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​Abstract​
​In​ ​this​ ​paper,​ ​we​ ​present​ ​a​ ​detailed​ ​study​ ​on​ ​deep​ ​learning​ ​approaches​ ​for​ ​the​ ​binary​
​classification​ ​of​ ​Alzheimer’s​ ​disease​ ​stages​ ​using​ ​both​ ​unimodal​ ​and​ ​multimodal​
​frameworks.​ ​Alzheimer’s​ ​disease​ ​is​ ​a​ ​progressive​ ​neurodegenerative​ ​brain​ ​disorder​​and​​the​
​leading​ ​cause​ ​of​ ​dementia,​ ​characterized​​by​​cognitive​​decline,​​memory​​loss,​​and​​behavioral​
​changes​ ​due​ ​to​ ​amyloid​ ​plaques​ ​and​ ​tau​ ​tangles.​ ​It​ ​typically​ ​develops​ ​in​ ​stages,​​from​​mild​
​memory​ ​lapses​ ​to​ ​severe​ ​cognitive​ ​impairment,​ ​and​ ​while​ ​incurable,​ ​treatments​ ​can​
​temporarily​ ​manage​ ​symptoms.​ ​We​​effectively​​utilised​​PET​​and​​MRI​​scans,​​as​​well​​as​​CSF​
​biomarkers,​ ​demographics​ ​and​​genetic​​data,​​widely​​used​​in​​medical​​settings,​​for​​developing​
​both​​unimodal​​and​​multimodal​​frameworks​​that​​can​​effectively​​classify​​MCI​​and​​AD​​stages​
​of​​Alzheimer’s​​disease.​​The​​traditional​​diagnostic​​methods​​widely​​use​​only​​single​​modularity​
​for​ ​the​ ​diagnostic​ ​purpose​ ​however​ ​multimodal​ ​effectively​ ​utilises​​all​​three​​modality​​of​​the​
​data.​ ​The​ ​unimodal​ ​models​ ​are​ ​implemented​ ​using​ ​a​ ​3D​ ​ResNet-18​ ​architecture,​ ​while​ ​the​
​multimodal​ ​system​ ​incorporates​ ​modality-specific​ ​encoders,​ ​cross-modal​ ​attention​
​mechanisms,​ ​and​ ​a​ ​gated​ ​fusion​ ​strategy​ ​to​ ​combine​ ​heterogeneous​ ​modality/data​ ​sources.​
​We​​observed​​that​​for​​unimodal​​setup​​PET​​scans​​have​​higher​​AUC​​of​​0.915​​than​​that​​of​​MRI​
​0.84​ ​and​ ​performs​ ​better​ ​for​ ​stage​ ​classification,​ ​It​ ​is​ ​because​ ​PET​ ​scans​ ​allow​ ​for​ ​the​
​evaluation​ ​of​ ​brain​ ​metabolism​ ​(FDG-PET)​ ​and​ ​specific​ ​neuropathology,​ ​which​ ​helps​
​distinguish​​Alzheimer’s​​from​​other​​dementias,​​enabling​​earlier​​diagnosis​​and​​treatment.​​MRI​
​scans​ ​is​ ​also​ ​a​ ​widely​ ​used​ ​diagnostic​ ​method​ ​for​ ​Alzheimer’s​ ​disease​ ​which​ ​particularly​
​detects​ ​brain​ ​shrinkage​ ​(atrophy),​ ​particularly​ ​in​ ​the​ ​hippocampus​ ​region.​ ​The​ ​multimodal​
​architecture​ ​combines​ ​different​ ​modality​ ​which​ ​complements​ ​and​ ​compensates​ ​for​ ​missing​
​information​​and​​provides​​a​​comprehensive​​view​​of​​disease​​pathology,​​and​​performs​​the​​best​
​among​​all​​the​​models​​with​​the​​AUC​​of​​0.940.​​Integrating​​multiple​​modalities​​can​​also​​assist​
​us​ ​with​ ​differential​ ​diagnosis,​ ​such​ ​as​ ​distinguishing​ ​Alzheimer’s​ ​from​ ​other​ ​forms​ ​of​
​dementia​ ​or​ ​co-existing​ ​conditions.​ ​Thus,​ ​we​ ​implemented​ ​three​ ​different​ ​kinds​​of​​models,​
​utilising​​different​​modalities​​to​​provide​​a​​comprehensive​​study​​for​​the​​binary​​classification​​of​
​stages of Alzheimer’s.​
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​I.​ ​INTRODUCTION​
​Alzheimer’s​ ​disease​ ​is​ ​the​ ​most​ ​common​ ​form​ ​of​ ​dementia​ ​and​ ​accounts​​for​​nearly​
​60–70%​ ​of​ ​dementia​ ​cases​ ​worldwide​ ​[1].​ ​More​ ​than​ ​55​​million​​people​​were​​living​
​with​​dementia​​in​​2020,​​and​​this​​number​​is​​expected​​to​​almost​​double​​every​​20​​years,​
​reaching​​78​​million​​in​​2030​​and​​139​​million​​by​​2050​​[2].​​In​​Nepal,​​although​​the​​exact​
​prevalence​​remains​​uncertain,​​estimates​​suggest​​that​​around​​78,000​​to​​135,000​​people​
​are​​affected,​​with​​the​​number​​also​​expected​​to​​double​​every​​two​​decades​​[3].​​A​​study​
​conducted​​among​​elderly​​patients​​(N=210)​​attending​​the​​psychiatry​​OPD​​at​​a​​tertiary​
​care​​hospital​​reported​​a​​dementia​​prevalence​​of​​11.4%,​​among​​which​​Alzheimer’s​​dis-​
​ease accounted for 70.8% of cases, followed by vascular dementia at 25% [4].​
​Currently,​​around​​60%​​of​​people​​with​​dementia​​live​​in​​low-​​and​​middle-income​​coun-​
​tries,​ ​and​ ​this​ ​proportion​ ​is​ ​expected​ ​to​ ​rise​ ​to​ ​71%​ ​by​ ​2050.​ ​Dementia​ ​is​ ​a​
​neurocognitive​ ​disorder​ ​characterized​ ​by​ ​a​ ​decline​ ​in​ ​cognitive​ ​abilities​ ​such​ ​as​
​memory,​ ​reasoning,​ ​and​ ​thinking,​ ​severe​ ​enough​ ​to​ ​affect​ ​daily​ ​functioning.​
​Alzheimer’s​ ​disease,​ ​the​ ​leading​ ​cause​ ​of​ ​dementia,​ ​is​ ​associated​ ​with​ ​the​
​accumulation​​of​​beta-amyloid​​plaques​​outside​​neurons​​and​​neurofibrillary​​tau​​tangles​
​inside​ ​neurons.​ ​Over​ ​time,​ ​these​ ​abnormal​ ​protein​ ​deposits​ ​lead​ ​to​ ​neuronal​ ​death,​
​brain​ ​tissue​ ​damage,​ ​and​ ​progressive​ ​brain​​atrophy,​​which​​becomes​​more​​noticeable​
​in later stages of the disease.​
​Although​ ​Alzheimer’s​ ​disease​ ​currently​ ​has​ ​no​ ​definitive​ ​cure,​ ​its​ ​progression​ ​and​
​severity​ ​can​ ​be​ ​assessed​ ​using​ ​MRI​ ​and​ ​PET​ ​imaging​ ​techniques.​ ​In​ ​addition,​
​cerebrospinal​ ​fluid​ ​(CSF)​ ​biomarkers​ ​such​ ​as​ ​Aβ1-42,​ ​T-tau,​ ​and​ ​P-tau,​ ​along​ ​with​
​clinical​ ​assessment​ ​scores,​ ​can​ ​support​ ​diagnosis​ ​and​ ​severity​ ​estimation.​ ​With​
​advances​​in​​artificial​​intelligence​​and​​deep​​learning,​​medical​​imaging​​data​​and​​clinical​
​biomarkers​ ​can​ ​now​ ​be​ ​analyzed​ ​using​ ​unimodal​ ​or​ ​multimodal​ ​approaches​ ​for​ ​the​
​early detection and classification of Alzheimer’s disease [5].​
​Alzheimer’s​ ​disease​ ​is​ ​progressive,​ ​and​ ​its​ ​early​ ​stages​ ​may​ ​remain​ ​unnoticed​ ​for​
​years.​ ​The​ ​Alzheimer’s​ ​Disease​ ​Neuroimaging​ ​Initiative​ ​(ADNI)​ ​identifies​ ​three​
​major​ ​stages​ ​of​ ​progression:​ ​preclinical​ ​Alzheimer’s​ ​disease,​ ​Mild​ ​Cognitive​
​Impairment​ ​(MCI)​ ​due​ ​to​ ​Alzheimer’s,​ ​and​ ​dementia​ ​due​ ​to​ ​Alzheimer’s​ ​disease.​
​While​ ​preclinical​ ​Alzheimer’s​ ​often​ ​remains​ ​undiagnosed,​ ​the​ ​later​ ​stages​ ​are​
​associated​​with​​increasing​​cognitive​​decline​​and​​worsening​​dementia​​symptoms.​​Deep​
​learning​ ​models​ ​can​ ​effectively​ ​analyze​ ​medical​ ​imaging​ ​data,​ ​clinical​ ​records,​ ​and​
​biomarkers​ ​to​ ​assist​ ​in​ ​accurate​​disease​​stage​​prediction​​[5].​​Multimodal​​approaches​
​combine​ ​different​ ​types​ ​of​ ​data​ ​to​ ​provide​ ​a​ ​more​ ​comprehensive​ ​understanding​ ​of​
​disease​ ​progression​ ​and​ ​can​ ​improve​ ​the​ ​reliability​ ​of​ ​Alzheimer’s​ ​stage​
​classification.​
​Recent​ ​progress​ ​in​ ​generative​ ​AI​ ​and​ ​deep​ ​learning​ ​has​ ​expanded​ ​applications​ ​in​
​health-care,​ ​mental​ ​well-being,​ ​and​ ​medical​ ​image​ ​analysis​ ​has​ ​created​ ​new​
​opportunities​ ​for​ ​improving​ ​Alzheimer’s​ ​diagnosis,​ ​particularly​ ​in​
​resource-constrained​ ​regions​ ​such​ ​as​ ​Nepal​ ​[6,​ ​7,​ ​8].​ ​While​ ​multimodal​ ​methods​
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​utilize​ ​the​ ​strengths​ ​of​ ​multiple​ ​data​ ​sources,​ ​unimodal​ ​approaches​​can​​still​​provide​
​strong​ ​diagnostic​ ​performance​ ​when​ ​only​ ​a​ ​single​ ​modality​ ​is​ ​available.​ ​Models​
​trained​ ​on​ ​large​ ​datasets​ ​can​ ​support​ ​clinical​ ​decision-making​ ​and​ ​help​ ​compensate​
​for​​limited​​diagnostic​​expertise.​​This​​project​​explores​​both​​unimodal​​and​​multimodal​
​deep​ ​learning​ ​approaches,​ ​with​ ​a​ ​particular​ ​focus​ ​on​ ​gated​ ​multimodal​ ​fusion,​ ​to​
​evaluate​ ​their​ ​effectiveness​ ​in​ ​Alzheimer’s​ ​disease​ ​stage​ ​classification.​ ​For​ ​Nepal,​
​where​​diagnostic​​infrastructure​​and​​specialist​​availability​​may​​be​​limited,​​AI-assisted​
​tools can provide scalable and practical support for clinical settings.​

​II.​ ​LITERATURE REVIEW​
​Recent​ ​research​ ​on​ ​Alzheimer’s​ ​disease​ ​(AD)​ ​diagnosis​ ​has​ ​progressively​ ​moved​
​from​ ​traditional​ ​machine​ ​learning​ ​methods​ ​to​ ​deep​ ​learning​ ​and​ ​multimodal​
​frameworks,​​leading​​to​​significant​​improvements​​in​​performance​​and​​feature​​learning.​
​Early​ ​studies​ ​using​ ​approaches​ ​such​ ​as​ ​PCA,​ ​LDA,​ ​SVM,​ ​and​ ​other​ ​classical​
​classifiers​ ​generally​ ​achieved​ ​limited​ ​performance,​ ​particularly​ ​in​ ​multi-class​ ​AD​
​stage​ ​classification,​ ​due​ ​to​ ​their​ ​inability​ ​to​ ​capture​ ​complex​ ​neuroimaging​ ​patterns​
​effectively [9].​
​Recent​ ​work​ ​has​ ​also​ ​demonstrated​ ​that​ ​uncertainty-aware​ ​deep​ ​learning​ ​models​
​integrated​ ​with​ ​expectation​ ​maximization​ ​techniques​ ​can​ ​further​ ​improve​ ​the​
​robustness​​of​​brain​​tissue​​analysis​​and​​medical​​image​​segmentation,​​providing​​reliable​
​feature​ ​representations​ ​for​ ​downstream​ ​neurodegenerative​​disease​​analysis​​[5].​​Deep​
​learning-based​ ​methods,​ ​especially​ ​CNNs​ ​and​ ​their​ ​variants,​ ​have​ ​shown​ ​much​
​stronger​​results​​by​​automatically​​learning​​hierarchical​​representations​​from​​MRI​​data.​
​Both​ ​2D​ ​and​ ​3D​ ​CNN​ ​architectures,​ ​along​ ​with​ ​transfer​ ​learning​ ​models​ ​such​ ​as​
​VGG16,​ ​ResNet,​ ​and​ ​Inception-based​ ​networks,​ ​have​ ​been​ ​widely​ ​used​ ​for​ ​AD​
​classification​​and​​generally​​outperform​​traditional​​approaches​​in​​binary​​classification​
​tasks​ ​[10,​ ​11,​ ​12,​ ​13].​ ​However,​ ​2D​ ​slice-based​ ​methods​ ​are​ ​often​ ​criticized​ ​for​
​potential​​data​​leakage​​and​​loss​​of​​spatial​​consistency,​​while​​3D​​CNNs,​​although​​more​
​robust, require higher computational resources.​
​To​ ​overcome​ ​the​ ​limitations​ ​of​ ​unimodal​ ​learning,​ ​multimodal​ ​approaches​ ​integrate​
​multiple​ ​data​ ​sources​ ​such​ ​as​ ​MRI,​ ​PET,​ ​CSF​ ​biomarkers,​ ​and​ ​clinical/EHR​ ​data.​
​These​ ​approaches​ ​consistently​ ​demonstrate​ ​improved​ ​diagnostic​ ​accuracy​ ​compared​
​to​ ​single-modality​ ​models​ ​by​ ​capturing​ ​complementary​ ​disease-related​ ​information​
​[14,​​15].​​Advanced​​fusion​​strategies​​such​​as​​kernel-based​​fusion​​and​​nonlinear​​graph​
​fusion​ ​further​ ​improve​ ​performance,​ ​achieving​ ​strong​ ​results​ ​in​ ​both​ ​binary​ ​and​
​multi-class​​classification​​settings​​[16].​​Despite​​these​​gains,​​many​​fusion​​strategies​​still​
​rely​ ​on​ ​simple​ ​concatenation​ ​or​ ​linear​ ​combinations,​ ​which​ ​limits​ ​their​ ​ability​ ​to​
​model complex inter-modality relationships.​
​More​ ​recent​ ​deep​ ​learning​ ​frameworks​ ​attempt​ ​to​ ​address​ ​this​ ​through​ ​hybrid​
​architectures​ ​and​ ​feature-level​ ​integration,​ ​but​ ​challenges​ ​remain​​in​​achieving​​stable​
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​performance​ ​for​ ​fine-grained​ ​AD​ ​stage​ ​classification,​ ​where​ ​accuracy​ ​is​ ​still​
​significantly lower compared to binary tasks [9, 15, 13].​
​Overall,​​existing​​methods​​demonstrate​​that​​multimodal​​learning​​is​​more​​effective​​than​
​unimodal​​approaches,​​but​​most​​current​​fusion​​strategies​​fail​​to​​dynamically​​adjust​​the​
​contribution​ ​of​ ​each​ ​modality.​ ​To​ ​address​ ​this​ ​gap,​ ​our​ ​work​ ​proposes​ ​a​ ​**gated​
​multimodal​ ​fusion​ ​framework**,​ ​which​​learns​​adaptive​​gating​​weights​​to​​selectively​
​emphasize​​the​​most​​informative​​modalities​​for​​each​​subject.​​This​​allows​​more​​robust​
​feature integration and improved discrimination across Alzheimer’s disease stages.​

​III.​ ​METHODOLOGY​
​The​ ​data​ ​was​ ​acquired​ ​from​ ​ADNI​ ​database​ ​[17]​ ​and​ ​NACC​ ​database​ ​[18].​ ​ADNI​
​data​​repository​​contains​​imaging,​​clinical,​​and​​genetic​​data​​for​​patients​​that​​span​​four​
​studies​​(ADNI1,​​ADNI2,​​ADNI​​GO,​​and​​ADNI3).​​The​​imaging​​data​​was​​taken​​from​
​two​​of​​the​​studies​​ADNI1,​​2​​and​​GO.​​Similarly,​​the​​NACC​​database​​also​​contains​​the​
​MRI,​ ​PET​ ​as​ ​well​ ​as​ ​Clinical​ ​score​ ​and​ ​the​​CSF​​biomarker.​​The​​NACC​​database​​is​
​organized​ ​into​ ​several​ ​sub-datasets:​ ​Uniform​ ​Data​ ​Set,​ ​Minimum​ ​Data​ ​Set,​
​Neuropathology​​(NP)​​Data​​Set,​​Brief​​Data​​Set.​​The​​Uniform​​dataset​​consists​​of​​there​
​are​​primary​​clinical​​datasets,​​collected​​longitudinally​​since​​2005.​​The​​Neuropathology​
​Data​ ​Set​ ​consists​ ​of​ ​autopsy​ ​data​ ​on​ ​UDS/MDS​ ​participants.​ ​The​ ​Brief​ ​Data​ ​Set​
​consists​ ​of​ ​a​ ​brief​ ​clinical​ ​capture​ ​form​ ​initiated​ ​around​ ​2021​ ​for​ ​neuropathology​
​submissions.​
​A​ ​multimodal​ ​dataset​ ​was​ ​constructed​ ​by​ ​identifying​ ​subjects​ ​from​ ​both​ ​the​ ​ADNI​
​and​ ​NACC​​repositories​​who​​had​​complete​​data​​across​​all​​four​​modalities​​MRI,​​PET,​
​CSF​ ​biomarkers,​​and​​clinical​​scores​​recorded​​at​​the​​same​​study​​visit.​​This​​alignment​
​ensured​ ​that​ ​each​ ​subject’s​ ​modality​ ​data​ ​corresponded​ ​to​ ​a​ ​single,​ ​consistent​
​diagnosis​ ​of​​either​​MCI​​or​​AD.​​Subjects​​who​​had​​progressed​​from​​MCI​​to​​AD​​were​
​retained​ ​in​ ​the​ ​dataset,​ ​with​ ​their​ ​AD-stage​ ​visit​ ​data​ ​included.​ ​The​ ​statistics​ ​of​
​resulting dataset is summarized in Table 1.​

​Table 1:​​Number of Subjects per Class by Data Source​

​Multimodal data analysis​
​MRI scan​
​MRI​ ​is​ ​a​ ​medical​ ​imaging​ ​technique​ ​used​ ​in​ ​radiology​ ​to​ ​generate​ ​pictures​ ​of​ ​the​
​anatomy​ ​and​ ​the​ ​physiological​ ​processes​ ​inside​ ​the​ ​body.​ ​MRI​ ​scanners​ ​use​ ​strong​
​magnetic​ ​fields,​ ​magnetic​ ​field​ ​gradients,​ ​and​ ​radio​ ​waves​ ​to​ ​form​ ​images​ ​of​ ​the​
​organs​ ​in​ ​the​ ​body.​ ​It​ ​is​ ​used​ ​in​ ​hospitals​ ​and​ ​clinics​ ​for​​medical​​diagnosis,​​staging​
​and​​follow-up​​of​​disease.​​The​​MRI​​preprocessing​​pipeline​​consisted​​of​​seven​​steps​​to​
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​transform​ ​raw​ ​scanner​ ​output​ ​into​ ​clean,​ ​standardized​ ​brain​ ​image.​ ​Raw​ ​MRI​​scans​
​acquired​ ​directly​ ​from​ ​the​ ​scanner​ ​contained​ ​noise,​ ​intensity​ ​inconsistencies,​ ​and​
​non-brain​ ​tissues,​​mak-​​ing​​them​​unsuitable​​for​​direct​​analysis.​​To​​address​​positional​
​variability,​ ​each​ ​scan​ ​was​ ​first​ ​reoriented​ ​to​ ​the​ ​LPS​ ​(Left,​ ​Posterior,​ ​Superior)​
​coordinate​ ​system,​ ​followed​ ​by​ ​rigid​ ​registration​ ​to​ ​the​ ​MNI152​ ​standard​ ​brain​
​template​ ​(MNI152​ ​T1​ ​1mm.nii)​ ​using​ ​ANTs,​ ​which​ ​aligned​ ​all​ ​scans​ ​to​ ​a​ ​common​
​spatial​ ​reference​ ​frame​ ​through​ ​rotation​ ​and​ ​translation​ ​transformations​ ​while​
​preserving​ ​brain​ ​morphology.​ ​Skull​ ​stripping​ ​was​ ​performed​ ​using​ ​FSL’s​ ​Brain​
​Extraction​ ​Tool​ ​(BET)​ ​with​ ​a​ ​fractional​ ​intensity​ ​threshold​ ​of​ ​0.45​ ​to​ ​remove​ ​the​
​skull,​ ​scalp,​ ​and​ ​other​ ​non-brain​ ​tissues,​ ​leaving​ ​only​ ​the​ ​brain​ ​region​ ​relevant​ ​to​
​AD-specific​ ​changes​ ​such​​as​​the​​hippocampus.​​This​​threshold​​was​​chosen​​by​​testing​
​several​ ​values:​​lower​​thresholds​​left​​behind​​bits​​of​​skull​​or​​scalp​​tissue,​​while​​higher​
​thresholds​​removed​​parts​​of​​the​​actual​​brain.​​A​​threshold​​of​​0.45​​gave​​the​​best​​balance​
​between​ ​these​ ​two​ ​problems.​ ​Subsequently,​ ​bias​ ​field​ ​correction​ ​was​ ​applied​ ​using​
​FSL’s​ ​FAST​ ​tool​ ​to​ ​eliminate​ ​smooth​ ​intensity​ ​gradients​ ​caused​ ​by​ ​magnetic​ ​field​
​inhomogeneities,​ ​ensuring​ ​uniform​ ​intensity​ ​distribution​ ​across​ ​the​ ​brain​ ​volume.​
​Finally,​ ​min-max​ ​normalization​ ​was​ ​applied​ ​to​ ​rescale​ ​all​ ​non-zero​ ​brain​ ​voxel​
​intensities​ ​to​ ​a​ ​standardized​ ​range​ ​of​ ​0​ ​to​ ​1,​​excluding​​background​​voxels​​to​​ensure​
​that​ ​scans​ ​acquired​ ​across​ ​different​ ​patients​ ​and​ ​scanner​ ​settings​ ​were​​treated​​on​​an​
​equal scale during model training.​

​PET Scan​
​A​ ​positron​​emission​​tomography​​(PET)​​scan​​is​​an​​imaging​​test​​that​​produces​​images​
​of​ ​your​ ​organs​ ​and​ ​tissues​ ​at​ ​work.​ ​While​ ​other​ ​imaging​ ​studies​ ​like​ ​CT​ ​and​ ​MRI​
​produce​​still​​images​​of​​organs​​and​​body​​structures.​​PET​​scans​​use​​a​​radioactive​​tracer​
​to​​show​​how​​an​​organ​​is​​functioning​​in​​real​​time.​​PET​​scan​​images​​can​​detect​​cellular​
​changes in organs and tissues earlier than CT and MRI scans.​
​The​ ​PET​ ​preprocessing​ ​pipeline​ ​consisted​ ​of​ ​seven​ ​steps​ ​to​ ​convert​ ​raw​ ​scanner​
​images​ ​into​ ​clean,​ ​standardized​ ​brain​ ​scans​ ​suitable​​for​​machine​​learning.​​Raw​​PET​
​scans​ ​acquired​ ​directly​ ​from​ ​the​ ​scanner​ ​were​ ​noisy,​ ​low​ ​in​ ​resolution,​ ​and​ ​lacked​
​anatomical​ ​detail,​ ​making​ ​them​ ​unsuitable​ ​for​ ​direct​ ​analysis.​ ​The​ ​scans​ ​were​ ​first​
​converted​​from​​DICOM​​format,​​the​​standard​​scanner​​output​​format,​​into​​NIfTI​​format​
​(.nii​ ​or​ ​.nii.gz),​ ​which​ ​is​ ​the​ ​standard​​format​​required​​by​​all​​neuroimaging​​tools​​and​
​analysis​ ​pipelines.​ ​Since​ ​PET​ ​images​ ​lack​ ​clear​​anatomical​​boundaries​​on​​their​​own​
​brain​ ​mask​ ​derived​ ​from​​the​​corresponding,​​a​​MRI​​scan​​was​​then​​applied​​to​​remove​
​non-brain​​tissues​​such​​as​​the​​skull​​and​​scalp.​​The​​brain-masked​​PET​​image​​was​​then​
​co-registered​ ​to​ ​the​ ​patient’s​ ​own​ ​T1-weighted​ ​MRI​ ​scan,​ ​mapping​ ​the​ ​metabolic​
​activity​ ​captured​ ​by​​PET​​onto​​the​​anatomical​​structures​​visible​​in​​the​​MRI,​​ensuring​
​that​ ​key​ ​AD-affected​ ​regions​ ​such​ ​as​ ​the​ ​hippocampus​ ​and​ ​entorhinal​ ​cortex​ ​were​
​accurately​ ​identified.​ ​The​ ​co-registered​ ​PET​ ​image​ ​was​​then​​aligned​​to​​the​​MNI152​
​standard​​brain​​template​​using​​rigid​​registration,​​which​​repositioned​​the​​brain​​through​
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​rotation​ ​and​ ​translation​ ​without​ ​changing​ ​its​ ​shape​ ​or​ ​size,​ ​ensuring​ ​that​ ​the​ ​same​
​brain​​regions​​were​​in​​the​​same​​spatial​​location​​across​​all​​patient​​scans.​​Finally,​​SUVR​
​normalization​ ​was​ ​applied​ ​by​ ​dividing​ ​each​ ​voxel’s​ ​intensity​ ​by​ ​the​ ​average​ ​tracer​
​uptake​​in​​a​​reference​​region​​unaffected​​by​​AD,​​such​​as​​the​​cerebellum,​​correcting​​for​
​patient-to-patient​​variability​​in​​tracer​​uptake​​and​​producing​​intensity​​values​​that​​could​
​be fairly compared across all patients and scanning sessions.​

​Clinical Score​
​CSF​​(Cerebro-Spinal​​Fluid)​​Biomarker​​is​​a​​measurable​​indicator​​within​​the​​body​​that​
​can​ ​help​ ​diagnose,​ ​monitor,​ ​or​ ​predict​ ​the​ ​disease’s​ ​progression​ ​or​ ​response​ ​to​
​treatment.​ ​CSF​ ​is​ ​a​ ​clear,​ ​colorless​ ​transcellular​ ​body​ ​fluid​ ​found​ ​within​ ​the​
​meningeal​ ​tissue​ ​that​ ​surrounds​ ​the​ ​vertebrate,​ ​brain​ ​and​ ​spinal​ ​cord,​ ​and​ ​in​ ​the​
​ventricles​​of​​the​​brain.​​The​​tabular​​data​​preprocessing​​pipeline​​consisted​​of​​three​​steps​
​to​​clean​​and​​prepare​​the​​dataset​​for​​machine​​learning.​​First,​​missing​​values​​were​​filled​
​in​​by​​identifying​​other​​patients​​with​​similar​​characteristics​​such​​as​​APOE4​​status,​​sex,​
​age,​ ​and​ ​class,​ ​so​ ​that​​the​​imputed​​values​​were​​clinically​​realistic​​rather​​than​​simply​
​replacing​​missing​​entries​​with​​a​​global​​average,​​and​​any​​values​​falling​​outside​​a​​valid​
​range​ ​were​ ​clamped​ ​to​ ​the​ ​minimum​ ​or​ ​maximum​ ​threshold​ ​to​ ​remove​ ​extreme​
​entries.​ ​Next,​ ​categorical​ ​columns​​such​​as​​gender​​and​​class,​​which​​store​​information​
​as​​text​​labels​​rather​​than​​numbers,​​were​​converted​​into​​integers​​using​​label​​encoding,​
​since​ ​machine​ ​learning​ ​models​ ​cannot​ ​process​ ​categorical​ ​values​ ​directly.​ ​Finally,​
​normalization​​was​​applied​​to​​bring​​all​​features​​onto​​a​​comparable​​scale​​by​​calculating​
​the​ ​mean​ ​and​ ​standard​ ​deviation​ ​of​ ​each​ ​feature,​ ​ensuring​ ​that​ ​the​ ​model​ ​did​ ​not​
​unfairly favor features with larger numerical ranges during training.​

​Problem Formulation​
​Let​​the​​input​​data​​be​​derived​​from​​multiple​​modalities,​​including​​magnetic​​resonance​
​imaging​ ​(MRI),​ ​positron​ ​emission​​tomography​​(PET),​​and​​cerebrospinal​​fluid​​(CSF)​

​biomarkers.​ ​In​ ​the​ ​unimodal​ ​setting,​ ​the​ ​input​ ​is​ ​defined​ ​as:​ ​.​ ​In​ ​the​​𝑋​​𝑀𝑅𝐼​, ​ ​​𝑋​​𝑃𝐸𝑇​

​multimodal​ ​setting,​ ​the​ ​input​ ​is​ ​represented​ ​as​ ​a​ ​combination​ ​of​ ​all​ ​available​

​modalities:​ ​.​ ​The​ ​objective​ ​is​ ​to​ ​learn​ ​a​ ​mapping​ ​function​​𝑋​ = ​𝑋​​𝑀𝑅𝐼​, ​𝑋​​𝑃𝐸𝑇​, ​𝑋​​𝑡𝑎𝑏​{ }
​where the output label is defined as​ ​.​​𝑓​: ​𝑋​→ ​𝑦​ ​𝑦​ ∈ {​𝑀𝐶𝐼​, ​𝐴𝐷​}

​This​ ​formulation​ ​corresponds​ ​to​ ​a​ ​binary​ ​classification​ ​problem,​ ​where​ ​the​ ​classes​
​represent​ ​mild​​cognitive​​impairment​​(MCI),​​and​​Alzheimer’s​​disease​​(AD).​​To​​focus​
​learning​​on​​harder​​misclassified​​samples,​​the​​model​​is​​optimized​​by​​minimizing​​focal​
​loss [19], defined as:​

​𝐿​
​𝐹𝐿​

=− ​1​
​𝑁​

​𝑖​=​1​

​𝑁​

∑ α
​𝑡​

​1​ − ​𝑦​
^

​𝑖​( )γ
​𝑦​

​𝑖​
​𝑙𝑜𝑔​(​𝑦​

^

​𝑖​
) + (​1​ − ​𝑦​

​𝑖​
)​𝑙𝑜𝑔​(​1​ − ​𝑦​

^

​𝑖​
)⎡⎢⎣
⎤⎥⎦

​where,​
​●​ ​is the number of samples,​ ​is the​​ground truth label,​​𝑁​ ​𝑦​

​𝑖​
∈ {​0​, ​1​}

​Analyzing Deep Learning Approaches in Unimodal and Multimodal Frameworks for​ ​JHCE, VOl, 1​
​Alzheimer’s Disease Stage Classification​



​87​
​JHCE, VOl, 1​

​Journal of Hillside College of Engineering​

​●​ ​is the predicted probability,​ ​is a weighting factor that balances​​𝑦​
^

​𝑖​
α

​𝑡​
∈ [​0​, ​1​]

​the contribution of positive and negative classes, and​
​●​ ​is the focusing parameter that reduces the loss​​contribution of easy​γ ≥ ​0​
​examples.​
​When​ ​, focal loss reduces to standard binary​​cross-entropy.​γ = ​0​

​The​​optimization​​was​​performed​​using​​the​​AdamW[20]​​optimizer.​​It​​is​​a​​modification​
​of​ ​the​ ​Adam[21]​​optimizer​​that​​improves​​generalization​​by​​decoupling​​weight​​decay​
​from​ ​the​ ​gradient-based​ ​update.​ ​Instead​ ​of​ ​modifying​ ​the​ ​gradient,​ ​weight​ ​decay​ ​is​
​applied​​directly​​to​​the​​parameters​​during​​the​​update​​step.​​It​​was​​introduced​​to​​address​
​a​ ​key​ ​limitation​ ​of​ ​Adam,​ ​where​ ​weight​ ​decay​ ​is​ ​incorrectly​ ​implemented​ ​as​ ​L2​
​regularization.​ ​This​ ​results​ ​in​ ​two​ ​separate​ ​operations;​ ​gradient-based​ ​update​ ​using​
​Adam,​ ​and​ ​explicit​ ​weight​ ​decay​ ​applied​ ​independently.​ ​The​ ​parameter​ ​update​ ​in​
​AdamW is given by​

​where, λ is the weight decay coefficient, and the last term represents decoupled weight​
​decay. The performance of the resulting models are evaluated using AUC (Area under​
​the​ ​Receiver​ ​Operating​ ​Characteristic​ ​Curve).​ ​This​ ​metric​ ​summarizes​ ​the​ ​model’s​
​performance​ ​across​ ​all​ ​classification​ ​thresholds.​ ​AUC​ ​can​ ​be​ ​interpreted​ ​as​ ​the​
​probability​ ​that​ ​the​ ​model​ ​ranks​ ​a​ ​randomly​ ​chosen​ ​positive​ ​instance​ ​higher​ ​than​ ​a​
​randomly​​chosen​​negative​​instance.​​Here,​​AUC=1​​is​​a​​perfect​​classifier,​​AUC=0.5​​is​
​random guessing and AU C < 0.5 is poor performance (worse than random).​

​Unimodal​ ​Learning​ ​Framework​ ​To​ ​evaluate​ ​the​ ​individual​ ​contribution​ ​of​ ​each​
​modality,​ ​separate​ ​unimodal​ ​architectures​ ​were​ ​developed​ ​for​ ​MRI​ ​and​ ​PET​ ​data,​
​with​ ​each​ ​model​ ​trained​ ​independently.​ ​A​ ​unimodal​ ​architecture​​is​​formally​​defined​
​as:​

​where,​
​●​ ​is a modality-specific encoder that maps​​the input volume​ ​to a​​𝑓​

​𝑒​
: ​𝑋​→ ​𝑍​ ​𝑥​ ∈ ​𝑋​

​latent representation​ ​, and​​𝑧​ ∈ ​𝑍​
​●​ ​is a classifier that maps the learned​​representation to a predicted class​​𝑓​

​𝑐​
: ​𝑍​→ ​𝑌​

​label​ ​.​​𝑦​
^

∈ ​𝑌​
​The predicted output is thus given by:​
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​Fig. 1:​​Unimodal System Architecture​
​Architectural Details:​
​Since​ ​both​ ​MRI​ ​and​​PET​​are​​three-dimensional​​volumetric​​inputs,​​the​​same​​encoder​
​architecture​​f​​e​ ​is​​shared​​across​​both​​unimodal​​models​​—​​specifically,​​a​​3D​​variant​​of​
​ResNet-18​ ​implemented​ ​using​​the​​MONAI​​framework​​[22]​​—​​while​​the​​weights​​are​
​learned​ ​independently​ ​for​ ​each​ ​modality.​ ​The​ ​original​ ​fully​ ​connected​ ​classification​
​head​ ​was​​replaced​​by​​a​​custom​​classifier​​f​​c​​,​​that​​consists​​of​​a​​dropout​​layer​​followed​
​by a fully connected layer. Formally:​

​where,​

​●​ ​is the latent representation produced​​by​ ​,​​𝑧​ ∈ ​𝑅​​512​ ​𝑓​
​𝑒​

​●​ ​randomly zeroes elements with​​probability​ ​during​​𝐷𝑟𝑜𝑝𝑜𝑢𝑡​(·; ​ ​​𝑝​ = ​0​. ​5​) ​0​. ​5​
​training to mitigate overfitting, and​

​●​ ​,​ ​are the learnable weight​​matrix and bias of the linear​​𝑊​ ∈ ​𝑅​​2​×​512​ ​𝑏​ ∈ ​𝑅​​2​

​projection onto the two output classes (MCI and AD).​
​The entire unimodal learning framework is described in Algorithm 1.​
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​Encoder Architecture: 3D ResNet-18​
​Residual Networks (ResNet), introduced by He et al. (2015)[23], were designed to​
​solve the vanishing gradient and degradation problems in very deep convolutional​
​neural​
​networks (CNNs). It introduces the concept of skip connections that enables the​
​training​
​of very deep models (e.g., 152+ layers) without performance degradation. In residual​
​learning, instead of approximating H(x) directly, ResNet learns​

​where,​
​●​ ​is the input to a block,​ ​is the residual​​function (learned by stacked layers),​​𝑥​ ​𝐹​(​𝑥​)

​and​
​●​ ​is the desired output.​​𝐻​(​𝑥​)

​3D​ ​Convolution:​ ​Standard​ ​convolutional​ ​neural​ ​networks​ ​operate​ ​on​
​two-dimensional​ ​inputs,​ ​applying​ ​filters​ ​across​ ​the​ ​height​ ​and​ ​width​ ​of​ ​an​ ​image.​
​However,​ ​MRI​ ​and​ ​PET​ ​scans​ ​are​ ​inherently​ ​volumetric,​ ​consisting​ ​of​ ​a​ ​stack​ ​of​
​slices​ ​that​ ​together​ ​encode​ ​three-dimensional​ ​spatial​ ​structure.​ ​Processing​ ​these​
​volumes​​slice-by-slice​​with​​2D​​convolutions​​discards​​inter-slice​​spatial​​relationships,​
​which​ ​are​ ​critical​ ​for​ ​capturing​ ​anatomical​ ​context​ ​such​ ​as​ ​hippocampal​ ​atrophy​ ​or​
​regional​ ​hypometabolism.​ ​To​ ​address​ ​this,​ ​3D​ ​convolutions​ ​extend​ ​the​ ​standard​ ​2D​
​operation​ ​by​ ​applying​ ​filters​ ​across​ ​three​ ​spatial​ ​dimensions​ ​—​ ​height​ ​,​ ​width​ ​,​​𝐻​ ​𝑊​

​and​​depth​ ​.​​Formally,​​for​​an​​input​​volume​ ​with​ ​input​​channels,​​the​​𝐷​ ​𝑥​ ∈ ​𝑅​​𝐶​×​𝐷​×​𝐻​×​𝑊​ ​𝐶​
​3D​ ​convolution​ ​operation​ ​is​ ​defined​ ​as:​

​where,​
​●​ ​is the learnable filter kernel, and​​𝑤​
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​●​ ​index over the kernel dimensions.​(​𝑘​
​𝑑​
, ​𝑘​

​ℎ​
, ​𝑘​

​𝑤​
)

​This allows the model to capture local volumetric patterns jointly across all three​
​spatial axes.​
​The ResNet framework was extended to three-dimensional convolutional networks by​
​Tran et al. (Tran et al. 2017), originally for spatiotemporal video modeling. In the​
​context of volumetric medical imaging, this architecture is repurposed to operate over​
​three spatial dimensions rather than two spatial and one temporal dimension. The 3D​
​ResNet-18 encoder​ ​processes inputs of the​​form:​​𝑓​

​𝑒​

​where,​
​●​ ​is the number of input channels, and​​𝐶​
​●​ ​,​ ​,​ ​denote the depth, height, and width​​of the volumetric scan respectively.​​𝐷​ ​𝐻​ ​𝑊​

​Each​ ​residual​ ​block​ ​within​ ​the​ ​network​ ​consists​ ​of​ ​two​ ​3D​ ​convolutional​ ​layers​
​(Conv3D),​​3D​​batch​​normalization,​​ReLU​​activations,​​and​​a​​skip​​connection​​that​​adds​
​the​​block’s​​input​​directly​​to​​its​​output.​​These​​skip​​connections​​allow​​gradients​​to​​flow​
​unimpeded​ ​through​ ​the​ ​network,​ ​mitigating​ ​the​ ​vanishing​ ​gradient​ ​problem​ ​and​
​enabling​​stable​​training​​of​​deeper​​architectures.​​The​​overall​​architecture​​of​​ResNet-3D​
​consists​ ​of;​ ​initial​ ​3D​ ​convolution​ ​and​ ​3D​ ​max​ ​pooling​ ​layer,​ ​multiple​ ​stages​ ​of​
​stacked​ ​3D​ ​residual​ ​blocks,​ ​increasing​ ​feature​ ​depth​ ​while​ ​reducing​ ​spatial​ ​and​
​temporal​ ​dimensions,​ ​global​ ​average​ ​pooling​ ​and​ ​fully​ ​connected​ ​layer​ ​for​
​classification.​

​Multimodal Learning Framework​

​Fig. 2:​​Multimodal System Architecture​
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​The​​multimodal​​framework​​extends​​the​​unimodal​​architecture​​by​​jointly​​incorporating​
​three​ ​complementary​ ​modalities:​ ​3D​ ​MRI,​ ​3D​ ​PET,​ ​and​ ​tabular​ ​clinical​ ​data.​ ​The​
​model is formally defined as:​

​where,​

​●​ ​are​ ​the​ ​imaging​ ​encoders​ ​—​ ​identical​ ​in​​𝑓​
​𝑒​
​𝑀𝑅𝐼​: ​𝑋​

​𝑀𝑅𝐼​
→ ​𝑍​

​𝑀𝑅𝐼​
​𝑓​

​𝑒​
​𝑃𝐸𝑇​: ​𝑋​

​𝑃𝐸𝑇​
→ ​𝑍​

​𝑃𝐸𝑇​

​architecture to those used in the unimodal setting, and​

​●​ ​is​ ​an​ ​MLP-based​ ​encoder​ ​for​ ​the​ ​tabular​ ​modality,​ ​which​​𝑓​
​𝑒​
​𝑡𝑎𝑏​: ​𝑋​

​𝑡𝑎𝑏​
→ ​𝑍​

​𝑡𝑎𝑏​

​includes​ ​demographic​ ​variables,​ ​APOE4​ ​genetic​ ​risk​ ​status,​ ​CSF​ ​biomarkers​ ​(​
​, T-tau, P-tau), and derived biomarker ratios.​​𝐴​β

​42​

​Each​ ​encoder​ ​independently​ ​maps​ ​its​ ​respective​ ​input​ ​to​ ​a​ ​modality-specific​ ​latent​
​representation:​

​Prior​​to​​fusion,​​each​​latent​​representation​​is​​passed​​through​​a​​modality-specific​​linear​

​projection​ ​,​ ​mapping​​all​​modalities​​into​​a​​common​​256-dimensional​​𝑓​
​𝑝𝑟𝑜𝑗​
​𝑚​ : ​𝑍​

​𝑚​
→ ​𝑅​​256​

​space:​

​The​ ​projected​ ​representations​ ​are​ ​then​ ​combined​ ​by​ ​the​ ​fusion​ ​module​

​, which​​produces a unified joint representation:​​𝑓​
​𝑓𝑢𝑠𝑒​

: ​𝑅​​256​ × ​𝑅​​256​ × ​𝑅​​256​ → ​𝑅​​512​

​The final prediction is obtained by passing​ ​through the classifier​ ​:​​𝑧​
​𝑓𝑢𝑠𝑒𝑑​

​𝑓​
​𝑐​

​The entire multimodal learning framework is described in Algorithm 2.​
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​Architectural Details​
​Modality Encoders​

​The​ ​encoders​ ​for​ ​MRI​ ​and​ ​PET​ ​modalities,​ ​and​ ​,​ ​follow​ ​the​ ​same​​𝑓​
​𝑒​
​𝑀𝑅𝐼​ ​𝑓​

​𝑒​
​𝑃𝐸𝑇​

​architecture​ ​as​ ​described​​in​​the​​unimodal​​setting​​(Section ​​[sec:unimodal_arch]​​),​​each​

​producing​​a​​latent​​representation​ ​.​​As​​in​​the​​unimodal​​case,​​the​​architecture​​𝑧​
​𝑚​

∈ ​𝑅​​512​

​is shared but the weights are learned independently for each modality.​

​Tabular​​Encoder:​​Unlike​​imaging​​data,​​tabular​​features​​lack​​spatial​​structure​​and​​are​
​better​ ​handled​ ​by​ ​fully​ ​connected​ ​networks.​ ​Hence,​ ​the​ ​tabular​ ​encoder​

​is​ ​implemented​ ​as​ ​a​ ​Multi-Layer​ ​Perceptron​ ​(MLP)​ ​with​ ​residual​​𝑓​
​𝑒​
​𝑡𝑎𝑏​: ​𝑋​

​𝑡𝑎𝑏​
→ ​𝑍​

​𝑡𝑎𝑏​

​connections,​ ​designed​ ​to​ ​handle​ ​heterogeneous​ ​clinical​ ​and​ ​biomarker​ ​features.​ ​It​
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​maps​ ​the​ ​input​ ​feature​ ​vector​ ​,​ ​comprising​​demographic​​variables,​​APOE4​​𝑥​
​𝑡𝑎𝑏​

∈ ​𝑅​​𝑑​

​status,​ ​CSF​ ​biomarkers​ ​(​ ​,​ ​T-tau,​ ​P-tau),​​and​​derived​​biomarker​​ratios​​to​​a​​latent​​𝐴​β
​42​

​representation​ ​.​​The​​encoder​​takes​​an​​input​​vector​ ​and​​produces​​a​​𝑧​
​𝑡𝑎𝑏​

∈ ​𝑅​​𝑑​​′​ ​𝑥​
​𝑡𝑎𝑏​

∈ ​𝑅​​𝑑​

​latent​ ​representation​ ​.​ ​The​ ​network​ ​consists​ ​of​ ​two​ ​residual​ ​blocks​​𝑧​
​𝑡𝑎𝑏​

∈ ​𝑅​​256​

​followed​ ​by​ ​a​ ​linear​ ​projection.​ ​Each​ ​residual​ ​block​ ​applies​ ​the​ ​following​
​transformation:​

​where,​
​●​ ​denotes Layer Normalization,​​𝐿𝑁​(·)
​●​ ​is the activation function, and​​𝐺𝐸𝐿𝑈​(·)
​●​ ​is a shortcut connection — a linear projection​​when the input and output​​𝑓​

​𝑠𝑐​
(​𝑥​)

​dimensions differ, or an identity mapping otherwise.​
​The GELU (Gaussian Error Linear Unit)[25] activation function is defined as​

​where,​ ​is​ ​the​ ​cumulative​ ​distribution​ ​function​ ​(CDF)​ ​of​ ​the​ ​standard​ ​normal​Φ(​𝑥​)
​distribution.​​It​​is​​a​​modified​​form​​of​​ReLU​​allows​​small​​negative​​outputs​​which​​deals​
​with​ ​the​ ​the​ ​dying​ ​neuron​ ​problem​ ​by​ ​maintaining​ ​non-zero​ ​gradients​ ​for​ ​negative​

​inputs.​​The​​first​​residual​​block​​projects​​the​​input​​from​ ​to​​a​​hidden​​dimension​ ​,​​𝑅​​𝑑​ ​𝑅​​128​

​while​​the​​second​​block​​operates​​entirely​​within​ ​.​​The​​output​​of​​the​​second​​block​​𝑅​​128​

​is then linearly projected to the final embedding dimension:​

​Layer​ ​normalization​ ​is​ ​particularly​ ​suitable​ ​for​ ​tabular​ ​data​ ​because​ ​it​ ​operates​
​independently​​of​​batch​​statistics,​​ensuring​​stable​​behavior​​even​​with​​small​​batch​​sizes.​
​The​ ​use​ ​of​ ​GELU,​ ​a​ ​smooth​ ​and​ ​probabilistic​ ​activation​ ​function,​ ​further​ ​improves​
​learning​ ​for​ ​continuous-valued.​ ​When​ ​the​ ​dimensionality​ ​changes​ ​between​ ​layers,​ ​a​
​linear​​projection​​aligns​​the​​input​​with​​the​​output​​before​​addition.​​This​​design​​enables​
​the​ ​model​ ​to​ ​capture​ ​complex​ ​relationships​ ​among​ ​clinical​ ​variables​ ​such​ ​as​
​interactions​​between​​age,​​genetic​​risk,​​and​​biomarker​​levels​​without​​losing​​important​
​baseline​ ​information.​ ​Dropout​ ​(​ ​)​ ​further​ ​enhances​ ​by​ ​regularizing​ ​training,​​𝑝​ = ​0​. ​3​
​thereby, improving generalization.​

​Fusion Module​
​The​​fusion​​module​ ​implements​​an​​intermediate​​fusion​​strategy​​that​​combines​​the​​𝑓​

​𝑓𝑢𝑠𝑒​

​three​ ​projected​ ​modality​ ​representations​ ​through​ ​three​​𝑧​
~

​𝑀𝑅𝐼​
, ​ ​​𝑧​

~
​𝑃𝐸𝑇​

, ​ ​​𝑧​
~

​𝑡𝑎𝑏​
∈ ​𝑅​​256​

​sequential​ ​steps:​ ​bidirectional​ ​cross-modal​ ​attention,​ ​gated​ ​fusion,​ ​and​ ​a​ ​final​
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​projection.​ ​The​ ​intermediate​ ​fusion​ ​is​ ​the​ ​one​ ​that​ ​is​ ​responsible​ ​for​ ​learning​ ​how​
​these​ ​modalities​ ​interact,​ ​complement​ ​each​ ​other,​ ​and​ ​jointly​ ​contribute​ ​to​
​Alzheimer’s​ ​prediction.​ ​Instead​ ​of​ ​simply​ ​concatenating​ ​features,​ ​it​ ​uses​ ​attention​
​mechanisms​​and​​adaptive​​gating​​to​​model​​cross-modal​​relationships​​in​​a​​biologically​
​meaningful way.​

​Bidirectional Cross-modal attention​
​Cross-modal​ ​attention​ ​(CMA)​ ​allows​ ​each​ ​modality​ ​to​ ​selectively​​attend​​to​​relevant​
​information​ ​from​ ​another​ ​modality.​ ​Given​ ​a​ ​query​ ​modality​ ​and​ ​a​ ​key-value​​𝑚​

​𝑞​

​modality​ ​, the cross-modal attention operation​​is defined as:​​𝑚​
​𝑘𝑣​

​where,​

​●​ ​,​ ​,​ ​are learned linear projections, and​​𝑄​ = ​𝑊​
​𝑄​

​𝑧​
~

​𝑚​
​𝑞​

​𝐾​ = ​𝑊​
​𝐾​

​𝑧​
~

​𝑚​
​𝑘𝑣​

​𝑉​ = ​𝑊​
​𝑉​

​𝑧​
~

​𝑚​
​𝑘𝑣​

​●​ ​is the key dimension.​​𝑑​
​𝑘​

​The attention is applied in two rounds. In the first round, MRI and PET mutually​
​attend to each other:​

​It​ ​allows​ ​for​ ​the​ ​interaction​ ​between​​modalities​​i.e.​​MRI​​asks:​​“Which​​PET​​features​
​are​​relevant​​to​​my​​structure?”​​and​​PET​​asks:​​“Which​​MRI​​regions​​provide​​context​​to​
​my metabolism?”​
​In​ ​the​ ​second​ ​round,​ ​the​ ​updated​ ​imaging​ ​representations​ ​attend​ ​to​ ​the​ ​tabular​
​biomarker context:​

​This​ ​two-round​ ​design​ ​allows​ ​imaging​ ​features​ ​to​ ​first​ ​be​ ​refined​ ​by​ ​inter-modal​
​correspondence​ ​and​ ​then​ ​grounded​ ​in​ ​biochemical​ ​context​ ​provided​ ​by​ ​the​ ​CSF​
​biomarkers and clinical variables.​

​Gated Multimodal Unit​

​The attended representations​ ​are combined using a Gated Multimodal​​𝑧​
~

​𝑀𝑅𝐼​

​″​
, ​ ​​𝑧​

~
​𝑃𝐸𝑇​

​″​
, ​ ​​𝑧​

~
​𝑡𝑎𝑏​

​Unit (GMU) (Arevalo et al. 2020), which learns soft gates to control the contribution​
​of each modality to the fused representation:​
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​It​ ​serves​ ​as​ ​the​ ​decision-making​ ​component​ ​of​ ​the​ ​multimodal​ ​system.​ ​Instead​ ​of​
​naively​​combining​​modalities,​​it​​enables​​the​​model​​to​​dynamically​​learn​​how​​much​​to​
​trust​ ​each​ ​modality.​ ​The​ ​Gated​ ​Multimodal​ ​Unit​ ​(GMU)​ ​function​ ​is​ ​described​ ​in​
​Algorithm 3.​

​GMU is effective because different modalities carry varying importance depending on​
​the clinical context which is shown in Table 2.​

​Table 2​​: Modality Importance by Clinical Case​
​Case​ ​Important Modality​

​Early Alzheimer’s Disease​ ​PET (amyloid)​
​Late Alzheimer’s Disease​ ​MRI (atrophy)​

​Risk Prediction​ ​Tabular (APOE, age)​
​Thus, GMU dynamically adapts modality importance as per the given sample.​

​Projection​
​The​ ​fused​ ​representation​ ​is​ ​passed​ ​through​ ​a​ ​linear​ ​layer​ ​followed​ ​by​ ​Layer​
​Normalization and GELU activation to produce the final input to the classifier:​

​This​ ​trimodal​ ​fusion​ ​composed​ ​of​ ​3​ ​steps​ ​integrates​ ​cross-modal​ ​attention​ ​for​
​interaction,​ ​tabular​ ​conditioning​ ​for​ ​global​ ​context,​ ​gated​ ​fusion​ ​for​ ​adaptive​
​weighting​​and​​projection​​layers​​for​​feature​​refinement.​​This​​design​​enables​​the​​model​
​to​ ​dynamically​ ​combine​ ​structural,​ ​functional,​ ​and​ ​clinical​ ​information​ ​for​ ​robust​
​multimodal learning.​
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​Classifier​
​The​ ​custom​ ​classifier​ ​consists​ ​of​ ​stacked​ ​fully​ ​connected​ ​layers​ ​with​ ​GELU​​𝑓​

​𝑐​

​activations​ ​and​ ​dropout​ ​regularization.​ ​Its​​purpose​​is​​to​​take​​the​​fused​​feature​​vector​
​and transform it to the predicted logits.​
​Formally, the computation is defined as:​

​IV.​ ​RESULTS AND DISCUSSION​
​MRI Unimodal System​

​Fig. 3​​: Accuracy/AUC Graph of Proposed​
​Unimodal Model for MRI Scan​

​Fig. 4​​: Loss Graph of Proposed​
​Unimodal Model for MRI Scan​

​Fig. 5​​: Confusion Matrix of Proposed Unimodal Model​​for MRI Scan​
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​The​ ​graph​ ​of​ ​MRI​ ​training​ ​and​ ​validation​ ​accuracy​ ​and​ ​AUC​ ​shows​​that​​the​​model​
​converged​ ​gradually​ ​on​ ​the​ ​beginning,​ ​having​ ​few​ ​fluctuations​ ​and​ ​spikes​ ​on​ ​the​
​middle,​​while​​finally​​converging​​in​​the​​end.​​The​​best​​epoch​​was​​at​​33​​with​​validation​
​accuracy​ ​0.838,​ ​training​ ​accuracy​ ​0.846,​ ​and​ ​AUC​ ​0.840.​ ​The​ ​graph​​for​​loss​​shows​
​that​ ​the​ ​validation​ ​loss​ ​keeps​ ​fluctuating​ ​when​ ​dealt​ ​with​ ​a​ ​hard​ ​sample,​ ​but​
​eventually converges. The precision and sensitivity is 0.8240 and 0.8317 respectively.​

​PET Unimodal System​

​Fig. 6​​: Accuracy/AUC Graph of​
​Proposed Unimodal Model for PET Scan​

​Fig. 7​​: Loss Graph of Proposed​
​Unimodal Model for PET Scan​

​Fig. 8:​​Confusion Matrix of Proposed Unimodal Model​​for PET Scan​
​The​​accuracy​​graph​​of​​PET​​scan​​shows​​that​​it​​had​​lesser​​fluctuation​​that​​MRI,​​and​​had​
​smoother​​rising​​graph.​​The​​best​​epoch​​is​​at​​29​​where​​the​​value​​fluctuates​​around​​it​​but​
​eventually​ ​converges.​ ​The​ ​validation​ ​accuracy​ ​at​ ​best​ ​epoch​ ​is​ ​0.899,​ ​training​
​accuracy​ ​is​​0.931​​and​​AUC​​is​​0.915.​​The​​loss​​graph​​shows​​sudden​​dip​​at​​best​​epoch​
​which​​later​​recovers​​and​​converges.​​The​​training​​loss​​and​​validation​​loss​​at​​best​​epoch​
​is 0.030 and 0.039 respectively.​
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​Multimodal System​

​Fig. 9:​​Accuracy/AUC Graph of Proposed​
​Multimodal Model​

​Fig. 10:​​Loss Graph of Proposed​
​Multimodal Model​

​Fig. 11​​: Confusion Matrix of the Proposed Multimodal​​Model​
​The accuracy graph of Multimodal accuracy shows that it had high fluctuation but​
​also had highest accuracy among all three models. The best epoch is at 33 where the​
​values of the validation accuracy is 0.930, training accuracy is 0.951 and AUC is​
​0.940. The training loss and validation loss at best epoch is 0.034 and 0.035​
​respectively.​

​Comparative Analysis​
​Table 3 shows the comparative analysis between different training modality we have​
​used.​

​Analyzing Deep Learning Approaches in Unimodal and Multimodal Frameworks for​ ​JHCE, VOl, 1​
​Alzheimer’s Disease Stage Classification​



​99​
​JHCE, VOl, 1​

​Journal of Hillside College of Engineering​

​Table 3​​: Comparison Between Different Model Architecture​
​Model​ ​AUC​ ​Accuracy​

​Training​
​Accuracy​

​Validation​
​Accuracy​

​Unimodal MRI​
​Model​

​0.840​ ​0.846​ ​0.838​

​Unimodal PET​
​Model​

​0.915​ ​0.931​ ​0.899​

​Multimodal​
​Model​

​0.94​ ​0.951​ ​0.930​

​As​​we​​can​​see​​from​​the​​graphs​​and​​table​​above,​​multimodal​​system​​performed​​better​
​in​ ​comparison​ ​to​ ​unimodal​ ​systems.​ ​Multimodal​ ​has​ ​the​ ​highest​ ​AUC​​of​​0.94,​​with​
​unimodal​ ​PET​ ​having​ ​AUC​ ​of​ ​0.915,​ ​and​ ​unimodal​ ​MRI​ ​model​ ​having​ ​the​ ​lowest​
​AUC​ ​of​ ​0.840​ ​compared​ ​at​ ​their​ ​best​ ​epoch​ ​respectively.​ ​The​ ​loss​ ​graph​ ​of​ ​MRI​
​showed​​greater​​fluctuations​​in​​the​​earlier​​epoch,​​loss​​of​​PET​​showed​​a​​great​​dip​​near​
​the best epoch, but the losses of all three models converged eventually.​
​Hence,​ ​we​ ​can​ ​conclude​ ​that​ ​multimodal​ ​approach​ ​provided​ ​a​ ​better​ ​AUC,​ ​than​
​unimodal approach, and is the best method for alzheimers disease stage classification.​

​V.​ ​CONCLUSION AND LIMITATION​
​This​ ​study​ ​successfully​ ​developed​ ​and​ ​evaluated​ ​unimodal​ ​(MRI​ ​and​ ​PET)​ ​and​
​multimodal​ ​deep​ ​learning​ ​models​ ​for​ ​Alzheimer’s​ ​disease​ ​stage​ ​classification​ ​using​
​standard​ ​datasets.​ ​The​ ​results​ ​clearly​ ​show​ ​that​ ​all​ ​models​ ​were​ ​able​ ​to​ ​learn​
​meaningful​ ​patterns​ ​from​ ​neuroimaging​​data,​​with​​PET​​performing​​better​​than​​MRI,​
​and​ ​the​ ​multimodal​ ​system​ ​achieving​ ​the​ ​best​ ​overall​ ​performance.​​The​​multimodal​
​model​ ​obtained​ ​the​ ​highest​ ​validation​ ​accuracy​ ​(0.930)​ ​and​ ​AUC​ ​(0.940),​
​demonstrating​ ​that​ ​combining​ ​complementary​ ​information​ ​from​ ​different​ ​modalities​
​leads​​to​​more​​reliable​​and​​discriminative​​predictions​​compared​​to​​using​​a​​single​​data​
​source.​
​Overall,​​the​​main​​objective​​of​​the​​study—to​​investigate​​whether​​multimodal​​learning​
​improves​ ​Alzheimer’s​​disease​​classification​​compared​​to​​unimodal​​approaches—was​
​achieved.​​The​​results​​consistently​​confirm​​that​​integrating​​MRI,​​PET,​​and​​clinical​​data​
​enhances​ ​model​ ​performance​ ​and​ ​stability,​ ​particularly​ ​in​ ​distinguishing​ ​disease​
​stages​ ​such​ ​as​ ​MCI​ ​and​ ​AD.​ ​The​ ​use​ ​of​ ​fusion​ ​strategies​ ​such​​as​​gated​​multimodal​
​units​ ​and​ ​cross-modal​ ​attention​ ​further​ ​strengthened​ ​the​ ​model​ ​by​ ​enabling​ ​more​
​meaningful interaction between different data types.​
​These​​findings​​highlight​​the​​importance​​of​​multimodal​​learning​​in​​medical​​diagnosis,​
​especially​ ​for​ ​complex​ ​diseases​ ​like​ ​Alzheimer’s,​ ​where​ ​no​ ​single​ ​data​ ​source​ ​is​
​sufficient​​to​​capture​​all​​pathological​​changes.​​In​​practical​​terms,​​the​​proposed​​system​
​demonstrates​ ​potential​​to​​support​​clinicians​​by​​providing​​faster,​​more​​consistent,​​and​
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​data-driven​​decision​​support,​​particularly​​in​​resource-limited​​settings​​where​​specialist​
​availability is low.​
​However,​​there​​is​​still​​room​​for​​improvement.​​Future​​work​​should​​focus​​on​​expanding​
​the​ ​system​ ​to​ ​multi-class​ ​classification,​ ​including​ ​earlier​ ​preclinical​ ​stages,​ ​and​
​improving​ ​data​ ​integration​ ​strategies​ ​to​ ​handle​ ​missing​ ​modalities​ ​more​ ​effectively.​
​Additionally,​​optimizing​​the​​model​​for​​real-time​​or​​clinical​​deployment​​would​​further​
​enhance its practical usability and impact.​
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