
1 of 18Human Brain Mapping, 2026; 47:e70456
https://doi.org/10.1002/hbm.70456

Human Brain Mapping

TECHNICAL REPORT OPEN ACCESS

Investigating the Utility of Explainable Artificial 
Intelligence for Neuroimaging-Based Dementia Diagnosis 
and Prognosis
Sophie A. Martin1,2   |  An Zhao1  |  Jiongqi Qu1  |  Phoebe Imms3  |  Andrei Irimia3,4,5,6  |  Frederik Barkhof1,2,7  |  
James H. Cole1,2  |  Alzheimer's Disease Neuroimaging Initiative

1UCL Hawkes Institute, University College London, London, UK  |  2UCL Queen Square Institute of Neurology, University College London, London, 
UK  |  3Leonard Davis School of Gerontology, University of Southern California, Los Angeles, California, USA  |  4Department of Biomedical Engineering, 
Viterbi School of Engineering, Corwin D. Denney Research Centre, University of Southern California, Los Angeles, California, USA  |  5Department of 
Quantitative & Computational Biology, Dana and David Dornsife College of Arts & Sciences, University of Southern California, Los Angeles, California, 
USA  |  6Centre for Healthy Brain Aging, Institute of Psychiatry, Psychology and Neuroscience, King's College London, London, UK  |  7Department of 
Radiology and Nuclear Medicine, Amsterdam University Medical Centre, Amsterdam, the Netherlands

Correspondence: James H. Cole (james.cole@ucl.ac.uk)

Received: 16 August 2025  |  Revised: 19 November 2025  |  Accepted: 18 January 2026

Keywords: dementia | diagnosis | explainable artificial intelligence | magnetic resonance imaging | neuroimaging | prognosis | vision transformers

ABSTRACT
Artificial intelligence and neuroimaging enable accurate dementia prediction but often involve ‘black box’ models that can be 
difficult to trust. Explainable artificial intelligence (XAI) aims to provide insights into the model's decisions; however, choosing 
the most appropriate method is non-trivial and often context-specific. We used T1-weighted MRI to train models on two tasks: 
Alzheimer's disease (AD) classification (diagnosis) and predicting conversion from mild-cognitive impairment (MCI) to all-cause 
dementia (prognosis). We applied eleven XAI methods across two popular image classification architectures, producing visualis-
ations of the most salient regions. We also propose a framework for interpreting explanations produced by different XAI methods 
and predictive models. Models achieved balanced accuracies of 81% and 67% for diagnosis and prognosis. XAI outputs high-
lighted brain regions relevant to AD with strong convergence across gradient-based techniques. LIME produced explanations 
that were most similar across architectures. Mean saliency enhanced MCI prognosis prediction when included as an additional 
input feature. XAI can be used to verify that models are utilising relevant features and to generate valuable measures for further 
analysis.

1   |   Introduction

Recent advancements in disease-modifying therapies highlight 
the growing need for effective strategies to identify individuals 
at risk of dementia. Traditional diagnostic methods rely on brain 
imaging, cognitive performance assessments and long-term 

observations of behavioural patterns. However, the increasing 
availability of large research datasets has enabled the use of arti-
ficial intelligence (AI) for diagnostic and prognostic modelling, 
with AI models demonstrating comparable and, in some cases, 
superior accuracy to traditional methods (Qiu et al. 2022; Xue 
et al. 2024; Martin, Townend, et al. 2023; Borchert et al. 2023).
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To facilitate the integration of AI tools in clinical practice, it is 
essential to ensure that models are safe, robust and trustworthy. 
Explainable artificial intelligence (XAI) describes a set of tech-
niques designed to provide reasoning for model decisions, allow-
ing users to verify that the models are using relevant information 
and to detect potential biases. However, as the number of XAI 
methods continues to grow, determining the most appropriate 
technique has become challenging (Hedström et al. 2024; Adebayo 
et al. 2018; Das and Rad 2020; Miró-Nicolau et al. 2024). Some stud-
ies have criticised XAI methods for their lack of robustness to noise 
and poor sensitivity to class-specific features (Adebayo et al. 2018; 
Serrano and Smith 2019; Alvarez-Melis and Jaakkola 2018). It is 
also difficult to validate XAI outputs in the absence of a ground-
truth, which is often the case for dementia studies due to the com-
plex and heterogeneous nature of the underlying pathologies.

In this work, we applied several existing XAI techniques to pro-
duce dementia-related saliency maps (also known as ‘heatmaps’). 
We also present a framework for interpreting and comparing out-
puts: where XAI methods can be considered as ‘reviewers’, each 
assessing the importance of input features, and different predic-
tive models extract their own ‘evidence’ of the target class. Similar 
explanations across multiple models can strengthen the validity of 
salient features while discrepancies can reveal fundamental dif-
ferences between the models or highlight the relative advantages 

or disadvantages of certain XAI techniques. This is depicted in 
Figure 1. Additionally, to explore whether model explanations cap-
ture diagnostically useful information we assessed the utility of 
saliency map-derived features in a downstream task of predicting 
future conversion to dementia.

Studies exploring deep learning for dementia prediction have 
reported classification accuracies between 70% and 99% for 
distinguishing Alzheimer's disease (AD) patients from healthy 
controls and 60%–90% for predicting mild-cognitive impair-
ment (MCI) conversion (Martin, Townend, et al. 2023; Borchert 
et al. 2023). However, many did not assess model explanations. 
Those that do often rely on a single XAI method, with compar-
isons of multiple methods remaining relatively underexplored 
in dementia applications (Martin, Townend, et al. 2023). Bloch 
and colleagues conducted a systematic evaluation of deep 
learning and classical models for dementia diagnosis (Bloch 
and Friedrich  2024) demonstrating comparable performance 
between models based on volumetric features (89.6% balanced 
accuracy (BACC)) and whole-brain neural networks (83.6% 
BACC). They compared the most influential brain regions iden-
tified by three XAI methods across classical and deep learning 
approaches. Liu and colleagues applied backpropagation to a 
3D CNN trained to distinguish between healthy controls, MCI 
and AD. In both cases, the authors found salient regions that 

FIGURE 1    |    Overview of a framework summarising how to interpret XAI outputs, where different XAI methods act as ‘reviewers’ of the ‘evi-
dence’ produced by different predictive models. If explanations are similar across multiple techniques and predictive models, this strengthens the 
validity of identified salient features. If explanations differ across XAI methods but not across models, then this highlights differences in the mecha-
nisms of XAI approaches and what they explain. If explanations differ across predictive models but not across XAI methods, then this likely reflects 
differences in the learned features. If explanations vary both across models and XAI methods, it indicates a significant model-method interplay. 
Systematic evaluation of this interplay in future work will be important, and to have accurate interpretation, researchers will need to account for this 
variability, or identify which results are most appropriate based on the predictive task and the purpose of the explanation.
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are commonly linked to dementia, such as the left hippocampus. 
However, Bloch and colleagues also noted that deep learning 
models were more likely to rely on regions that are less com-
monly associated with AD (Bloch and Friedrich 2024). With the 
high variability of XAI outputs across methods and the lack of 
consensus on the most reliable approach, it is difficult to con-
firm the validity of new findings, and frameworks for quantita-
tive evaluation of XAI outputs have yet to be popularised.

The emergence of vision transformers (ViT) provides an at-
tractive alternative to convolutional neural networks (CNNs) 
for analysing neuroimaging data, with ViTs demonstrating 
superior predictive performance in many image-classification 
tasks (Dosovitskiy et al. 2020). Moreover, ViTs are proposed to 
be inherently more interpretable (Park and Kim  2022; Raghu 
et  al.  2021); their built-in attention mechanism explicitly cap-
tures relationships between all input regions and provides a 
direct way to understand their influence on the model's pre-
diction. On the other hand, CNNs require post hoc methods to 
generate explanations, as their use of abstract local features and 
their hierarchical structure make it difficult to trace predictions 
back to specific regions in the input space. However, to achieve 
their performance advantages, ViTs often require training on 
million-scale datasets which are scarce in the medical imaging 
domain (Khan et al. 2021). To overcome this limitation of ViTs, 
researchers have used so-called ‘transfer learning’ which uses 
models that are pretrained on larger, non-medical datasets and 
finetuned on smaller task-specific datasets (Usman et al. 2022; 
Gani et al. 2022; Malpure et al. 2021).

In this work, we applied transfer learning to finetune CNNs and 
ViTs for dementia classification and compared their diagnos-
tic and prognostic performance. Eleven post hoc XAI methods 
were applied to generate group-level saliency maps and inves-
tigate the neuroanatomical patterns associated with dementia 
classification. Additionally, XAI outputs were incorporated into 
a downstream classification model for MCI prognosis to explore 
whether they can increase predictive power.

2   |   Methods

The study overview is depicted in Figure 2.

2.1   |   Dataset

We used baseline demographic, clinical and T1-weighted mag-
netic resonance imaging (MRI) data collated from the National 
Alzheimer's Coordinating Centre (NACC) and the Alzheimer's 
Disease Neuroimaging Initiative (ADNI). Models were trained 
using 90% of the NACC sample and tested on the remaining 10% 
(split at the participant level). ADNI data were used as an exter-
nal test set to assess generalisability. A summary of the demo-
graphics of each dataset is given in Table 1.

2.1.1   |   NACC

The NACC is a centralized data repository on Alzheimer's dis-
ease and related dementias. It contains data from over 50,000 

participants, ranging from cognitively normal individuals to 
those with mild cognitive impairment or dementia symptoms, 
with longitudinal scans and follow-up information for over 
17,000 participants. Our analysis contains data from 25 centres 
and utilises clinical information from standardised visits con-
ducted between September 2005 and May 2022 (June 2022 data 
freeze #58). Diagnoses are consensus-based and rely primarily 
on clinical, cognitive and functional evaluations. Imaging data is 
not routinely used, as it depends on availability and site-specific 
protocols. The cohort used in this study consisted of 3410 partic-
ipants (2351 CN, 709 AD, 174 stable MCI, 176 progressive MCI). 
Class labels were defined by the reported diagnosis at the clos-
est visit within 6 months of the baseline scan date. For the prog-
nostic task of predicting conversion from MCI to dementia, we 
assigned stable and progressive MCI labels using baseline and 
follow-up diagnoses. Participants who were MCI at baseline and 
later received a dementia diagnosis within a 3 to 4-year window 
were labelled as progressive MCI (pMCI). Participants who were 
MCI at baseline and receive an additional MCI diagnosis after 
3 years or more were treated as stable MCI (sMCI).

2.1.2   |   ADNI

The ADNI was launched in 2003 and hosts a large dementia 
dataset curated from numerous research centres across the 
United States and Canada. The original goal was to combine 
imaging data, clinical and neuropsychological assessment and 
other biomarkers to measure the progression of MCI and early 
AD. Current goals include validating biomarkers for clinical tri-
als, improving the generalizability of ADNI data by increasing 
diversity in the participant cohort, and providing data on the di-
agnosis and progression of AD. ADNI contains several imaging 
modalities and clinical assessments used for diagnoses such as 
CN, MCI and AD. ADNI incorporates rigorous image quality 
control procedures, including standardized protocols for MRI 
acquisition, preprocessing and quality assurance to ensure con-
sistency and reliability across sites. Participants receive a base-
line visit and clinical assessment, followed by regular follow-up 
visits to produce a structured longitudinal database of demen-
tia trajectories. Diagnostic labels are assigned based on expert 
consensus and all available participant data. In this study, we 
used T1-weighted MRI and diagnostic labels from a subset of 
484 participants across ADNI-1, ADNI-2 and ADNI-3 cohorts 
(94 CN, 36 AD, 268 sMCI, 86 pMCI). Participants with a diag-
nosis of MCI who do not go on to receive a diagnosis of AD at 
any follow-up visits for at least 3 years were labelled as sMCI. 
To encourage consistency with the criteria used for NACC par-
ticipants, we assigned stable and progressive MCI labels using 
a 3 to 4-year window. For sMCI, MRI scans 3 years before the 
last MCI diagnosis were used. For the pMCI group, we extracted 
MRI scans within a 3 to 4-year window before the first diagnosis 
of AD. Importantly, while the pMCI NACC cohort were labelled 
based on all-cause dementia diagnoses, ADNI patients all pro-
gressed to dementia of the Alzheimer's type.

2.2   |   Data Processing and Quality Control

For each dataset, scans were minimally pre-processed by 
affine registration to the asymmetric MNI-152 1 × 1 × 1 mm 
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resolution template using EasyReg (Iglesias 2023), padded to 
square (or cube) and resized, followed by intensity scaling to 
the range 0 to 1 and normalisation using the image-level mean 
intensity and standard deviation across the training cohort. No 
skull stripping was applied. For 2D models, mid-stack slices 
were extracted from each registered volume along three axes 
(axial, sagittal, coronal) and were resized to 224 × 224 mm. For 
the 3D model, volumes were resized to 96 × 96 × 96 mm. NACC 
imaging data is voluntarily provided by individual ADRCs 
and is not subject to a standardised imaging protocol or qual-
ity control. Therefore, these scans were visually assessed and 
passed through an automated image quality toolbox, MRIqc 
(Esteban et al. 2017). Scans that failed either visual assessment 
or produced outliers in terms of MRIQC-derived image qual-
ity metrics (IQMs)—contrast, signal-to-noise and the coeffi-
cient of joint variation—were removed (n = 158). The NACC 
participant inclusion criteria and data quality control proce-
dure are detailed in Supporting Information: Figure  A1. We 
also computed IQMs for ADNI scans; however, since ADNI 

has its own acquisition and quality control procedures, we did 
not exclude scans based on these. Nonetheless, the IQMs high-
light larger variability in image quality across the NACC data-
set compared to ADNI, as shown in Supporting Information: 
Figure A2.

2.3   |   Model Training

2.3.1   |   ResNet

The ‘residual network’ or ResNet model (He et al. 2015) is a type of 
CNN and a popular choice for image classification. ResNets con-
sist of a series of convolutional layers, which are organized into 
blocks. They use residual connections between layers to give the 
model the flexibility to learn from previous layers and prevent is-
sues such as vanishing gradients. The input image is passed se-
quentially through the network, allowing each convolutional layer 
to extract features at different resolutions via learned filters.

FIGURE 2    |    Study overview. Data from NACC was used to train and test the models. Labels were assigned using clinical diagnoses at visits within 
6 months (diagnosis) or between 3 to 4 years (prognosis) from the date of the MRI scan. Data from ADNI was used as an external test set. Labels pro-
vided at the time of scan were used for diagnosis or assigned based on the same 3 to 4-year window for MCI prognosis. For dementia classification, 
we applied transfer learning to finetune models on an axial, sagittal and coronal medial slice. We also trained a 3D model (3D ResNet) and explored 
the use of three triplanar fusion strategies to combine information from each plane as an intermediary approach: (i) adding a MLP layer to each out-
put, (ii) using a weighted loss to jointly optimise each network, (iii) stacking slices from plane along the channel dimension. Then we applied eleven 
explanation methods to the 2D models to generate dementia-related saliency maps. For MCI prognosis: (A) We computed the performance of mod-
els trained on AD dementia classification for predicting conversion from MCI to all-cause dementia. (B) We explored the utility of including mean 
saliency and AD probability, pAD, as features in a Random Forest model trained and tested on MCI prognosis. MCI = mild-cognitive impairment, 
MMSE = mini-mental state examination, MLP = multilayer perceptron.
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2.3.2   |   Vision Transformers

ViTs (Dosovitskiy et al. 2020) are an extension of the original 
Transformer (Kindermans et  al.  2019) network that was first 
developed for natural language processing, applied to image 
data. Unlike traditional CNNs, which process images using 
local filters, ViTs divide an image into patches, flatten them 
into one-dimensional vectors and treat these patches as a se-
quence of tokens, analogous to words in text. These tokens are 
then processed by transformer layers, which use the so-called 
‘self-attention’ mechanism to capture statistical dependencies 

between the patches and thus model complex relationships 
within the image. The output of the final transformer layer can 
be linearly transformed and used for classification or other tasks.

2.3.3   |   Transfer Learning

Training ViTs from scratch remains a significant challenge, 
particularly in small dataset settings, where they often offer 
marginal or no improvements over conventional CNNs (Gani 
et al. 2022; Lee et al. 2021; Springenberg et al. 2023). However, 

TABLE 1    |    NACC and ADNI dataset characteristics for training and test samples. Due to missing data for certain participants across the 
demographic features, the sample size, n, is given for each feature and subgroup where participants with missing data have been excluded. The mean 
and standard deviation (or where appropriate, %) is given for each group label (AD, CN, sMCI, pMCI).

Feature

Training sample Test sample

Diagnosis Diagnosis Prognosis

Label n
Mean ± 
std./% Label n

Mean ± 
std./% Label n

Mean ± 
std./%

NACC

Age All
AD
CN

2754
646
2108

69.5 ± 11.0
73.5 ± 9.68
68.3 ± 11.1

All
AD
CN

306
63

243

69.0 ± 10.3
72.0 ± 8.95
68.2 ± 10.5

All
pMCI
sMCI

350
176
174

73.7 ± 7.88
74.7 ± 7.84
72.6 ± 7.80

Sex (% 
female)

All
AD
CN

2754
646
2108

62.6
51.2
66.1

All
AD
CN

306
63

243

63.4
55.6
65.4

All
pMCI
sMCI

350
176
174

42.9
41.5
44.3

Education 
(years)

All
AD
CN

2750
645
2105

15.8 ± 2.98
15.0 ± 3.47
16.0 ± 2.76

All
AD
CN

306
63

243

15.6 ± 3.18
14.2 ± 3.71
15.9 ± 2.93

All
pMCI
sMCI

349
176
173

15.6 ± 3.16
15.4 ± 3.11
15.8 ± 3.20

APOE4 (% 
positive)

All
AD
CN

2341
572
1769

40.4
62.9
33.1

All
AD
CN

262
56

206

39.3
55.4
35.0

All
pMCI
sMCI

343
172
171

52.8
55.2
50.3

MMSE All
AD
CN

1278
391
887

26.4 ± 4.84
20.9 ± 5.27
28.9 ± 1.41

All
AD
CN

139
39

100

26.3 ± 5.20
19.9 ± 5.57
28.8 ± 1.87

All
pMCI
sMCI

227
128
99

26.4 ± 2.69
25.7 ± 3.11
27.3 ± 3.20

ADNI (External test sample)

Age All
AD
CN

130
36
94

72.8 ± 7.45
76.3 ± 8.11
71.5 ± 6.75

All
pMCI
sMCI

354
86

268

75.1 ± 7.81
77.4 ± 7.29
74.3 ± 7.83

Sex (% 
female)

All
AD
CN

130
36
94

53.1
47.2
55.3

All
pMCI
sMCI

354
86

268

40.4
45.3
38.8

Education 
(years)

All
AD
CN

122
32
90

16.5 ± 2.25
15.4 ± 2.20
16.9 ± 2.13

All
pMCI
sMCI

354
86

268

16.0 ± 2.73
15.8 ± 2.71
16.1 ± 2.74

APOE4 (% 
positive)

All
AD
CN

107
32
75

30.0
62.5
25.3

All
pMCI
sMCI

351
86

265

30.7
51.2
35.8

MMSE All
AD
CN

122
32
90

27.4 ± 2.87
23.5 ± 2.16
28.8 ± 1.50

All
pMCI
sMCI

354
86

268

28.0 ± 1.67
27.7 ± 1.75
28.1 ± 1.63

Abbreviations: AD = Alzheimer's disease; CN = cognitively normal, (s/p) MCI = (stable/progressive) mild-cognitive impairment; MMSE = mini-mental state 
examination.
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ViTs have demonstrated superior performance compared to 
CNNs when pretrained on sufficiently large-scale datasets 
(Dosovitskiy et al. 2020; Khan et al. 2021). As of this writing, 
publicly available pretrained 3D ViT models suitable for fine-
tuning on medical imaging datasets are limited. To address 
this, we leveraged pretrained 2D ViTs from the timm library 
(Wightman et al. 2023) which have outperformed CNNs in the 
natural image domain and developed a framework to finetune 
them using 2D slices extracted from 3D MRI volumes. We also 
applied this framework to timm's pretrained 2D ResNets to com-
pare the predictive performance for dementia prediction tasks 
and explanations produced by post hoc methods across both 
architectures. To transfer learn from pretrained 2D models, we 
finetuned each model using mid-stack axial, sagittal and coro-
nal slices. All model weights were allowed to be updated during 
finetuning. Both models were initially trained on ImageNet-1k 
(Deng et al. 2009) allowing the models to learn high-level, gen-
eralisable patterns.

2.3.4   |   Training Parameters, Tuning and Optimisation

Models were finetuned using data from NACC. To identify a 
suitable training configuration, we began by performing a hy-
perparameter search for the axial-based ResNet and ViT, by 
varying the learning rate, dropout rate, learning rate sched-
uler and optimiser. Details on the hyperparameter search 
space are provided in Supporting Information: Table A5. The 
optimal parameters were chosen based on the area-under-the-
precision-recall curve (AUPRC) using 20% of the training data 
for validation.

The fixed configuration was used to finetune the sagittal and 
coronal models and retrain the axial model using 90% of the 
training data. Early stopping was used to reduce overfitting with 
the remaining 10% of the training data (patience of 20, based 
on the AUPRC). Additionally, random data augmentations from 
the monai library were applied during training to encourage 
robustness (left–right flip, zoom, contrast, Gaussian noise and 
Gibbs noise). This produced finetuned models for each model 
architecture: ViT-axial, ResNet-axial, ViT-coronal, ResNet-
coronal, ViT-sagittal and ResNet-sagittal.

2.3.5   |   Triplanar Models

Many existing studies have shown that 3D models outperform 
their 2D counterparts due to the ability to leverage contextual 
information across the volume (Martin, Townend, et al. 2023; 
Ebrahimi and Luo 2021). This is particularly relevant for neu-
roimaging data, as biologically relevant information is often 
present throughout the brain volume, rather than a single slice 
(Ebrahimi and Luo  2021). Due to the limited availability of 
pretrained 3D ViT models, we have focused on models trained 
on 2D slices throughout this study. However, as a mitigation 
approach we also explored fusion strategies to combine infor-
mation across three orthogonal slice views: axial, sagittal and 
coronal. First, we trained an ensemble model which combines 
the predictions of three independent single-plane models in 
a fully connected feed-forward multilayer perceptron (MLP), 
typically referred to as late fusion. A hyperparameter search 

was used to determine the optimal depth and number of layers 
of the MLP, with details provided in Supporting Information: 
Table  A6. We also explored a stacking strategy, where the 
three views were stacked along the channel dimension, allow-
ing information from each slice to be captured by a single 2D 
model. Thirdly, we implemented a joint optimisation strategy 
in which the weights of three single-plane models are jointly 
learned via a weighted loss, L, given by:

where a are factors optimised during training using a binary 
cross-entropy loss and training procedure described above. 
From a clinical perspective, this serves as a useful indicator of 
the relative advantages and disadvantages between slice-wise 
and volumetric analysis.

2.3.6   |   Performance Evaluation

The predictive performance of the models was evaluated 
using three classification metrics: BACC, the area-under-the-
receiver-operator-curve (AUROC), and AUPRC on the held-
out test set (diagnosis) and MCI participants (prognosis). The 
AUPRC was used for optimising models during hyperparame-
ter tuning and early stopping as it focuses on the positive class 
(AD), which is important for imbalanced datasets (Saito and 
Rehmsmeier  2015). Five-fold cross validation was also per-
formed to assess the stability of the single-slice models (di-
agnosis only). To benchmark the 2D models, we also trained 
and evaluated a 3D ResNet-18 from scratch (using the monai 
library implementation (Monai  2020) and the same training 
configuration as the 2D models). To assess cross-cohort gener-
alisability, data from ADNI were used to test the trained mod-
els on the diagnostic and prognostic tasks.

2.4   |   Explainable Artificial Intelligence Methods

We primarily used the captum (Kokhlikyan et  al.  2020) li-
brary to implement popular explanation methods for the two 
model architectures. This included model-agnostic methods 
such as occlusion (Zeiler and Fergus  2014), Shapley additive 
explanations (SHAP) (Shapley 2016) and local interpretable 
model explanations (LIME) (Ribeiro et al. 2016). We also used 
this library to apply methods tailored for explaining neu-
ral networks such as guided and unguided backpropagation 
(Simonyan et  al.  2014), Integrated Gradients (Sundararajan 
et al. 2017) (35)and InputXGradient (Qiu et al. 2022), guided 
and unguided gradient-weighted class activation mapping 
(GradCAM) (Selvaraju et  al.  2016) and layerwise relevance 
propagation (LRP) (Bach et al. 2015). These methods all rely 
on access to the gradients learned during training but vary in 
their mechanisms for propagating values into the input image 
space. However, some of these methods (e.g., GradCAM) can-
not be applied to ViTs or ResNets naively because they were 
originally designed for CNNs. Therefore, we used an alterna-
tive implementation by Gildenblat and colleagues to generate 
GradCAM maps for ViTs and ResNets, which accounts for the 
different intermediate feature shapes so that they are compat-
ible with the original algorithm (Gildenblat 2021). Similarly, 

L = �axiallaxial + �sagittallsagittal + �coronallcoronal
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to apply the LRP method to ResNets, care must be taken to 
account for skip connections, which are not in the original 
design or captum implementation. Therefore, we used code 
from Otsuki and colleagues (Otsuki et  al.  2024) which uses 
relevance splitting to apply LRP to the ResNet architecture 
(minimally adapted for compatibility with timm models). The 
LRP method was not applied to ViTs; however, we used atten-
tion rollout to generate model-specific explanations. Attention 
rollout iteratively multiplies the attention weights from all 
layers, effectively tracing how information is propagated from 
the input to model output. This provides explanations without 
requiring a separate post hoc mechanism. The saliency maps 
were thresholded based on their intensities to identify the 
most salient regions (top 10%) and reduce noise. We also ap-
plied a ReLU operation to focus on positive values and scaled 
each map by the maximum value so that the intensities ranged 
from 0 to 1.

2.4.1   |   Comparing Model Explanations

Our work seeks to understand whether brain-relevant features are 
being used by the model to inform predictions, identify potential 
learned biases and determine the utility of saliency-derived fea-
tures. First, we assessed the amount of saliency assigned to brain 
versus non-brain regions across the different XAI methods as an 
approximate measure of brain specificity and initial quality check. 
This involved computing the proportion of non-zero pixels that lie 
outside of the brain using the MNI152 brain mask.

To assess whether model explanations were specific to AD, we 
generated group-level saliency maps by averaging the outputs 
across methods for different subgroups (true positives + false 
positives = ‘AD’, true negatives + false negatives = ‘CN’). These 
tests aimed to shed light on the variability and specificity of XAI 
outputs across different techniques. However, it is important to 
note that a true evaluation of their utility is difficult due to the 
lack of individual level ground-truth references. Whilst group-
level saliency maps can be compared to known biologically rel-
evant ROIs, individual-level validation is more complex due to 
the heterogeneous atrophy patterns across the AD continuum, 
some of which can be captured by normative models (Verdi 
et al. 2023).

Additionally, a frequently reported limitation of XAI is its 
sensitivity to the underlying model despite the same input 
data. Some studies have quantified this sensitivity by random-
izing layer weights and observing the effect on XAI outputs 
(Hedström et  al.  2024; Adebayo et  al.  2018). Here, we com-
puted the Dice coefficient based on the most salient regions 
(top 10% intensity percentile) of the average ‘AD’ saliency map 
across the different models and methods. This provides an as-
sessment of the agreement of the most salient features across 
the different methods and architectures. The Dice coefficient 
is given by:

where |X | and |Y | correspond to binary maps and ∩ refers to their 
overlap.

2.4.2   |   Prognostic Value of Model Explanations

To assess the predictive prognostic value of the model expla-
nations we trained a Random Forest model to classify pMCI 
from sMCI, using mean saliency values from each participant. 
Firstly, we used our trained dementia classifier to obtain a ‘de-
mentia’ saliency map for each MCI participant. To reduce noise, 
we removed non-brain pixels using an MNI152 brain mask and 
applied ReLU and normalisation as before. The mean saliency 
was included as a feature alongside relevant clinical features 
(age, sex, education, APOE4 status, MMSE score) and option-
ally, the zero-shot model-predicted probability, pAD. For this 
analysis, we used 75% of MCI participants for training and the 
remaining 25% for testing. After removing participants with 
missing features, this gave a training sample of 164 and a test 
sample of 56 participants. Models were trained and tuned using 
the scikit-learn 5-fold grid-search cross-validation procedure. 
Hyperparameters and the search space used are provided in 
Supporting Information: Table A7.

We benchmarked the addition of saliency against two baseline 
models: one that used clinical and demographic features only 
and another with pAD as a feature. To capture the variability 
in the trained models, we report the average and standard de-
viation across 25 repeats for each input configuration (various 
random seeds). Furthermore, once the optimal combination of 
saliency features and probabilities was found, we applied SHAP 
using the captum (Kokhlikyan et al. 2020) library to identify the 
influence of each feature.

3   |   Results

3.1   |   Classification Performance

Overall, our models were able to classify between dementia 
patients and controls, or between pMCI and sMCI, though 
less accurately. Table 2 provides the test BACC, AUROC and 
AUPRC values on the held-out test set for diagnosis, and 
MCI participants for prognosis. Figure 3a,b demonstrate the 
receiver-operator curve (ROC) performance for the six ResNet 
and ViT models trained and tested on the NACC dataset, with 
AUC (area under curve) values shown in the legend for the 
diagnosis and prognosis tasks respectively. To summarise 
the 2D versus 3D classification accuracy, we report the dif-
ference between the 3D model and the single-slice model 
with the highest BACC. For dementia classification, a BACC 
of 78.7% was obtained using a mid-stack coronal ViT model 
compared to 83.4% with a fully 3D model. This difference be-
tween 2D and 3D models was even smaller (−3.6%) for MCI 
prognosis. Cross-validation results are provided in Supporting 
Information: Table A8, demonstrating the stability of the diag-
nostic performance across five folds.

3.1.1   |   Triplanar Fusion

To leverage information from orthogonal views of the medial 
slice, we compared three strategies: stacked, joint and late fu-
sion. Of the three methods, joint fusion led to the best AUPRC, 
most evident when the ResNet triplanar models were evaluated 

Dice = 2
∣ X ∣ ∩ ∣ Y ∣

|X | + ∣ Y ∣
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on prognosis. For this task, the joint model even exceeded the 
performance of the fully-3D architecture.

3.1.2   |   Cross-Cohort Generalisability

To assess the generalisability of these results we also evaluated 
the cross-cohort performance using data from ADNI (Table 3). 
The model achieved similar performance as in the NACC test 
set with optimal BACCs of 85.4% (difference +2.0%) and 67.3% 
(difference +2.1%) for diagnosis and prognosis, respectively.

3.2   |   Saliency Maps for Dementia Diagnosis

We applied eleven distinct explanation techniques to identify 
which regions the model used to inform its prediction. First, 
we explored this on a group level by producing average ‘AD’ 
saliency maps based on the model's true and false positive pre-
dictions, which were thresholded to visualise the most salient 
pixels (Figure  4). As a high-level verification, we assessed 
whether the models learned to focus on the brain, both visu-
ally and by computing the proportion of non-brain saliency 
(Supporting Information: Figure A4). This was confirmed as 
the most salient pixels fell predominantly within the brain 
mask. Across the methods, we observed high saliency in re-
gions such as the ventricles, hippocampus, corpus callosum 
and cingulate gyrus.

3.2.1   |   Do Explanations Vary Depending on Network 
Architecture?

To quantify consistency across model architectures, we com-
puted the pairwise dice overlap of the most salient regions for 
axial, coronal and sagittal models. The results shown in Figure 5 
suggest that backpropagation and LIME identified the most sim-
ilar patterns across the CNN and ViT coronal models with Dice 
coefficients of 0.64 and 0.67, respectively. In contrast, for models 
trained on sagittal slices, there was little to no overlap in the top 
10% salient pixels across architectures.

3.3   |   Saliency Maps for Prognosis Prediction

The results of using data from saliency maps for MCI to AD 
prognosis prediction are summarised in Figure 6 and Table 4. In 
Figure 6, we report the increase (mean and standard deviation) in 
AUPRC compared to a baseline where saliency is not included. For 
the clinical-demographic only analysis, the baseline AUPRC was 
62.8% and is the same across all models. For baseline with both 
clinical-demographic features and imaging-based probability in-
cluded, the difference is taken with respect to each model-specific 
baseline. SHAP analysis highlights the relative contribution of 
each feature and is computed for the optimal feature combina-
tion. In Table 4 we provide the performance metrics for Random 
Forest models trained using the optimal feature combinations and 
the two baseline models. GradCAM mean saliency from the axial 
ViT model improved the AUPRC by 6.6% compared to a clinical-
demographic baseline. Including both LIME mean saliency and 
predicted probabilities from the coronal ViT improved AUPRC by T
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a further 16.7%. SHAP analysis revealed that MMSE was the top 
feature, but saliency ranked highly in both cases.

4   |   Discussion

We explored the application of XAI to support dementia diagno-
sis and prognosis with neuroimaging. We show that pretrained 
ViTs and CNNs can be effectively finetuned for AD classification 
and predicting MCI conversion. Beyond performance, our find-
ings emphasise the value of XAI to validate model behaviour 
and inform downstream tasks.

4.1   |   CNNs, ViTs And the Accuracy-Explainability 
Trade-Off

Finetuned 2D models achieved comparable predictive perfor-
mance to a fully 3D model trained from scratch. This finding 
is pertinent to considerations around the deployment of AI in 
resource-constrained settings where access to high-resolution 
3D data may be limited (Martin, Biondo, et  al.  2023). Models 
also generalised well in held-out samples from NACC and 
ADNI, addressing criticisms of existing studies that do not 
evaluate model transfer to external cohorts (Martin, Townend, 
et al. 2023; Borchert et al. 2023; Yagis et al. 2021). Overall, 2D 
ResNet models slightly outperformed ViTs, which is likely due to 
the ViTs' lack of intrinsic inductive biases and their reliance on 
patch-based attention for feature extraction (Raghu et al. 2021). 
However, this raises questions about the trade-off between ac-
curacy and interpretability, as ViTs' lack of convolutional filters 
may make them more transparent.

To mitigate the limitations of single slices, we introduced 
three strategies for fusing information from orthogonal views. 
Interestingly, jointly finetuning three ResNet networks allowed 
us to match the performance of a fully 3D network trained from 
scratch (+0.1% AUPRC, +2.2% AUROC, −2.75% BACC), suggest-
ing considerable redundancy across the 3D image volume. Our 
approach aligns with other attempts to leverage ViTs in small 
datasets such as Alp and colleagues (Alp et al. 2024) who com-
bined an ensemble and a recurrent network to capture inter-slice 
dependencies across 50 slices in each plane, achieving accuracies 
up to 99% on ADNI test data. However, applying fusion strategies 
can limit explainability, which may be crucial for clinical contexts. 
Additionally, the difference in performance between the 2D mod-
els and 3D model may also be linked to their resolution disparity, 
for which the 3D model was trained on 96 × 96 × 96 mm volume 
in contrast to 224 × 224 mm slices. Whilst the primary aim of this 
study was not to optimise performance, but rather to train mod-
els capable of generating meaningful explanations, these results 
highlight the potential in exploring the compatibility between XAI 
methods and fusion-based approaches.

4.2   |   Explainable Artificial Intelligence as a 
Quality Check

At a high level, model explanations can serve as an initial 
quality check, to verify whether models focus on relevant re-
gions or exhibit evidence of bias. Notably, to minimize pre-
processing we chose not to apply skull stripping, resulting 
in non-zero non-brain MRI intensities which could have in-
troduced a source of bias as observed in related work (Guo 
et al. 2024). However, the saliency maps in Figure 4 confirmed 

FIGURE 3    |    (A) Receiver-operator curves for single-slice ResNet and vision transformer models trained and tested on NACC data for dementia 
classification (AD versus CN). Colours correspond to the different slice views—sky-blue: Axial, pink: Coronal, red: Sagittal. (B) Receiver-operator 
curves for single-slice ResNet and vision transformer models tested on MCI prognosis (sMCI versus pMCI). Colours correspond to the different slice 
views: Blue-green = axial, orange = coronal, yellow = sagittal.
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that the most salient regions lie within the brain. Exceptions 
were the average GradCAM saliency map, where saliency out-
side the brain likely reflected artifacts from upsampling or the 
choice of convolutional layer, and also in some LIME and oc-
clusion saliency maps, which are prone to noise due to their 
iterative mechanisms (Kindermans et al. 2019). Across most 
XAI methods we found that models converged upon brain re-
gions known to be relevant to AD such as the hippocampus, 
cingulate gyrus and ventricular areas. This indicates that in 
the absence of preprocessing, models were able to disregard 
background intensities and supports strategies in favour of en-
couraging robustness through data augmentation over strict 
harmonisation.

4.3   |   Comparing Explanations Across Models 
and Methods

Upon visual inspection, gradient-based techniques such as 
guided backpropagation, (gradient) SHAP, InputXGradient 
and Integrated Gradients identified similar patterns for ViT 
and ResNet models. In line with the comparative framework, 
this likely reflects that these XAI approaches all rely on 
learned model weights and differ mainly in their incorpora-
tion of the input. Additionally, the convergence of their maps 
adds validity to the identified most salient regions. In contrast, 
perturbation-based methods such as LIME and occlusion pro-
duced coarser features but with distinguishable differences 
on an anatomical, region-level. However, it is important to 
consider that perturbation methods are inherently linked 
to the raw output and are therefore more likely to be sensi-
tive to differences between models (Supporting Information: 
Figure A3).

To take this further, the results in Figure  5 aim to quantify 
the agreement of the most salient regions between CNNs 
and ViTs. LIME, a model-agnostic XAI technique, produced 
the most similar explanations for the coronal CNN and ViT 
models, whilst GradCAM saliency maps generally showed 
little overlap. In the context of the framework depicted in 
Figure 1, the convergence of LIME-based salient regions helps 
to strengthen the validity of hippocampal features shown in 
coronal slices. However, this was not consistent across all XAI 
methods, highlighting the variability of explanations in prac-
tice, particularly for medical imaging data where the discrim-
inative features are often more subtle than in natural images. 
In some cases, the discrepancy may reveal fundamental dif-
ferences between the two model architectures. For example, 
GradCAM is a method originally designed for CNNs and de-
spite the use of a model-agnostic CAM implementation, this 
may still affect their suitability for ViTs (Selvaraju et al. 2016). 
This may explain the lack of overlap in GradCAM explana-
tions produced for the ResNets and ViTs. However, these dif-
ferences may also be indicative of feature redundancy, where 
different patterns and feature combinations can yield the 
same prediction. In the context of dementia, where pathology 
is widespread and neuroanatomical regions are highly cor-
related, models may choose to focus on unique sets of features, 
leading to different explanations despite similar performance 
results. These effects prompt a nuanced view of the scope of 
XAI and strengthen the argument for employing multiple T
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FIGURE 4    |     Legend on next page.
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methods to obtain a more comprehensive understanding of 
model decisions.

4.4   |   Saliency Maps Enhanced MCI Prognosis

A Random Forest model trained with mean saliency as an addi-
tional feature has considerably improved accuracy for progno-
sis prediction compared to the imaging only models (Figure  6, 
Table 4). Including mean saliency generally led to an increase in 
the test AUPRC, especially compared to a model trained only on 
clinical and demographic features. However, the extent of this 
improvement varied across XAI methods, which highlights the 
importance of understanding the assumptions of XAI methods to 
interpret their outputs accurately (Martin, Townend, et al. 2023). 
Additionally, in some cases, including mean saliency hindered 
performance, potentially due to polarizing feature influences or 
poor-quality saliency maps. Despite this, our results illustrate how 
XAI outputs can provide additional information for a downstream 
classification task beyond traditional clinical markers.

4.5   |   Study Limitations and Future Directions

One limitation of our study is the restriction to 2D models which 
are often suboptimal compared to 3D approaches. Despite this, 

the high computational cost of training 3D models and apply-
ing certain XAI techniques emphasises the significance of 
achieving competitive performance with single (or few) slices. 
Importantly, we re-emphasise that optimising performance was 
not the current focus and that further tuning model hyperpa-
rameters may alter our results.

A recent study reported superior performance of ViTs over 
ResNets for dementia classification using 2D MRI slices and 
incorporating a convolutional patch embedding step (Lyu 
et al. 2022). This contrasts with our results; however, we note 
that conducting a fair head-to-head comparison of these ar-
chitectures is not trivial despite our efforts to keep design 
choices such as training data size and strategies consistent 
(Bai et  al.  2021). Also, whilst ViT-CNN hybrid approaches 
have been shown to improve ViT performance in several stud-
ies (Lyu et al. 2022; Khatri and Kwon 2024; Zhao et al. 2023; 
Li et al. 2022), this was not explored here so as to maintain the 
distinction between a convolution-free (ViT) and convolution-
based (ResNet) model and thus retain the advantage of ViTs' 
inherent explainability. Nonetheless, future work could ex-
plore extensions to the ViT that are still convolution-free, such 
as the Swin transformer (Liu et al. 2021), which may balance 
performance and interpretability. We also found that models 
trained on coronal slices performed best, which is likely due 
to the prominence of the hippocampi in this plane. As such, 

FIGURE 4    |    Top 10% of salient pixels for saliency maps generated by eleven XAI methods (averaged over positive ‘AD’ model predictions (TP + FP) 
with the corresponding number of participants, ñAD, in brackets). -A = axial (yellow); AR = attention rollout; BP = backpropagation; -C = coronal 
(green); CAM = class activation mapping; IG = integrated gradients; InputXGrad = InputxGradient; LIME = local interpretable model explanations; 
LRP = layer wise relevance propagation; -S = sagittal (blue); SHAP = Shapley additive explanations; ViT = vision transformer. * Denotes methods that 
were not implementable for both architectures.

FIGURE 5    |    Dice coefficient between binarized saliency maps using the top 10% salient pixels/region in the average ‘AD’ saliency map across nine 
XAI methods (only methods applicable to both architectures were included). Dice coefficients are given for models trained on three different MRI 
views: Axial = light blue, sagittal = violet, coronal = purple. BP = backpropagation; GC = GradCAM; LIME = local interpretable model explanations; 
IG = integrated gradients; InputXGrad = InputxGradient; SHAP = Shapley values.
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FIGURE 6    |     Legend on next page.



14 of 18 Human Brain Mapping, 2026

our approach could be extended by targeting specific slice 
locations to increase the discriminative ability without re-
quiring the entire 3D volume. The limited availability of pre-
trained ViT models also restricted us to those pretrained on 
natural images. In the advent of foundation models and open, 
medical imaging datasets, further work could investigate the 
use of neuroimaging-based pretraining tasks such as brain-
age prediction (Kunanbayev et al. 2024) or sex classification 
(Dhinagar et al. 2023).

Uncertainty introduces another challenge, as potential misdi-
agnoses and delays between imaging and clinical assessment 
may impact the reliability of assigned labels. In the NACC sam-
ple, labels were assigned based on clinical assessments within 
6 months of the baseline scan; however, ADNI visits are more 
routinely collected, potentially explaining the increase in per-
formance in external test data. For MCI participants, we used a 
window of 3 to 4 years for conversion to align closely with ADNI. 
However, ADNI MCI participants had a higher MMSE com-
pared to NACC on average, indicating a healthier cohort that 
may be harder to classify. This could explain the lower zero-shot 
prognostic recall in ADNI (highest value of 45%) compared to 
NACC (highest value of 73%).

Our comparison of the XAI outputs remains largely qualitative 
due to the absence of a ground truth. In Figure 5, we used the 
Dice coefficient to quantify the agreement between explanations 
produced for CNNs and ViTs; however, this metric does not al-
ways provide an accurate measure of agreement, particularly 
when used on smaller structures as reported in existing work 
(Guo et al. 2024; Reinke et al. 2021 ). Existing XAI validation 
studies have also compared salient regions against ROIs derived 
from meta-analyses (Wang et al. 2023; Leonardsen et al. 2024 ), 
or simulated data (Guo et al. 2024). Whilst these approaches can 
be useful for assessing group-level saliency maps or explaining 
global model behaviour, there remains a need to design strate-
gies to validate explanations at the individual level. Additionally, 
whilst quantitative analyses provide a systematic way to evalu-
ate the robustness and content of model explanations, this is not 
sufficient for capturing their practical utility and impact. Our 
analysis of the use of mean saliency for MCI prognosis aimed to 
highlight whether useful information can be gained from model 
explanations; however, to understand the impact of model ex-
planations on trust and clinical decision-making, further studies 
focusing on usability and human-computer interaction will be 
required.

In this study, the AD and CN group within NACC were not 
matched for age or sex before training (statistically significantly 
different, p < 0.05). Therefore, when interpreting the outputs of 
XAI methods, it is important to consider that the salient regions 
may reflect non-pathological patterns that influence the model's 
prediction. For example, ventricular and white matter regions 
were highlighted in Figure 4, which have been associated with 
structural brain differences across age and sex in prior research 
(Gur et al. 1999; Fjell and Walhovd 2010). However, these charac-
teristics are also known correlates of dementia (Gao et al. 1998), 
such that even within an age- and sex-matched training cohort, 
these relevant regions would likely appear. Nonetheless, the in-
terplay between correlated features, disease-specific and other-
wise, further emphasises the importance of context and domain 
knowledge when reviewing model explanations.

From a technical perspective, XAI parameter and processing 
choices also affect the interpretation of model explanations. For 
example, the occlusion value is an important parameter, and 
while we used a default value of 0, this value can carry infor-
mation in the context of MRI. Similarly, our modified LRP im-
plementation for ResNets relied on predefined rules for specific 
layers, which were chosen to align with the original implemen-
tation (Bach et  al.  2015). Exploring alternative configurations 
may yield different insights and warrants further investigation. 
Moreover, in our study we applied thresholding, ReLU and in-
tensity scaling to post-process the saliency maps. These steps 
are commonly used to mitigate noise and focus on the most 

FIGURE 6    |    Difference in the area under precision-recall curve (AUPRC) across models where mean saliency is included in a Random Forest clas-
sifier trained and tested on MCI prognosis. We repeated this using 25 random seeds and plot the mean (points) and standard deviation (error bars). ★ 
denotes the model that yielded the best AUPRC value. SHAP summary plots indicate the contribution of each feature, shown for the optimal model. 
(A) The difference is between a model trained on clinical and demographic features only. (B) The (relative) difference is between a model trained 
on clinical-demographic features and corresponding image-based probabilities, pAD. AR = attention rollout; BP = backpropagation; GC = GradCAM; 
IG = integrated gradients; InputXGrad = InputxGradient; LIME = local interpretable model explanations; LRP = layer wise relevance propagation; 
SHAP = (Shap)ley values; ViT = vision transformer.

TABLE 4    |    Random Forest held-out test performance for MCI 
prognosis. Models were trained using clinical and demographic features, 
with the addition of mean saliency and the imaging-based probability, 
pAD. We report the mean and standard deviation of performance metrics 
obtained after 25 repeats.

Prognosis (sMCI (n = 25) 
vs. pMCI (n = 31))

BACC AUROC AUPRC

Clinical-demo 59.2 ± 0.03 60.3 ± 0.01 62.8 ± 0.03

Clinical-demo + 
saliencya

62.9 ± 0.02 64.4 ± 0.02 69.4 ± 0.03

Clinical-demo + 
pAD

b
75.5 ± 0.03 78.5 ± 0.02 84.4 ± 0.02

Clinical-demo + 
pAD + saliencyc

76.6 ± 0.02 79.5 ± 0.02 86.1 ± 0.02

Abbreviations: AUPRC = area-under-the-precision-recall-curve; 
AUROC = area-under-the-receiver-operator-curve; BACC = balanced accuracy; 
Demo = demographics; pAD = imaging-based predicted probability of dementia.
aMean guided GradCAM saliency based on the axial ViT model (corresponds to 
★ in Figure 6A).
bpAD based on the coronal ViT model (baseline value with respect to ★ in 
Figure 6B).
cMean LIME saliency and pAD based on the coronal ViT model (corresponds to 
★ in Figure 6B).
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important regions in XAI research but can impact subsequent 
quantitative analysis and interpretation. For example, by ap-
plying ReLU, we ignored negative saliency values which can be 
produced by methods such as LRP. However, as this behaviour is 
not shared by all XAI methods we chose to focus on positive con-
tributions only. Similarly, data preprocessing choices are also 
important to consider when analysing model explanations. We 
chose not to apply skull stripping to the MRI scans. Whilst mod-
els were able to focus on relevant brain regions as highlighted in 
Section 4.2, this decision influences the analysis of the propor-
tion of non-brain saliency, as some methods like InputXGrad are 
intrinsically tied to the value of each pixel in the input image. 
Skull stripping ensures that all non-brain voxels are nullified 
and as such would have had a direct impact on these results. 
Future research would benefit from systematically exploring the 
impact of image processing on model explanations and investi-
gating these effects further.

4.6   |   Implications for Clinical Translation

This study serves as a starting point for understanding the 
applicability of XAI to dementia prediction tools. We sug-
gest that due to the high variability of XAI outputs, future 
work should consider multiple methods to identify converg-
ing patterns and detect potential biases. We also emphasize 
that the performance advantages of CNNs should be weighed 
against the potential transparency of more interpretable mod-
els such as ViTs, particularly in clinical applications. Whilst 
we found that models converged on the most salient regions 
after thresholding, the granularity of salient regions varied 
markedly across methods. These differences may become 
significant depending on the task and intended use of model 
explanations (Chen et  al.  2022). For example, occlusion and 
LIME outputs were more brain-like in size and shape, which 
may be more useful for visually confirming known regions of 
interest. In contrast, techniques such as Integrated Gradients 
can highlight pixel-level saliency and may be better suited to 
applications where local accuracy is important such as (re-
gional) segmentation or voxel-based analyses.

5   |   Conclusion

This work presents a comprehensive application of current 
XAI approaches to two popular deep learning architectures 
for dementia prediction. We demonstrate that transfer learn-
ing can be used to leverage pretrained models, exploring strat-
egies for fusing information across multiple views. Despite 
their limitations, XAI methods provide useful information, 
serving as a tool to understand what information the model 
is focusing on with potential to derive new features. We also 
propose a framework for comparing explanations across XAI 
techniques and models to reveal both contrasting and con-
verging evidence of salient features. Model explanations may 
also contain diagnostically useful information as explored 
through the addition of a saliency-derived feature for predict-
ing future dementia diagnoses. These findings open the door 
for further work in designing quantitative, context-specific 
validation frameworks and assessing the clinical utility of 
model explanations.
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