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Abstract—Alzheimer’s Disease (AD) is a progressive neu-rodegenerative condition mostly affecting the elderly, causing
cognitive decline. It is an active field of research as currently there is no approved cure. Current breakthroughs in deep learn-
ing have been promising for AD detection from neuroimaging and clinical information. The black-box limitation of such
models is a concern regarding trust and clinical uptake. This research investigates the potential of integrating deep learning with
Explainable Al (XAl) to resolve these issues. It outlines a systematic review of the literature from 2015 to 2024, organizing
studies into four categories: general reviews, models that lack explainability, models with the integration of partial or complete
XAl, and explainability methods. The article compares methods, datasets (ADNI, NACC, AIBL), and main results, emphasizing
advancesinvisualinterpretabilityyetpointingtowardspersisting issues like a deficiency of standard metrics in evaluation, sparse
clinical validation, and limited generalizability. Several studies lackrule-basedexplanationsorfailtoquantifythereliabil-
ityofmodeldecisionsandthereisanecessitytointegrate  more longitudinal, multimodal, and demographically diversified
datainADresearch.Thisreviewhighlightstheimportanceof standardised, clinically validated explainability frameworksto connect
research with real-world usage. It seeks to direct future efforts in the creation of responsible, interpretable
Altoolsforhealthcare,providingbeneficialinsightsforresearchers, clinicians, and policymakers.

Index Terms—Explainable Al, Alzheimer's Disease, Deep Learning, Medical Imaging, Model Interpretability

I. INTRODUCTION
Alzheimer’s disease (AD) is one of the world’s most press-ing public health challenges that is characterised by early but subtle
alterations in the brain much before to the onset of noticeablememoryimpairment.Alzheimer’sDisease(AD)by
natureisagradualandthepredominantsourceofdementia. It principally afflicts people over 65 years and the symptoms progressively
deteriorate over the years. In advanced stages, they will be sufficiently severe to meddle in daily activities of affected people. For
diagnosis, specialists frequently depend upon an assemblage of techniques and resources including patient’s clinical background,
psychological condition analy-ses, somatic plus neural scrutinies, diagnostic assays, MRI or PET scans. These investigations have
found that pathological changescommencefarpriortosymptomsbecomingnoticeable such as memory loss or confusion. Accordingly,
the prompt ascertainment of AD is requisite [49].
There is not a currently established cure for Alzheimer’s; however, understanding the origins and causes has improved
significantly.Contemporaryadvancementsinartificialintelli-gence (Al), especially in Machine Learning (ML) and Deep Learning
(DL) have emerged as ground-breaking tools for the early diagnosis of AD. These methods aid in-depth analysis, identifying subtle
and previously overlooked changes in brain structure and functions linked to Alzheimer’s Disease. Most often these models operate
as ”black boxes,” exhibiting a lack of transparency in their decision-making processes leading to apprehensions in clinical settings.
For advancement of trust and transparency, Explainable Al (XAI) [53] is scrutinizedand assimilated in healthcare applications,
presenting visual perceptions into model decisions.
ThereisanincreasingdemandforExplainableAI(XAl) [53] frameworks capable of delivering clinically interpretable insights with high
diagnostic accuracy to close the gap be-tweenperformanceandtrust. SHAP(ShapleyAdditiveExpla-nations) [4], LIME (Local
Interpretable Model-Agnostic Ex-planations) [3], Grad-CAM (Gradient-weighted Class Activa-
tionMapping)[9],IntegratedGradients(IG)[55],DeepLIFT [7] and Layer-wise Relevance Propagation (LRP) [1] not only
confirmmodelchoicesbutalsoenableregulatoryapprovaland ethical Al deployment in healthcare.

ObjectivesandPurposeoftheReview
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Accurately detecting early stages of AD (Mild Cognitive Impairment (MCI) vs stable MCI vs progressive MCI) is a complex
clinical challenge. The need for accurate and reliable frameworks to provide clinically relevant insights is growing
withtheincreasedapplicationofAlinhealthcare. Thisreview covers literature published between 2015 and 2024 and seeks to:

o Investigate the recent Al-based approaches applied in early detection of AD.

e  Study the various explainability methods providing in-sights into major biomarkers in the context of healthcare applications.

e Compare the various XAl methods across different stud-ies involving imaging and clinical data for their clinical utility.

e Mapemergingtrendsandlimitationsinexistingliterature.

Il. LITERATURE REVIEW
The reviewed studies have been divided into four distinct clustersaccordingtothemethodologyused:(i)reviewstudies
relatedtoADresearch, (ii)studiesthatusemachinelearningor deeplearningmodelswithoutincorporatingexplainability, (iii)
studiesthatintegrate X AlmethodswithinML/DLframeworks, and (iv) studies focusing on the novel explainable Al (XAl) techniques.

A. ReviewstudiesinADresearch

Numerousstudieshaveexaminedtheimplementationof DL techniques for AD diagnosis, emphasising both benefits and
limitations.WhileYangetal.[13]investigateapproachessuch as Transfer Learning, Ensemble Learning and architectures like CNNs,
RNNs, GCNs, Autoencoders and highlight the impact of pre-processing, class imbalance, and performance evaluation on standard
datasets, explainability and compar-ative analysis have been overlooked. Surveys by Khojaste-Sarakhsi et al. and Z. Yao et al. [28],
[36] address advanced strategies, including attention and graph-based networks, but offerarestrictedevaluation
ofspecificXAlmethodologies.

[36]emphasisesMRI-basedneuroimagingandhighlightsLRP and counterfactuals for trust; nonetheless, issues pertaining to
clinicalvalidationandstandardisationpersist.Muradetal.[39] group XAl methodologies into intrinsic, visualization-based, and
distillation categories, and suggest the use of fuzzy logic toaddressambiguityinclinicaldata. Thesestudiescollectively emphasise the
necessity for enhanced integration of XAl and real-world validation in Alzheimer’s disease diagnosis.

B. StudiesUsingMLorDLModelsWithoutXAllIntegration

CNNs, ensemble methods, and lightweight architectures have demonstrated significant improvement in diagnostic ac-curacy but
they fall short in offering interpretable decisions, limiting their transparency and clinical adoption. Ensemble techniques have been
used by researchers to boost model performanceinADdiagnosis.IslamandZhangetal.[5] used an ensemble of deep CNNs on the
OASIS dataset, reportingimprovedaccuracyovertraditionalmodels.Loddoet al. [20] combined multiple architectures in a deep
ensemble pipeline and achieved high accuracy across OASIS, ADNI, and Kaggle datasets. A "Clinical Decision Support System
(CDSS)” introduced by Salami et al. [22] incorporated MRI andclinicaldatathroughanensembleofCNNs,demonstrating improved
diagnosis accuracy. Yet in spite of their efficiency, these models lack transparency, as they fail to provide inter-
pretationfortheirpredictions,hencerestrictingtheirreliability and practical use.

Liu et al. [15] introduced a lightweight model aimed at efficiency and portability, demonstrating robust performance with MRI data;
nevertheless, it exhibited challenges in gen-eralisation to external datasets such as ADNI and lacked
interpretability. Shanmugametal.[18]used T1-weightedMRI images and leveraged transfer learning on pre-trained models, with
ResNet-18 providing the best outcome. Han et al. [24] developed a lightweight 3D DL framework for differentiating AD and MCI.
While it highlighted automation and efficiency it too lacked the integration of XAl methods, limiting insights into model decisions
and affecting clinical transparency.

A 2023 study by Menagadevi et al. [31] proposes an automatedtechniguethatintegrateswhitemattersegmentation
andmachinelearningforthediagnosisofAlzheimer’sdisease. Improved image processing and feature extraction result in highly
accurate performance. Arafa et al. [41] assessed two methodologies:acustomCNNdevelopedfromscratchand a transfer learning
model employing VGG16 for MRI-based categorisation. Fouad et al. [38] developed a fully automated
systemutilisingEEGsignals,employingResNet-50toidentify significant patterns in cerebral activity. Although the models
demonstrate accuracy, they lack insight into feature contri-butions, hence limiting their transparency and potential for clinical use.
Another fully automated deep learning pipelineby Inan et al. [43] uses a slice-selection strategy to enhance computational efficiency
and diagnostic accuracy. Model was validated on ADNI and OASIS datasets supporting its clinical relevance. However, it struggled
to distinguish cognitively normal individuals from early-stage MCI.
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C. StudieslIntegratingExplainability

IntegratingXAlintodeeplearningframeworksinhealthcare is gaining focus in the recent studies. Lee et al. [8] integrated different
analysis methods into their framework to predefine parts of the brain known to be affected in AD. The approach heavily relies on
the correctness of these predefined regions. Nigri et al. [10] took a alternative approach via Swap Test method that compares MRI
patches with reference scans and highlights key regions . Though it improved interpretability, the accuracy depends on the choice of
the correct reference image. F. Zhang et al. [26] used Grad-CAM++ to produce attentionmapsfromCNNmodelsandidentifydisease-
relevant areas. It was observed that the method had limitations in dif-ferentiating stable from progressive MCI. Other studies—like
thosebyShojaeietal.[35],Z.Yaoetal.[37],Nguyenet al. [32], and D. Wang et al. [33]—examined SHAP, voxel
grading,andquantitativeheatmapvalidationtoenhancemodel transparency. Most common limitations encountered were small datasets
or lack of resolution. More advanced models, suchasMAXNet[30],MPS-FFA[34],andLA-GMF[47],
utilizedattentionmechanismsandgraph-basedfusiontobetter visualization, attaining better explanations while balancing model
complexity and training requirements.

Researchers have also explored the usage of EEG and longitudinal data. Sidulova et al. [17] applied LIME to get
insightsintoCNNpredictionsbasedonEEGsignalstoidentify  keybrainregions.Vitonetal.[11]Jmadeuseofheatmapsin @ CNN-based
framework to visualize features significant for predicting hospital mortality, presenting interesting inferences for temporal medical
data.

There is an increased focus on using multimodal data and electronic health records (EHR) for AD diagnosis. Abuhmedet al. [14]
used MRI, PET, cognitive scores, and genetics in their model and added interpretability through fuzzy logic and decision trees.
SHAP was used to explain model predictions by Bogdanovic et al. [23]. Though the dataset bias was a
concern,themodelpredictionswerebasedonlifestyleand cognitivefeatures,revealingnovelinsightsintoADrisk.Rule-based methods were
used with SHAP and LIME by Alatrany et al. [42] to make predictions more transparent, while visual
explanationswiththehelpofsaliencymapsinensembleCNNs were used by Mahmud et al. [40]. Zhu et al.’s TRADE model [45],
examined EHRs from over a million patients to predict AD risk and used integrated gradients for explainability.

Graph-based models effectively represent relationships be-tween different brain regions. L. Wang et al. [25] formulateda GNN
model that uses self-attention to demonstrate the interactionsbetweendifferentpartsofthebrain.Zengetal.

[27] developed a system that allocates dynamic weights to features and samples, enabling the model focus on the most relevant
information. Effectiveness of these approaches rely significantly on the data quality and labelling.

Among attention-based frameworks, the AXIAL model in-troduced by Lozupone et al. [48] is notable because of its clinically
validated andinterpretable outcomes. The model utilises 2D CNNs for processing 3D MRI images and uses a soft attention
mechanism to produce voxel-level maps for lo-calising disease-relevant regions. It employs double transfer learning from AD vs
CN classification to the more intricate pMCI  versus sSMCI  differentiation. The model reveals
17brainareas,includingthehippocampus,parahippocampus,and amygdala,thatstronglyalignwithradiologistverdicts,making it
interpretable, replicable and clinically relevant.

These studies demonstrate the increasing awareness and effort to make Al in healthcare not only accurate but also reliable. Despite
the progress that has been made many frameworksstilllackclinicalvalidation,rule-basedreasoning, or generalization across
populations. These remain important areas for future research.

D. XAlTechniques

The black-box nature of deep models has inspired the development and adaptation of explainability methods like Grad-CAM, LRP,
LIME and SHAP. These methods enable researcherstogetinsightsaboutthemostinfluentialfeaturesin the context of model’s
prediction, thereby making the models more interpretable and trustworthy in clinical settings. Some
studiesalsoemployattentionmechanisms.Recentresearchhasalsoincludedhybridapproachesthatcombinevisualheatmapswithquantitativ
e attr ibutionsandgraph-basedembeddings to better capture structural representations, hence improving accuracy and interpretability,
in addition to these pixel-level explanation techniques. Table I provides a comprehensive overview of the XAl techniques explored
in this study.

1. GAPS IDENTIFIED FROM THE LITERATURE &DISCUSSION
Consideringthegrowinguseofdeeplearningandma-chine learning frameworks for Alzheimer’s diagnosis, certain challenges remain.
Studies make improving predictive per-formance the priority but overlook the explainability aspect, which is essential for clinical
credibility.
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Despite the use of visualexplanations,anacceptedstandardforassessingtheir reliability or effectiveness remains absent. Heatmaps,
though common, seldom offer explicit, rule-based justification for predicted outcomes. Furthermore, a majority of approachesare
evaluated on a singular dataset, such as ADNI, which restrains their applicability across diverse settings or patient demographics.
Clinical validation for the predictions and ex-planations produced by these models is available for only a few studies conducted. As
early identification is crucial, afew approaches strive to differentiate between MCI subtypes, such as progressing and stable MCI,
which might offer better treatment when identified accurately.

Effective comparison of the studies is challenging due tothe use of diverse architectures, datasets, and explainability approaches,
together with the frequent inconsistency in result reporting. This lack of consistency complicates the ability to ascertain which
strategies are most effective.

A. DeeplLearninginADResearch

AD research studies utilize deep learning widely especially with MRI and PET data. 2D and 3D CNN variants are commonly used
to detect the structural changes in brain. Transfer learning and ensemble approaches improve the pre-
dictionperformanceespeciallywhentheavailablityofdata is limited. Transformers and attention-based models have shown promise in
predicting the AD risk and are applied increasingly to handle sequential data suc as EHRs or identify important features in images.
Another commonly considered approach is the utilization of Graph Neural Networks(GNNs) to map and understand connectivity
patterns(both local and global) in brain fMRI data. Other approaches that have shown promising results are - usage of autoencoders
for identifying improtant features, GANSs for generating synthetic data and hybrid models using different methods and multimodal
data.

B. XAlTechniquesforADDiagnosis

Explainability methods explored in this study have been broadly classified as:

e Visualization Techniques: The techniques provide visual perceptionsformodeldecisions.GradientGradient-based techniques
such as Grad-CAM and its variations, LRP, Saliency maps highlight most influential areas of the image regions, approaches
such as [48] take advantageofattention-basedexplainabilitytoenableinterpretability in localized diagnosis. [30] uses Dual
Attention Module andHigh-resolutionActivationMapping(HAM)foraddi-tional visual interpretability. Occlusion-based
techniques such as the Occlusion Test and Swap Test [10] measure featureimportancebyoccludingportionsoftheinput in a
systematic manner and measuring it’s effect on the model’s prediction.

e Feature-based Methods: LIME, SHAP provide impor-tance scores to the input features to account for their contribution to the
model’s  prediction. Causal Analysis models such as ACE (Average Causal Effect) may be
employedtodeterminethecausalrelevanceoffeatures  inCNNpredictions.Rule-basedtechniquessuchasClass  Association Rule
Mining (CAR) and SIRUS [42] derive human-readable rules from the model predictions, giving
globalinterpretability. Anchorsalsoofferexplanationsas if-then rules.

TABLEI
XAl METHODS REVIEWED
Ref XAlMethod KeyFindings
[2] ClassActivationMap(CAM [ClassActivationMapsaregeneratedusingglobalaveragepoolingandlinearclassificat
) ion.CAM

allowsforthevisualizationofclass-
specificunitsinCNNSs,providinginsightsintowhichfeaturesand image regions are
most discriminative for different classes.

[1] Layer- Providespixel-
wiseRelevancePropa- levelattributionbyredistributingpredictionscoresbackwardthroughthe network
gation and can provide meaningful explanations for the decisions of non-linear image

classifiers. Thegenerated heatmaps highlight image regions that are relevant for
a particular classificationdecision, even for complex models like deep neural
networks. While visual assessment isimportant, there is a need for more robust,
quantitative methods to evaluate the quality of pixel-wise explanations.
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[3] LIME Perturbsinputfeaturesandtrainslocalsurrogatemodels.SP-
LIME,byselectingadiverse

and representative set of explanations, provides a valuable global understanding
of the model’shehaviour and helps users identify potential issues and
limitations.

[4] SHAP SHAPprovidesauniquesolutionamongadditivefeatureattributionmethodsthatguar
anteeslocal

accuracy,missingness,andconsistency.Kernel SHAPismoresample-
efficientandaccuratethanShapley sampling and LIME.

[7] DeepLIFT Tracksdifferencesfromareferenceinputacrosslayers. ThechoiceoftheDeepLIFTrul
e(Linear,
Rescale,RevealCancel)canimpactperformance,andtheoptimalchoicemaydependo
nthenetwork architecture and the task.

[9] Grad-CAM Grad-CAMgeneralizestheCAMtechnique,makinggradient-
basedlocalizationapplicabletoa

much wider range of CNN architectures. It produces class-discriminative visual
explanationsusing gradient information. It can be effectively used to diagnose
failure modes in CNNs,understand vulnerabilities to adversarial attacks, and
identify biases in training datasets. Com-bining Grad-CAM with high-resolution
gradient-based methods like Guided Backpropagationyields Guided Grad-CAM,
which provides both class-discriminative and fine-grained visualexplanations.
[46] IAHybrid ApproachCombin-JAninnovativetechniquetoimprovetheinterpretabilityof CNNsbyproducingclearera
ingGradCAMandLRPforC nd

NN Interpretability more precise visual explanations. The combined method offers superior
interpretability
andcomprehensibleresultscomparedtostandaloneGradCAM,LRP,andcombinatio
nsofGradCAMwith other visualization techniques.

[44] Gaussian-Class Gaussian-weightedClassActivation Mapsforobjectlocalization.G-
Activatio |CAMEachievesstate-of-the-
n artperformanceinspeedandaccuracyforobjectdetectionexplainability.Especiallyef
MappingExplainer (G- fectivefortinyobjectdetectionwhereothermethodsstruggle.Reducessaliencynoise, i
CAM) mprovesexplanationtrust, and offers real-time applicability.

o Example-based Methods: These methods explain a pre-diction by relating it to similar or contrasting examples.
Methodsinvolvecounterfactualexplanations,Contrastive Explanation Method (CEM)[12], and employing proto-types.
MAXNet’s [30] Prediction-basis Creation and Re-trieval (PCR) module employs a reference set of relevant
labeledsamplestosupplyevidenceformodelpredictions.

V. CONCLUSION AND FUTURE WORK
ThisreviewhighlightstheincreasingoverlapbetweenAl and healthcare research, particularly in the context of Alzheimer’s
Disease.Recent advancements in Alzheimer’s Disease (AD) diagnosis show deep learning models’ promise when applied to datasets
such as ADNI, AIBL, and NACC. These models have been achieving outstanding precision in diagnostics. Explainability is stressed
now to improve model transparency for all. This emphasis helps in building trust. Still, there are challenges that persist despite all of
these developments.Sincemanyheatmap-basedoutputsdostill ~ fail to provide actionable rule-based perceptions, the
fieldnowlacksstandardizedbenchmarksforanyevaluatingof explainabilitymethods.Smallorimbalanceddatasetsgenerate concern, plus
underrepresentation of diverse patient groups and limited external validation generate concern.
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Real-world adoption is further obstructed via reporting model choice inconsistencies as well as clinical validation absence. These
issues must be addressed by standardization, included by a broader dataset, and integrated effectively by collaboration
withclinicalstakeholdersforexplainableAlinADdiagnosis.
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