the stateof multimodal machine learning in the field ofearly prediction of Alzheimer's disease. It isnot a simple review of the literature, but anevaluation of the biological reasons formultimodality, a comparison of different AIapproaches, an assessment of themethodological restrictions limiting theirimplementation, and a consideration of thefurther development of interpretable andclinically efficient computing systems. Theaim is to analyze the current advancementsin biomarker creation, application of machinelearning, and precision neurology.9
Biological basis of Alzheimer's disease
Alzheimer's disease is a progressiveneurodegenerative disorder characterizedby the gradual deterioration of cognitivefunction, memory, and behavior. Although itis most commonly recognized by its clinicalmanifestations, the disease begins manyyears before symptoms become apparentthrough a complex sequence of molecularand cellular events. Rather than resultingfrom a single pathological mechanism,Alzheimer's disease develops through theinteraction of numerous biological processesthat collectively disrupt neuronal functionand ultimately lead to widespreadneurodegeneration. This biologicalcomplexity explains why early diagnosisremains difficult and why no individualbiomarker can fully characterize diseaseprogression.
For many years, the amyloid cascadehypothesis has served as the dominantframework for understanding Alzheimer'sdisease. According to this model, abnormalprocessing of amyloid precursor protein(APP) produces amyloid-β (Aβ) peptidesthat aggregate into soluble oligomers andextracellular plaques within the brain.Although amyloid plaques represent one ofthe pathological hallmarks of Alzheimer'sdisease, growing evidence suggests that



soluble Aβ oligomers may exert greaterneurotoxicity than the plaques themselvesby disrupting synaptic communication,impairing neuronal signaling, and triggeringinflammatory responses. Importantly,amyloid accumulation often begins one totwo decades before cognitive symptomsbecome clinically detectable, making it oneof the earliest measurable biologicalchanges associated with the disease.
Despite its central role, amyloid pathologyalone does not adequately explain theclinical progression of Alzheimer's disease.Numerous studies have demonstrated thatsome individuals accumulate substantialamyloid deposits while remaining cognitivelyunimpaired, whereas others experiencesignificant cognitive decline despite relativelymodest plaque burden. These observationssuggest that amyloid deposition representsonly one component of a broaderpathological network rather than the soledriver of neurodegeneration. Consequently,recent research has increasingly focused onunderstanding how amyloid interacts withother biological mechanisms throughoutdisease progression.
Among these mechanisms, tau pathologydemonstrates a considerably strongerrelationship with neuronal dysfunction andcognitive decline. Tau is a microtubule-associated protein responsible formaintaining neuronal structure andfacilitating intracellular transport. Underpathological conditions, tau undergoesabnormal hyperphosphorylation, causing itto detach from microtubules and aggregateinto intracellular neurofibrillary tangles. Theaccumulation of these tangles disruptsaxonal transport, compromises neuronalintegrity, and contributes directly to neuronaldeath. Unlike amyloid deposition, which mayremain relatively stable over time, theregional spread of tau pathology closelyparallels the progression of cognitiveimpairment, making phosphorylated tau oneof the most promising biomarkers for diseasestaging and prognosis.

Neuroinflammation has emerged as anothercritical contributor to Alzheimer's diseasepathogenesis. Microglia and astrocytes,which normally maintain neuronalhomeostasis and protect the brain frominjury, become chronically activated inresponse to persistent amyloid and taupathology. While acute inflammatoryresponses may initially serve protectivefunctions by clearing toxic proteins andcellular debris, prolonged activationpromotes the sustained release ofinflammatory cytokines, oxidative molecules,and complement proteins that amplifyneuronal injury. This persistent inflammatoryenvironment not only acceleratesneurodegeneration but also influencesdisease progression through complexinteractions with amyloid and tau pathology.
As these pathological processes continue,progressive synaptic dysfunction andneuronal loss become increasingly apparent.Synaptic degeneration is strongly associatedwith declining cognitive performancebecause synapses represent thefundamental communication network of thebrain. Over time, neuronal death producescharacteristic structural changes, includinghippocampal atrophy and cortical thinning,which can be visualized using structuralmagnetic resonance imaging (MRI). Theseimaging findings often correspond with laterstages of disease progression, illustratingthat structural neurodegeneration generallyreflects damage that has alreadyaccumulated over many years rather thanthe earliest pathological events.
Genetic susceptibility further contributes tothe heterogeneity of Alzheimer's disease.Variants of the APOE gene, particularly theε4 allele, remain the strongest genetic riskfactor for late-onset Alzheimer's disease,whereas mutations in APP, PSEN1, andPSEN2 are associated with rare familialforms of the disease. Nevertheless, geneticsalone cannot fully explain disease onset orprogression. Age, cardiovascular health,metabolic disorders, sleep quality,education, physical activity, and
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environmental exposures all interact withgenetic predisposition to influence individualdisease trajectories. Consequently, patientswith similar genetic profiles may exhibitmarkedly different clinical outcomes.
Collectively, these findings illustrate thatAlzheimer's disease is not the consequenceof a single abnormal protein or isolatedmolecular pathway but rather the result ofmultiple interconnected biologicalmechanisms that evolve over time. Amyloiddeposition, tau pathology,neuroinflammation, synaptic dysfunction,neurodegeneration, and geneticsusceptibility each provide valuable yetincomplete insight into disease progression.This multidimensional nature forms thebiological rationale for the development ofmultimodal diagnostic strategies. Becausedifferent biomarkers capture differentaspects of Alzheimer's disease and becomeabnormal at distinct stages, integratingcomplementary sources of biologicalinformation offers a more comprehensiverepresentation of disease progression thanany single biomarker alone.
RESULTS
Multimodal machine learning for earlyprediction
The inherent biological heterogeneity ofAlzheimer's disease suggests that theintegration of complementary informationsources may provide a more robustfoundation for individualized risk assessmentthan reliance on any solitary biomarker.Multimodal machine learning (ML)architectures facilitate the unification ofneuroimaging data, molecular biomarkers,genetic profiles, and cognitive ordemographic variables within a singlepredictive framework. However, the efficacyof such multimodal integration is contingentnot merely upon the quantity of variables,but upon whether each modality providesbiologically and clinically distinct insights thatenhance the overall model.10

Empirical investigations have validated thisprinciple through diverse combinations ofdata modalities. Ritter et al. (2015) exploredthe transition from mild cognitive impairment(MCI) to clinical AD using multimodaldatasets from the Alzheimer's DiseaseNeuroimaging Initiative (ADNI),encompassing neuropsychological metrics,MRI, PET, and cerebrospinal fluid (CSF)analytes. Their optimized model, utilizingsupport vector machines and expert-derivedfeatures, achieved 73% accuracy, identifyingneuropsychological and imaging measuresas primary drivers of predictive performance.Critically, this research addressed thechallenge of missing biomarker data,establishing that multimodal frameworksremain viable even when specificmeasurements are inaccessible in clinicalpractice.11
The synergy of combining distinct biologicaldimensions was further elucidated by Reaset al. (2023), who constructed a multimodalhazard score integrating chronological age,polygenic risk, volumetric brain atrophy, andmemory performance. This integratedapproach facilitated superior riskstratification compared to individualpredictors; individuals in the highest quintileof the multimodal score exhibited asubstantially elevated risk of conversion todementia. These results underscore thatgenetic predisposition, structuralneurodegeneration, and cognitive declineoffer complementary perspectives on thetrajectory of disease progression.12
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processes, genetic measures definebaseline susceptibility, and cognitive testsdocument the functional manifestations ofdisease. However, evidence also indicatesthat no singular combination of modalities isuniversally superior; the most relevant datasources fluctuate based on disease stage,amyloid burden, and specific clinicalendpoints.15 Consequently, effectiveframeworks should emphasize biologicalcomplementarity and clinical adaptabilityover simple data aggregation.
Clinical feasibility remains a paramountconcern for real-world implementation. Whileresearch cohorts often providecomprehensive multimodal datasets, routineclinical environments frequently involveincomplete records. Predictive models thatmaintain robustness despite missingmeasurements are significantly morepractical for precision neurology. The workof Ritter et al. (2015) highlights that strategichandling of missing data can preserve theutility of multimodal systems. Futuredevelopments should prioritize identifyingparsimonious combinations of accessibleand complementary markers that can reliablydeliver individualized risk assessments indiverse clinical settings.16
In summary, the current body of evidenceidentifies multimodal ML as a transformativeapproach for the early prediction of AD, yet itcautions that increasing data volume doesnot inherently guarantee improved accuracy.Instead, a selective strategy is warranted,one that aligns modality selection withbiological relevance, clinical accessibility,and the specific stage of the disease. Thisprinciple underpins the framework proposedherein, which seeks to integratecomplementary biomarkers and clinical datawhile addressing the critical needs for model
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integration of complementary biologicalsignals that a solitary modality cannot fullyencapsulate.
Moreover, the framework must account forthe temporal evolution of AD pathology.While genetic risk remains constant,molecular shifts often manifest decadesbefore structural or cognitive decline, withthe latter becoming increasingly relevant asthe disease advances.20 Longitudinalarchitectures should therefore refineindividualized risk assessments as iterativebiomarker, imaging, and cognitive databecome available. This approach facilitatesa shift from static classification toward themodeling of specific disease trajectories foreach patient.
A critical requirement for clinicalimplementation is resilience to incompletedatasets. Since comprehensive multimodalprofiles are frequently unavailable in routinepractice, a clinically efficacious system mustassess whether the existing data providesufficient confidence for a reliableassessment rather than treating missingvariables as a systemic failure. Research byRitter et al. (2015) suggests that multimodalmodels can maintain predictive utility despitemissing analytes. Such a system couldfurther improve clinical workflows byidentifying specific instances where anadditional diagnostic test would substantivelyreduce predictive uncertainty.21
Finally, the framework must maintain a cleardistinction between computational riskassessment and definitive clinical diagnosis.Model outputs should offer individualizedrisk estimates alongside transparent insightsinto the underlying features driving thoseresults. While explainable AI techniques likeSHAP or imaging-based attribution providevaluable context for model behavior, theseinterpretations should be viewed as evidence
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of algorithmic logic rather than confirmedbiological causality.22
In summary, the proposed architecture isgoverned by four foundational principles:biological complementarity, temporaladaptation, robustness to missing data, andmodel interpretability. Rather than seekingperformance gains through increased datavolume alone, the objective is to isolate themost parsimonious combination ofaccessible and biologically meaningfulmarkers to achieve reliable, individualizedprediction in the early stages of AD.
Limitations
The present review is subject to severalmethodological constraints. Primarily, thesignificant heterogeneity across investigatedcohorts, datasets, and predictive targets,coupled with varying machine-learningarchitectures and validation protocols,precludes direct performance comparisons.Furthermore, a substantial portion of themultimodal literature depends uponresearch-grade cohorts with highlystandardized measurements, potentiallylimiting their generalizability to broader, real-world clinical populations.23 Additionally, therapid evolution of both blood-basedbiomarkers and artificial intelligence ensuresthat critical evidence may continue to surfacebeyond the scope of the literaturesynthesized herein.
Moreover, it is important to note that thiswork constitutes a focused narrative reviewrather than a comprehensive systematicreview or meta-analysis. Consequently,quantitative pooling of model performancewas not undertaken, and the proposed

framework should be viewed as a theoreticalsynthesis of contemporary evidence ratherthan a clinically validated predictiveinstrument.
Future directions
Subsequent research efforts should prioritizethe development of adaptive and longitudinalmultimodal architectures instead of merelyexpanding the volume of input variables.Given that the relative contribution of discretemodalities fluctuates according to diseasestage and individual patient profiles, next-generation models must be capable ofrefining risk assessments as longitudinaldata becomes available.24 Clinicalaccessibility must also emerge as afoundational consideration. Futureframeworks should maintain predictive utilityeven when certain modalities are missingand should provide guidance on whetherfurther diagnostics would substantivelyreduce uncertainty. Such an approach wouldmitigate unnecessary testing whileenhancing the practical utility of multimodalprediction in routine clinical settings.25
Lastly, rigorous prospective validation acrossgeographically and demographically diversepopulations remains imperative. Modelsmust undergo evaluation using clinicallyrelevant outcomes, independent datasets,and interpretable outputs before integrationinto clinical decision-support systems. Theobjective, therefore, is not the pursuit ofcomputational complexity for its own sake,but the realization of models that are robust,transparent, and clinically efficacious.
Conclusion
Alzheimer's disease arises from aconvergence of interacting pathologicalprocesses that manifest across a prolongedcontinuum, complicating individualizedprediction. The evidence synthesized hereindicates that multimodal machine learning
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can navigate this complexity by unifyingcomplementary insights from molecularbiomarkers, neuroimaging, genetics, andcognitive metrics. However, these data alsoreveal that increasing data volume does notinherently yield clinically superior prediction;the utility of each modality is intrinsically tiedto disease stage, amyloid burden, andspecific clinical endpoints.26
The analysis presented supports a paradigmshift from simple data aggregation towardadaptive, individualized multimodalprediction. Rather than subjecting everypatient to a uniform diagnostic battery, futuresystems should identify the mostparsimonious combination of accessible andbiologically relevant data for the individual.Critical to this transition will be the integrationof longitudinal updating, robustness toincomplete datasets, external validation, andmodel interpretability.
Ultimately, the impact of multimodal artificialintelligence in AD should be measured by itscapacity to translate heterogeneousbiological signals into reliable, individualized,and actionable clinical predictions. Anadaptive and interpretable framework offersa pathway toward precision neurology byfacilitating earlier risk identification and amore nuanced understanding of individualdisease trajectories.
MATERIALS AND METHODS
Literature search
For the identification of literature pertinent tothe topic under investigation, a focusedreview of academic literature was conductedto identify studies examining the use ofmachine learning techniques in the earlydetection and prediction of Alzheimer'sdisease. The search encompassedpublished articles concerning blood-basedand cerebrospinal fluid protein biomarkers,neuroimaging techniques, genetic factors,and artificial intelligence techniques that

incorporate different modalities of data. Theauthor searched databases includingPubMed, Google Scholar, Web of Science,Scopus, Nature Portfolio, Cell Press,ScienceDirect, IEEE Xplore, SpringerLink,and the NCBI. The search was guided byterms related to Alzheimer's disease,machine learning, artificial intelligence, deeplearning, blood biomarkers, plasma proteins,tau, amyloid-β, neurofilament light chain,glial fibrillary acidic protein, and otherrelevant keywords. Boolean operators andMedical Subject Headings (MeSH) wereused where appropriate.
Study selection
Original research containing clinical orexperimental evidence for multimodalapproaches was prioritized, particularlystudies that combined two or morebiomarkers or data modalities using machinelearning or deep learning techniques.Studies providing important biologicalevidence for AD, identifying key biomarkers,or introducing relevant technical approacheswere also considered. Recent literaturefocusing on blood-based biomarkers,multimodal data integration, machinelearning techniques, explainable AI,federated learning, and model validation wasgiven particular attention.
Research conducted in universities,hospitals, governmental organizations, andinterdisciplinary research institutes wasprioritized. Relevant literature was identifiedfrom journals including Nature, NatureMedicine, Nature Reviews Neurology,Nature Aging, The Lancet Neurology, JAMANeurology, Brain, Alzheimer's & Dementia,and Alzheimer's Research & Therapy,among others. Review articles were usedprimarily to provide background on thebiological mechanisms of AD and majordevelopments in the field, while the mainfindings discussed in this review were basedmainly on original experimental and clinicalstudies. The cited references thereforecombine key studies that contributed to theunderstanding of the biological mechanismsof Alzheimer's disease with more recent



research on multimodal machine learning,biomarker discovery, and clinical application.Whenever possible, preference was given tostudies with large and representativesamples, external evaluation, independentdatasets, and transparent reporting of modelperformance.
Synthesis
Rather than describing each studyseparately, the existing literature wasgrouped into several key thematic areasconcerning the biological mechanisms ofAlzheimer's disease, current biomarkers,advances in multimodal machine learning,comparisons between predictionapproaches, and methodological difficulties.This approach allowed connections betweenbiological discoveries and computationaldevelopments to be examined while alsoidentifying common findings and areas ofdisagreement. This review aimed to integrateinformation from molecular neuroscience,biomarker research, neuroimaging, genetics,and artificial intelligence in order to examinehow multimodal machine learning couldcontribute to the early prediction ofAlzheimer's disease.
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