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Explainable Artificial Intelligence (XAI) is crucial in healthcare
as it helps make intricate machine learning models understand-
able and clear, especially when working with diverse medical
data, enhancing trust, improving diagnostic accuracy, and fa-
cilitating better patient outcomes. This paper thoroughly ex-
amines the most advanced XAI techniques used in multimodal
medical datasets. These strategies include perturbation-based
methods, concept-based explanations, and example-based ex-
planations. The value of perturbation-based approaches such
as LIME and SHAP in explaining model predictions in medi-
cal diagnostics is explored. The paper discusses using concept-
based explanations to connect machine learning results with
concepts humans can understand. This helps to improve the
interpretability of models that handle different types of data,
including electronic health records (EHRs), behavioural, omics,
sensors, and imaging data. Example-based strategies, such
as prototypes and counterfactual explanations, are emphasised
for offering intuitive and accessible explanations for healthcare
judgments. The paper also explores the difficulties encountered
in this field, which include managing data with high dimensions,
balancing the tradeoff between accuracy and interpretability,
and dealing with limited data by generating synthetic data. Rec-
ommendations in future studies focus on improving the practi-
cality and dependability of XAI in clinical settings.
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1 Introduction
The use of Artificial Intelligence (AI) in healthcare has had
a significant impact on medical diagnosis, prognostics, and
therapy planning. It transforms patient care by facilitating
early disease detection, creating customised treatment strate-
gies, optimising resource allocation, and reducing healthcare
costs. The complex and diverse nature of medical data, in-
cluding imaging (such as MRI and CT scans), genetics, elec-
tronic health records (EHRs), and sensor data, offers signif-
icant opportunities for AI models to extract valuable infor-
mation [1]. While AI models can potentially improve clini-
cal decision-making, they often function as opaque systems,
hiding the reasoning behind their predictions [2]. Lack of
transparency poses a significant obstacle to the acceptance
and dependence of AI systems in medicine, where decisions
can have substantial consequences for patient care [3].
In 2016, the Defense Advanced Research Projects Agency
(DARPA) launched the Explainable Artificial Intelligence
(XAI) program in response to these challenges1. As a result,

1https://www.darpa.mil/

XAI has focused on using visualisation tools to simplify the
decision-making processes of complex AI models that man-
age multimodal medical data. Visualisation techniques are
crucial in the healthcare sector for Explainable Artificial In-
telligence (XAI) since they enable healthcare practitioners to
interpret and clarify the decision-making process of AI mod-
els, providing a more profound understanding of their under-
lying mechanisms.
Visualisation methods are crucial since they enable medical
practitioners to comprehend and evaluate AI’s judgements.
These methods help to navigate the complexities of mul-
timodal medical data which spans several forms including
imaging (e.g., MRI, PET, and CT scans), genetic sequences,
and structured datasets. Widely accepted for their ability to
identify important features in models that examine medical
images are methods including Layer-wise Relevance Propa-
gation (LRP) [4], Gradient-weighted Class Activation Map-
ping (Grad-CAM) [5], and SHapley Additive exPlanations
(SHAP) [6]. Conversely, in exploring the link between fea-
tures and predictions in structured data models, methods like
Partial Dependence Plots (PDP) [7] and Individual Condi-
tional Expectation (ICE) plots [8] are very effective. Utilis-
ing the XAI-based visualisation techniques equips medical
professionals to understand artificial intelligence decision-
making and build trust in its findings. The transparency of AI
recommendations is essential for accuracy and accountabil-
ity, ensuring that the reasoning behind these ideas is precise
and reliable [3]. By employing sophisticated visualisation
tools, medical professionals can enhance their understanding
of AI applications and improve the effectiveness of AI and
patient care outcomes.
The study of artificial intelligence (AI) in healthcare involves
analysing several types of data, such as imaging data, elec-
tronic health records, behavioural data, omics, and sensor
data [9–13]. Many machine learning (especially ones based
on deep learning) models in this field offer limited insight
into their decision-making mechanisms [14] driving the in-
creasing need for interpretable AI. Deep learning models are
now making more efforts to clarify their decision-making
process to healthcare professionals by utilising explainable
AI (XAI) methodologies [15, 16]. Jin et al. [17] have con-
tributed to understanding how deep learning is applied in
clinical decision support systems. In addition, Joshi et al.
[18] have thoroughly examined multimodal deep neural net-
works in several fields. The advancements above highlight
the need for a methodical examination of XAI in medicine.
Contribution XAI has been surveyed and reviewed from
multiple aspects of the medical domain [19, 20], such as
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medical image classification [21], visual analytics [22], inter-
pretability in medical imaging [23], trustworthy AI in health-
care [1], IoMT [24], and evaluating XAI [25]. We relate
this work to multimodal medical data [26, 27] and visuali-
sation [28, 29]. This work presents the tools, frameworks,
and challenges for data visualisation-based explainability in
multimodal medical data. The review in this paper has been
compared with existing surveys in Table 1.
This paper contributes to the existing literature in the follow-
ing ways -

• A comprehensive review of recent literature on XAI-
based visualisation over multimodal aspects of medical
data.

• A detailed discussion on existing frameworks for XAI
over multimodal medical data.

• An exhaustive list of open and restricted multimodal
medical datasets used in the XAI literature.

• Discussion on current challenges in XAI data visuali-
sation and future scope.

Significance In modern times, Responsible AI principles em-
phasise the necessity for transparency, accountability, and
trust, especially in critical areas such as healthcare [31].
Our emphasis on XAI-based data visualisation corresponds
to these ethical and clinical requirements. This multimodal
medical data management guide builds on existing research
to identify the best explainable approaches for specific case
studies. This research integrates Explainable AI (XAI) ap-
proaches with multimodal medical data to improve AI mod-
els’ transparency, interpretability, and clinical usefulness.
This study discusses crucial methods for enhancing clinical
decision support systems.
These XAI methods will improve patient outcomes by en-
abling earlier and more accurate diagnoses. Integrating EHRs
with omics and sensor data offers an integrated view on pa-
tient health, enabling doctors to recognise patterns that may
otherwise remain undetected [32]. This study shows that XAI
could overcome the knowledge gap between AI developers
and doctors beyond clinical applications. This research dis-
cusses the AI models that help interpret medical decisions
in multimodal settings. This enables collaboration and trust
across different groups, leading to more robust and broadly
accepted healthcare AI solutions. Standardised datasets and
frameworks improve study uniformity and reproducibility,
advancing the field. In addition to its technological contribu-
tions, this research could change healthcare practices by mak-
ing AI-driven insights more accessible and useful for medical
practitioners globally.

A Problem statement
Applying Explainable AI (XAI) to multimodal medical data
poses difficulties in guaranteeing the transparency and inter-
pretability of AI models. Multimodal medical data refers to
the information derived from various sources, such as elec-
tronic health records (EHRs), behavioural data, omics data,

sensor data (including wearable devices and IoT systems),
and medical imaging. Every data source offers distinct and
significant information essential for precise diagnosis and
treatment.
This study outlines a mathematical framework that addresses
the challenges of integrating varying subsets of modalities
and ensuring explainability in the predictions. Through this
formulation, any combination of at least two modalities qual-
ifies as multimodal data, allowing flexible integration and ex-
planation of the model’s outputs. We define the set of all
possible modalities in Equation 1.

M = {E,B,O,S,I} (1)

where E represents electronic health records (EHR), B de-
notes behavioural data, O denotes the Omics data, S as
Sensor-based data, and I the Image-based data. Each pa-
tient/sample may have only a subset of these modalities avail-
able. We consider a dataset D consisting of N samples.

D =
{

(xi,yi)
}N

i=1 (2)

where xi represents the multimodal input for the i-th sample,
and yi denotes the corresponding target label such as if the
disease is present or not. For each sample i, the set of avail-
able modalities is denoted by Mi ⊆ M. If |Mi| ≥ 2, the
sample qualifies as multimodal. The input vector for sample
i is given by Equation 3.

xi =
(
xE

i ,xB
i ,xO

i ,xS
i ,xI

i

)
(3)

where:

xm
i =

{
Feature vector for modality m, if m ∈ Mi,

∅, if m /∈ Mi.

This construction allows flexibility in handling missing
modalities while maintaining compatibility with the multi-
modal framework.
We define a predictive model f that maps the multimodal
input xi to the target output ŷi.

ŷi = f(xi;θ) (4)

where θ denotes the set of trainable parameters. Depend-
ing on the architecture, the model can perform early fusion
(concatenating raw features), intermediate fusion (merging
modality-specific representations mid-network), or late fu-
sion (aggregating predictions from individual modalities).
To ensure interpretability, we introduce an explainability
function g, which explains ei for the prediction ŷi.

ei = g(xi;θ) (5)

By converting the internal model reasoning into a form un-
derstandable to doctors, the explainability function g empha-
sises how various modalities or features affect the outcome.
By methodically assessing the contributions of characteris-
tics and modalities inside the predictive model, one ensures
openness and relevance to clinical workflows.
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B Review method

Table 1. Comparison with Existing Surveys

Year Author Medical
Domain Multimodality Explainability XAI Tools Multimodal

Datasets
Multimodal
Challenges

2018 Hohman et al. [28] ✓ ✓
2020 Tjoa and Guan [19] ✓ ✓ ✓
2021 Joshi et al. [18] ✓ ✓ ✓ ✓
2022 Alicioglu et al. [30] ✓ ✓
2022 Yang et al. [26] ✓ ✓ ✓ ✓ ✓
2023 Patricio et al. [21] ✓ ✓ ✓
2023 Rosa et al. [22] ✓ ✓
2023 Champendal et al. [23] ✓ ✓ ✓
2023 Nauta et al. [25] ✓ ✓
2024 Hassija et al. [14] ✓ ✓ ✓
2024 Gupta and Seeja [20] ✓ ✓ ✓
2024 Wani et al. [24] ✓ ✓ ✓ ✓ ✓
2024 This Paper ✓ ✓ ✓ ✓ ✓ ✓

The function g operates at feature level as well as modality
level. g identifies the importance of specific features within a
modality, providing insights into the key variables influenc-
ing the prediction. For instance, in the case of EHR data, it
may highlight critical lab values or diagnoses. Also, g as-
sesses the relative importance of entire modalities, offering
a holistic view of which data types (e.g., imaging, omics,
or behavioural data) had the most significant impact on the
model’s decision. This is particularly valuable in multimodal
settings, where clinicians need to understand the role of each
data source.

The output ei can take four forms depending on the modality
and clinical requirements. The first type is visual explana-
tions, such as saliency maps for image-based modalities to
localize regions of diagnostic importance. The next is the
quantitative scores, where feature importance or Shapley val-
ues for tabular data rank variables based on their contribu-
tion. The third type is temporal explanations, where we have
attention scores or temporal heatmaps for time-series data, re-
vealing critical time points or trends. The fourth is the coun-
terfactual scenario, where we hypothetically illustrate how
small input changes could alter predictions, aiding clinical
decision-making.

g can include domain-specific knowledge to improve in-
terpretability even more by matching explanations with ac-
cepted clinical guidelines and hence providing actionable in-
sights. For omics data, g might link feature contributions
to biological processes, offering fundamental knowledge of
the predictions. All things considered, the explainability fea-
ture (g) not only decodes the inner workings of the predic-
tive model but also closes the gap between sophisticated AI
outputs and clinician-friendly interpretations, so guarantee-
ing transparent, practical, and in line with real-world medical
decision-making predictions of the model.

This concept recognises the importance of interpretability in
AI-powered medical diagnostics, ensuring that the predic-
tions made by the model are precise and can be efficiently
conveyed to clinicians to facilitate well-informed decision-
making. Figure 1 represents the basic idea of what explain-
ability can offer in the multimodal medical setting.

B Review method
This study reviews and analyses the groundbreaking research
in XAI-based data visualisation in multimodal medical data.
To conduct this systematic review, we first lay down the bib-
liography search strategy in which specific search engines
were used to find the relevant publications listed. It is es-
sential to filter out the publications using specific keywords
based on the date of the bibliographic search. Once the pa-
pers were collected from the search engines, the most impor-
tant studies were chosen according to the criteria for inclu-
sion and exclusion.
To establish a search strategy that is both replicable and clear,
it was essential to define the following elements: (1) The spe-
cific search engines that will be utilised to conduct the scien-
tific database search; (2) the limitations imposed to narrow
down the results; and (3) the criteria for including or exclud-
ing publications to focus solely on the most important ones.
Search engines The search engines used in the current re-
view are Engineering Village2, Scopus3, Web of Science4,
PubMed5, and Google Scholar6. These research engines of-
fer a comprehensive coverage of scientific publications. Fur-
thermore, we have included additional publications in the ref-
erence lists of the main articles reviewed as worthy candi-
dates for this review.
Search limits A preliminary analysis in state of the art in the
field of XAI in multimodal medical data enabled the identi-
fication of the relevant search terms and keywords covering
multi-aspects of the topic, such as interpretability, attention
visualisation, feature attribution, saliency methods, model
agnostic and model specific, and sensitivity of the medical
data involved.
The identified fundamental keywords have been further de-
veloped and expanded to include a broader range of topics
in multimodal medical data and explainable artificial intel-
ligence (XAI). The search terms were systematically cate-
gorised for precise searches across several document fields,
including the title, abstract, keywords, and topic fields.
The search method was established using logical operators

2https://www.engineeringvillage.com/home.url
3https://www.scopus.com/
4https://apps.webofknowledge.com/
5https://pubmed.ncbi.nlm.nih.gov/
6https://scholar.google.com/
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Fig. 1. Overview of multimodal ML and XAI pipeline. Adapted from [33]. This image is licensed under CC BY 4.0.

and specific phrases about Explainable Artificial Intelligence
(XAI) in multimodal medical contexts. The primary focus
of the search was on strategies related to explainability. The
search query was constructed as follows: (XAI OR "explain-
able AI" OR "explainable artificial intelligence") AND "mul-
timodal" AND (medic* OR healthcare) AND ("attention vi-
sualization" OR "feature attribution" OR "saliency methods"
OR "model agnostic" OR "model specific" OR "in-model"
OR "post-hoc"). Figure 2 shows the count of publications
over the years 2016 to 2024 using the above query.
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Fig. 2. Overview of XAI publications retrieved from Google Scholar.

We limited our search to publications starting from 1st Jan-
uary 2016 to 31st December 2024 (date of the bibliographic
search). The search was restricted to peer-reviewed con-
ferences and journal articles written exclusively in English.
These papers offer a comprehensive perspective on estab-
lished and verified methodology and expertise.
Once the papers were collected from the search engines, the
most important studies were chosen by the criteria for inclu-
sion and exclusion.
Inclusion criteria The publications considered in this sys-
tematic review satisfied the criterion of utilising multimodal
medical data for XAI. Furthermore, they satisfied at least one

of the subsequent criteria:

• They employ a strategy or technique to visualise the
model using multimodal medical data.

• They evaluate and contrast different techniques or
methodologies for explainability in a multimodal set-
ting.

Exclusion criteria To reject all possible irrelevant publica-
tions retrieved, additional exclusion criteria were added to
those implicitly defined by the search strategy and inclusion
criteria. Hence, the publications that were excluded from this
systematic review fulfilled at least one of the following con-
ditions:

• The publication does not deal with medical XAI.

• Multimodal data types have not been considered.

• The publication is a short version of another retrieved
publication.

• The publication has not been peer-reviewed.

• The publication is not written in English.

• The publication has worked on audio/video data.

C Taxonomy
The rest of the paper are structured into the following sec-
tions (Figure 3). Section 2 covers the background about mul-
timodal medical data and XAI methods. In Section 3, differ-
ent approaches to modelling and visualisation have been dis-
cussed. Section 4 explores different multimodal frameworks
in XAI data visualisation. The current practices, challenges,
and future directions in the XAI data visualisation are pre-
sented in Section 5 and finally, the conclusion in Section 6.
Table 2 presents the abbreviations and their full forms used
throughout the presented literature.
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C Taxonomy

Table 2. Abbreviations and their full forms used in the literature

Abbreviation Full form Abbreviation Full form
AD Alzheimer’s Disease HMI Human machine interfaces
ADNI Alzheimer’s Disease Neuroimaging Initiative IGN Image Guided Neurosurgery
AI Artificial Intelligence LAVA granuLAr neuron-leVel explAiner
AL-BERT A Lite BERT LEAR Learn Explain And Reinforce
ALE Accumulated Local Effects LIME Local Interpretable Model-agnostic Explanations
AOPC Area over the MoRF perturbation curve LORE Local Rule-based Explanations
AP Activation Precision LPS Linguistic protoform summaries
AutoXAI4Omics Automated Explainable AI for Omics LRP Layer-wise Relevance Propagation
BERT Bidirectional Encoder Representations from Trans-

formers
MACO Magnitude Constrained Optimization

BERTweet Pretrained language model for English Tweets MAIN Multimodal Attention-based fusion Networks
BLEU Bilingual Evaluation Understudy METEOR Metric for Evaluation of Translation with Explicit Or-

dering
BoCSoR Boundary Crossing Solo Ratio ML Machine Learning
CAM Class Activation Mapping MoRF Most Relevant First
CART Classification and Regression Tree mpMRI multi-parametric Magnetic Resonance Imaging
CBR Case Based Reasoning MProtoNet Multimodal Prototype Network
CDSS Clinical Decision Support Systems MRI Magnetic Resonance Imaging
CEM Contrastive Explanation Method MSFI Modality-Specific Feature Importance
CF-
GNNExplorer

Counterfactual Graph Neural Network Explorer mRNA messenger RiboNucleic Acid

CIDEr Context Informed Dictionary and sEmantic Reasoner MUFASA MUltimodal Fusion Architecture SeArch
CLARUS interaCtive ExpLainable plAtform for gRaph neUral

networkS
NAS Neural Architecture Search

CLIP Contrastive Language-Image Pre-training NLP Natural Language Processing
CNN Convolutional Neural Network NN-CBR Neural Network output explanation using Case Based

Reasoning
COPD Chronic Obstructive Pulmonary Disease PDP Partial Dependence Plot
COVID-19 Coronavirus Disease 2019 PET Positron Emission Tomography
CRAFT Concept Recursive Activation Factorization POMPOM Percentage of Meaning Pixels Outside the Mask
CT Computed Tomography ProtoP-Faith Prototypical Part Faithful Explanation
C-XAI Calibrated XAI ProtoPNet Prototypical Part Network
DARPA Defense Advanced Research Projects Agency PSGIF Probabilistic Solution Generator through Information

Fusion
DEEL Dependable, Explainable & Embeddable Learning Rad4XCNN Radiomics based explanation of CNN derived fea-

tures
DeepLIFT Deep Learning Important FeaTures ReLU Rectified Linear Unit
DeepSHAP Deep SHapley Additive exPlanations RNN Recurrent Neural Network
DiCE Diverse Counterfactual Explanations ROAR RemOve And Retain
DL Deep Learning ROUGE-L Recall-Oriented Understudy for Gisting Evaluation

over Longest match
EBM Explainable Boosting Machine RSA Representational Similarity Analysis
ECG Electrocardiogram SCARF Self-supervised Contrastive leArning using Random

Feature corruption
EEG Electroencephalogram SCGAN Sparse Counter Generative Adversarial Network
EHR Electronic Health Record SCouT Synthetic Counterfactuals via Spatiotemporal Trans-

formers
ExAID Explainable Human-AI Decision-making SHAP SHapley Additive exPlanations
EMG Electromyography SimCLR Simple Contrastive Learning of visual Representa-

tions
EXMOS Explanatory Model Steering TF-IDF Term Frequency Inverse Document Frequency
ExPeRT Explainable Prototype for Regression Tasks t-SNE t-distributed Stochastic Neighbor Embedding
FACE Feasible and Actionable Counterfactual Explanations TreeSHAP Tree SHapley Additive exPlanations
fMRI functional MRI UMAP Unified Manifold Approximation and Projection
GAM Generalised Additive Model VLM Vision Language Model
GAN Generative Adversarial Network WES Whole-exome sequencing
GCN Graph Convolutional Networks WGS Whole-genome sequencing
GINI Gini index or Gini ratio or Gini coefficient XAI Explainable Artificial Intelligence
GLM Generalised Linear Model XGBoost eXtreme Gradient Boosting
Grad-CAM Gradient-weighted Class Activation Map
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XAI Visualisation
in Multimodal
Medical Data

Background
(Sec. 2)

Approaches
(Sec. 3)

Frameworks
(Sec. 4)

Multimodal Medical Data

XAI Methods

Model Approach

Visual Approaches

Hybrid Approaches

Visualisation
Techniques tailored to

Modalities

Workflows for
Collaborative Analysis

Feedback-based
Explanation Refinement

Evaluation of Multimodal
Explanations

Scope
Stage

Explanation Types

Model Agnostic
Model Specific

Data Types
Synchronisation

Strategies

Opaqueness

Attribution Based
Example Based
Interactive Tools

Intrinsic Model

Visual Explanation Quality
Textual Explanation Quality

ExAID (2022), HAIM Framework (2022), PathLDM (2024),
NeuroIGN (2024), EHR-KnowGen (2024), XAI
Orchestrator (2024), AutoXAIOmics (2024)

GCNs (2024), CLARUS (2024), Calibrated-XAI (2024),
Clinical Conversational AI Interface (2024), VLM-

Radiology (2024)
Prosthetic Hand Control (2022), ExPeRT(2024), LAVA

(2024), RSA (2024)

Current Practices,
Challenges, and

Future Directions
(Sec. 5)

Current Visualisation
Practices

Challenges in
Visualisation

Guidance for Effective
Visualisation Practices

Future Research
Directions

Commonly Applied Visualisation Methods

Visualisation Techniques for Bridging Modalities

Interactive Visualisation Tools

Balancing Complexity and Interpretability

Standardising Visualisation Practices

Bridging Modalities in Visualisations

Modular Visualisations
Layered Visualisations

Fusion Visualisation
Domain Specific Visual Aids

User-Centric Design
Centralised Multimodal Dashboards

Evaluate Visualisation Effectiveness
Automate Visualisation Refinement

Advance Interactive Tools
Data Scarcity and Synthetic Data
Explainability for Reinforcement

Learning
Intergration of Human Factors

Discussion

Discussion

Discussion

Usage, Limitations, and Complexity

Fig. 3. Taxonomy of XAI Visualisation in Multimodal Medical Data

2 Background

A Multimodal Medical Data
Various types of data are used in clinical practice [34, 35] as
shown in Figure 4 and Table 3, which highlight their rele-
vance to machine learning representations. These cover var-
ious kinds of data, such as EHR, behavioural, omics, sensor,
and imaging data. We present a comprehensive summary of
the primary data modalities employed in modelling research

to emphasise the importance of data selection in multimodal
machine learning.

A.1 Data Types
EHRs Electronic Health Records (EHRs) are digital rep-
resentations of patients’ paper charts, containing a com-
prehensive compilation of patient health information gener-
ated through different interactions in the healthcare environ-
ment. Healthcare providers have adopted Electronic Health
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A Multimodal Medical Data

Table 3. General Overview of Data Types, Representations, and ML/DL Techniques in Healthcare

Category Subcategory Examples
Representation for
ML/DL

Common Models/ Tech-
niques

Applications Anatomical Locations

EHRs Numerical Data
Vital Signs (BP, HR, BMI),
Lab Results, Dosages [36, 37]

Tabular, normalised
values

Decision Trees [38], Regres-
sion, DNNs, Temporal Con-
volutional Networks [39]

Risk prediction, trend analysis
Heart (BP, HR), Body
(BMI), Blood

Categorical
Data

Patient Demographics, ICD
Codes, Medication Cate-
gories [36]

One-hot encoding, em-
beddings

Logistic Regression, Neural
Embeddings

Disease classification, population
profiling

Organs, Systems (Car-
diovascular, Metabolic)

Event Sequence
Data

Admissions Logs, Disease
Progression Timelines [40]

Temporal event embed-
dings

RNNs, Transformers, Se-
quence Models

Temporal modeling, disease path-
ways

Organs (Liver, Lungs,
Heart)

Textual Data
Clinical Notes, Discharge
Summaries [37]

Tokenised text, BERT
embeddings

NLP Models (BERT, GPT),
Sequence Models

Medical NLP, summarisation, diag-
nostics

Organs, Body parts
(Context-specific)

Behavioural
Data

Therapy Logs
Patient Diaries [41], Interac-
tion Logs

Time-stamped se-
quences

RNNs, Transformers
behavioural modeling, therapy ad-
herence

Brain (Cognition, Ther-
apy)

Sentiment Data
Therapy Notes, Text Senti-
ment [42]

Sentiment embeddings,
Bag-of-Words

Sentiment Analysis, RNNs
Psychological profiling, patient en-
gagement

Brain (Emotional Reg-
ulation)

Social Interac-
tion Data

Digital Communications [43,
44], Chat Logs [45]

Text embeddings, inter-
action graphs

GNNs, NLP Models
Social behaviour modeling, stress
detection

Brain (Neurological
Stress)

Omics
Genomics/ Pro-
teomics

Gene Sequences [46], Protein
Levels

One-hot sequences, k-
mer embeddings

GNNs, Feature-Based Mod-
els

Biomarker discovery, gene-drug in-
teractions

Cellular (DNA, Pro-
teins)

Epigenomics
Methylation Profiles [47], Hi-
stone Data

Epigenetic feature ma-
trices

Feature-Based Models, Neu-
ral Networks

Gene regulation, cancer research
Cellular (Epigenetic
Markers)

Metabolomics/
Lipidomics

Metabolite Profiles [48],
Lipid Biomarkers

Tabular, high-
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Spatial embeddings,
time-series signals

Geospatial Models, Trans-
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Hyperspectral [56], Photoa-
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Spectral voxel arrays
3D CNNs, Multispectral Net-
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Tissue diagnostics, cancer detection
Skin (Dermatology),
Breast (Cancer Detec-
tion)
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Modalities

Optical Coherence Tomogra-
phy (OCT) [58, 59], Thermal
Imaging [60]
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Ophthalmology, inflammation de-
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mal Imaging)
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Fig. 4. Data Modalities for Medical Domain

Records (EHRs) as a central repository for medical data, re-
sulting in a significant increase in data complexity [61]. Even
though these datasets are large and specific to each patient,
they are often disintegrated and poorly organised. This lack
of integration complicates the analysis, especially because of
the variety of data such as drugs, lab results, physiological as-
sessments, and history records [62]. Machine Learning (ML)
solves EHR dataset complexity by exploring complex corre-
lations among varied factors [63].

EHRs are essential for multimodal integration in intelligent

healthcare, particularly for life-threatening disorders like di-
abetes [64]. Managing and analysing unstructured data from
sensors and EHRs is difficult. Accurate forecasts require data
fusion, and deep learning is effective for larger healthcare
datasets. Wearable sensors and EHRs can improve healthcare
datasets by gathering patient data. Using an ensemble ML
method, a recommendation system is created to anticipate
and provide timely recommendations for multidisciplinary
diabetes patients accurately. MUltimodal Fusion Architec-
ture SeArch (MUFASA), a novel Neural Architecture Search
(NAS) extension, was proposed by Xu et al. [65] to maximize
multimodal fusion techniques in EHR data. The Transformer
architecture has shown potential in utilising EHR internal
structure. MUFASA outperformed Transformer, Evolved
Transformer, RNN versions, and classic NAS models [66]
in public EHR data experiments. Medical codes and clini-
cal notes have distinct properties, making EHR data repre-
sentation difficult. Inter-modal correlations, which models
sometimes miss, are another difficulty. An et al. [67] in-
troduced the Multimodal Attention-based fusIon Networks
(MAIN) model to tackle significant healthcare prediction dif-
ficulties utilising EHR data. The MAIN model uses indepen-
dent feature extraction modules for each modality, such as
self-attention and time-aware Transformer for medical codes
and a CNN model for clinical notes. The module includes
a low-rank multimodal fusion approach and a cross-modal
attention layer for inter-modal correlation extraction. To pre-

Sharma | XAI-Multimodal-Medical bioRχiv | 7

.CC-BY 4.0 International licenseavailable under a 
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 15, 2025. ; https://doi.org/10.1101/2025.07.11.664302doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.11.664302
http://creativecommons.org/licenses/by/4.0/


dict diagnosis, the model uses attention mechanisms and neu-
ral networks to aggregate modality representations and cor-
relate them to build visit and patient representations [68].
MAIN provides a comprehensive multimodal fusion and cor-
relation extraction platform in EHR-based prediction tasks.
Vital sign features like blood pressure (BP) and oxygen lev-
els are critical for in-hospital mortality prediction utilising
XAI methods to realise their significance [37].

Behavioural Data In healthcare, behavioural data is indis-
pensable because it provides invaluable insights into individ-
uals’ lifestyles, routines, and behaviours, substantially im-
pacting their overall health and well-being. Behavioural data
comprises a wide range of human behavioural aspects, such
as compliance with medical treatments, sleep patterns, di-
etary practices, stress levels, and social interactions [69]. Us-
ing behavioural data, intelligent healthcare systems can con-
tinuously observe and assess the actions of individuals, en-
abling medical practitioners to gain a holistic comprehension
of their patients’ daily routines and inclinations [70]. By util-
ising this information to identify patterns, trends, and devi-
ations from typical conduct, it becomes possible to detect
prospective health problems early and implement interven-
tions promptly. Behavioural data can be utilised to monitor
stress levels and emotional well-being, allowing healthcare
professionals to recognise triggers and patterns that poten-
tially affect the mental health of individuals [71]. This data
has also been utilised to inform the creation of relaxation
techniques, stress management methods, and individualised
interventions aimed at assisting people in preserving their
mental health [72]. In addition, behavioural data has the po-
tential to enhance patient involvement and enable self-care.
By utilising feedback mechanisms and interactive platforms,
users can actively monitor their behaviours, set objectives,
and receive personalised recommendations informed by the
data they have provided. Due to this empowerment, individ-
uals who manage their health and well-being may experience
increased motivation and accountability. However, acquir-
ing and analysing behavioural data raises significant ethical
concerns like privacy, data security, and informed consent.
Ensuring the protection of individuals’ privacy, storing their
data securely, and obtaining appropriate consent for data col-
lection and utilisation are all critical obligations.

Omics Data Omics data refers to the collective information
obtained from several sectors, such as genomics, proteomics,
metabolomics, and other related disciplines [73]. This data
type offers extensive knowledge about health and disease’s
molecular and genetic foundations, facilitating individualised
medicine and precise therapies. Genomics analyses an or-
ganism’s entire DNA sequence, encompassing all its genes,
which is crucial for understanding the genetic predisposi-
tions associated with different diseases. Proteomics explic-
itly examines proteins, essential components of living organ-
isms and vital bodily functions [74]. Metabolomics studies
metabolites, tiny chemicals that play a role in metabolism, al-
lowing a quick overview of an organism’s physiological con-
dition [75].

The utilisation of omics data has resulted in notable progress

in identifying biomarkers for diseases, understanding disease
mechanisms, and formulating novel therapeutic approaches
[76]. Whole-genome sequencing (WGS) and whole-exome
sequencing (WES) have been crucial in finding genetic vari-
ants linked to different diseases. Integrating genomic data
with clinical data in cancer research has facilitated the ad-
vancement of precision oncology, which customises treat-
ments based on the genetic characteristics of an individual’s
tumour. Furthermore, multi-omics data, which merges data
from several omics disciplines, has yielded a more profound
understanding of the intricate relationships within biological
systems, enabling more efficient disease prevention and man-
agement techniques [77].
The contribution of omics data to personalised medicine is re-
markable, as it enables the tailoring of healthcare according
to an individual’s distinct genetic composition. Implement-
ing this individualised strategy can enhance the effective-
ness of therapies and decrease the probability of adverse side
effects. Moreover, prominent endeavours like the 100,000
Genomes Project in the UK [78] and the Precision Medicine
Initiative’s All of Us Research Program in the USA [79] ex-
emplify the worldwide effort to utilize omics data to advance
healthcare. These programs aim to establish comprehensive
genomic databases that may be used to identify genetic vari-
ations associated with diseases and develop more efficient,
individualised therapies.
Sensor Data The ability of sensor data to measure and mon-
itor a vast array of physiological parameters and activities
in real-time is crucial to revolutionising healthcare. Various
technologies, including wearable devices, implantable sen-
sors, and remote monitoring systems, provide this informa-
tion. Wearable devices, capable of being worn externally or
incorporated into apparel and accessories, play a crucial role
in collecting up-to-the-minute information regarding health-
related metrics such as vital signs, physical activity, and sleep
patterns [80, 81]. The knowledge obtained from this infor-
mation is critical, as it enhances the overall understanding of
an individual’s well-being and enables individualised surveil-
lance and proactive healthcare approaches [82].
The continuous flow of sensor data is crucial for ongoing
health assessment in the healthcare industry, as it enables
timely intervention and early detection of prospective health
problems [83]. In addition, the implementation of ubiquitous
technologies permits remote patient monitoring, thereby ex-
panding the scope of modern healthcare. This functionality
enables healthcare practitioners to facilitate timely interven-
tions when required [84]. The uninterrupted integration of
intelligent healthcare systems with sensor data from wear-
able devices improves the timely identification of potential
health complications. The integration is crucial for deliv-
ering timely, individualised interventions and recommenda-
tions, notably enhancing the quality of patient care and health
results [85].
Utilising this up-to-date data stream empowers healthcare
practitioners to formulate individualised treatment strategies
that effectively attend to the specific requirements of each
patient. For example, sensor data is critical in managing
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chronic ailments like cardiovascular diseases and diabetes by
surveilling heart rate variability and glucose levels. In ad-
dition, using real-time sensor data enables telemedicine and
telehealth services to expand, enabling medical practitioners
to oversee and control patient conditions from a distance [86].
This feature provides essential healthcare services to individ-
uals residing in remote areas or with limited mobility, thereby
minimising the need for frequent hospital visits [87].
Furthermore, the healthcare industry relies heavily on the
data management lifecycle, encompassing essential phases
such as acquiring raw data, structuring data, fusing data,
and developing predictive models to optimize the useful-
ness of the gathered information. By following this system-
atic procedure, the data obtained from sensors, wearable de-
vices, and electronic health records (EHRs) can be efficiently
merged and evaluated, resulting in improved healthcare out-
comes. The process depicted in Figure 5 exemplifies the all-
encompassing methodology for managing data, forming the
foundation of accountable AI for healthcare systems.
Medical Imaging Medical imaging is an essential component
of modern healthcare systems, providing vital diagnostic in-
formation crucial for managing and treating various medical
conditions [88–91]. Implementing advanced imaging tech-
nologies, including MRI, CT scans, PET scans, and ultra-
sound, permits the precise visualisation of anatomical com-
ponents within the body [92]. This visualisation is critical
in enabling healthcare practitioners to diagnose illnesses pre-
cisely, detect irregularities, and assess the effectiveness of
treatments [93].
Integrating data-driven technologies and medical imaging
streamlines the diagnostic process and enables a more in-
dividualised approach to patient care. By utilising predic-
tive analytics to forecast disease progression and treatment
response, it becomes possible to develop individualised ther-
apeutic strategies that address specific health requirements.
Therefore, the potential benefits of incorporating medical
imaging and digital innovations into healthcare systems are
substantial, as they guarantee improved patient outcomes and
streamlined healthcare provision [94].
Multimodal Medical Data Within healthcare, multimodal
data fusion exhibits a significant change by integrating var-
ious forms of data to augment patient care and facilitate clin-
ical decision-making [95]. Patients showing various symp-
toms in clinical practice are generally subjected to diagnostic
tests utilising a variety of modalities to ascertain the underly-
ing health conditions precisely. As a result, multimodal data
fusion plays a crucial role in medical diagnostics, as it pro-
vides a solid foundation for integrating and analysing data
from various sources. Various techniques, including early,
hybrid, and late fusion (elaborated in subsection A.2), may be
utilised to implement data fusion, depending upon the charac-
teristics of the data and the particular clinical demands. Early
fusion combines unprocessed data in the preliminary phase,
providing a comprehensive dataset for subsequent examina-
tion. By merging characteristics at various processing phases,
hybrid fusion balances the data’s comprehensiveness and the
features’ specificity. In contrast, late fusion incorporates pre-

dictions or decisions from distinct models, capitalising on the
unique attributes of each data source at the level of the deci-
sion.
This process is further improved by incorporating Explain-
able Artificial Intelligence (XAI) models, which generate
outputs from fused data sets that are transparent and in-
terpretable. XAI models facilitate healthcare professionals’
comprehension of the reasoning behind diagnostic recom-
mendations by simplifying the decision-making processes of
complex AI systems.
Integrating XAI into the multimodal data fusion process im-
proves the precision of diagnoses and enables comprehen-
sion of the complex interconnections in the data. Implement-
ing this methodology can substantially enhance the accuracy
of disease detection and therapeutic strategy. Therefore, the
combination of multimodal data fusion methodologies with
XAI models signifies an advanced approach in the field of
medical diagnostics, consistent with the main objectives of
improving the quality of patient care and improving the cred-
ibility and dependability of AI implementations in healthcare
environments. Table 4 provides an overview of various multi-
modal medical datasets, including their access status (open or
restricted). The table details the sample size and data modal-
ities and includes hyperlinks for further information.

A.2 Synchronisation Strategies
Synchronisation strategies in multimodal machine learning
refer to the techniques employed to fuse data from various
sources or modalities shown as Disparate Health Data in Fig-
ure 6 to construct a unified and all-encompassing model.
These methodologies guarantee the proper combination of
information from many modalities to boost the model’s pre-
diction capability. The primary methods for synchronisa-
tion in multimodal machine learning are early fusion, hy-
brid/intermediate fusion, and late fusion, each possessing
unique attributes and uses.
Early fusion Also known as data-level fusion [129] or
feature-level fusion [130, 131], early fusion precedes train-
ing of a machine learning model [128, 132, 133]. It combines
multiple input modalities - Medical Imaging, Clinical Notes,
Demographics and Lab Values, Time Series Data, and Omics
Data in the preliminary phases (depicted in Figure 6). This
methodology may employ unprocessed data or require a vari-
ety of feature extraction stages, ranging from straightforward
aggregation to intricate model-driven extractions. The ap-
proach to feature combination generally differs according to
the particular modalities and models employed. An illustra-
tion would be the aggregation of time series data for models
such as XGBoost [134] or the clustering of multiple images
as channels in a convolutional neural network (CNN) [135].
One of the primary obstacles encountered in early fusion
methods for multimodal deep learning is effectively address-
ing the discrepancy in "data richness" between modalities
[136]. To illustrate, in integrating vision and language data,
light feature extractors are employed to transform the two sets
of information into a compatible feature space. Nevertheless,
vision data processing is frequently more intensive due to its
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Table 4. Overview of Multimodal Medical Datasets

Study Country Year Data modalities Access Sample size Link

100,000 Genomes Project [78] UK 2012 Whole genome sequencing (WGS), Clinical
data Restricted 100,000 genomes genomicsengland.co.uk

American Gut Project [96] USA 2012 Clinical, Diet, Microbiome Open ∼25,000 americangut.org

Atherosclerosis Risk in Communities
(ARIC) [97] USA 1987

Clinical data, Biomarkers, Genetic data,
ECG data, Demographic data, Dietary his-
tory, Medication history, Environmental
data, Administrative data

Restricted ∼15,792 partici-
pants at baseline ahajournals.org

Avon Longitudinal Study of Parents
and Children (ALSPAC) [98] UK 1991 Questionnaires, Clinical data, Genetic data,

Environmental data Restricted
∼14,500 partic-
ipants and their
parents

bristol.ac.uk

Biobank Japan [99] Japan 2003 Questionnaires, Clinical, Laboratory,
Genome-wide genotyping Restricted ∼270,000 biobankjp.org

China Kadoorie Biobank [100] China 2004 Questionnaires, Physical measurements,
Biosamples, Genome-wide genotyping Restricted ∼500,000 ckbiobank.org

Cohorts for heart and aging re-
search in genomic epidemiology
(CHARGE) Consortium [101]

USA, Eu-
rope 2009

Genome-wide association studies (GWAS),
Standardised health-related phenotypes,
Clinical data

Restricted
∼38,000 individ-
uals across 5 co-
hort studies

chargeconsortium.com

Framingham Heart Study [102] USA 1948
Questionnaires, Clinical exams, Lab tests,
Genetic data, Imaging, Omics data, Nonin-
vasive and biomarker data

Restricted ∼15,000 across
three generations framinghamheartstudy.org

ImageCLEFmed 2019 [103] Switzerland 2019 Medical images, Text annotations Open 70,786 images,
222,758 captions imageclef.org/2019

ImageCLEFmed 2020 [104] Switzerland 2020 Medical images, Textual concepts Open 80,723 images,
416,180 captions imageclef.org/2020

ImageCLEFmed 2021 [105] Switzerland 2021 Medical images, Captions Open 88,324 images,
427,205 captions imageclef.org/2021

ImageCLEFmed 2022 [106] Italy 2022 Captions, VQA, Text Open 88,324 images
and captions imageclef.org/2022

ImageCLEFmed 2023 [107] Greece 2023 Medical images, Captions, Dialogue Sum-
marisation, VQA Open

81,825 images.
Non-radiological
images removed

imageclef.org/2023

ImageCLEFmed 2024 [108] France 2024 Medical images (radiology), textual cap-
tions Restricted

Training
(70,108), Valida-
tion (9,972), Test
(17,237) images

imageclef.org/2024

Medical Information Mart for Inten-
sive Care (MIMIC) [109, 110] USA 2008-

2019 Clinical/EHR, Images Open ∼380,000 mimic.physionet.org

MedICaT [111] USA 2020 Medical images, Captions, Textual refer-
ences Open 217,354 images

and captions github.com

Michigan Predictive Activity and
Clinical Trajectories (MIPACT)
[112]

USA 2018-
2019

Wearables, Clinical/EHR, Physiological,
Laboratory Restricted ∼6,000 researchtools.mipactstudy.org

Million Veteran Program [113] USA 2011 EHR/clinical, Laboratory, Genome-wide Restricted 1 million research.va.gov/mvp
Multimodal Brain Tumour Segmen-
tation Challenge (BraTS) [114–116] USA 2018 MRI scans, Segmentation masks, Clinical

data Open ∼2000 med.upenn.edu/cbica/brats-
2020/data.html

North American Prodrome Longitu-
dinal Study [117] USA 2008 Clinical, Genetic Restricted ∼1,000 napls.ucsf.edu

PMC-15M [118] USA 2024 Medical images, Text Open 15 million
image-text pairs huggingface.co

PMC-OA [119] USA 2023 Biomedical images, Text Open 1.6M image-
caption pairs huggingface.co

PMC-VQA [120] USA 2023 Medical images, Textual Q&A Open

226,946 VQA
pairs and
149,075 im-
ages

github.com/xiaoman-
zhang/PMC-VQA

Precision Medicine Initiative’s All of
Us Research Program (PMI-AURP)
[79]

USA 2017
Questionnaires, Social Determinants of
Health (SDH), EHR/clinical, Laboratory,
Genome-wide, Wearables

Open 1 million (target) allofus.nih.gov

Project Baseline Health Study [121] USA 2015 Questionnaires, EHR/clinical, Laboratory,
Wearables Restricted 10,000 (target) projectbaseline.com

Radiology objects in context (ROCO)
[122] Germany 2018 Radiology images, Contextual data Open 81,500 images

and captions
github.com/razorx89/roco-
dataset

Radiology Objects in Context Ver-
sion 2 (ROCOv2) [123] Germany 2024 Radiology images, Contextual data Open 110,000 images

and captions zenodo.org/records/10821435

Semantically-Labeled Knowledge-
Enhanced Dataset (SLAKE) [124] China 2021 Medical images, Textual Q&A Open

14028 images,
VQA, Semantic
Masks

huggingface.co/datasets/Bo-
Kelvin/SLAKE

TOPMed [125] USA 2014 Clinical, WGS Open ∼180,000 nhlbiwgs.org

The UK Household Longitudinal
Study (UKHLS)7 UK 2009 Questionnaires, Clinical data, Biomarkers,

Genetic data Open
∼40,000 house-
holds (∼100,000
individuals)

understandingsociety.ac.uk

UK Biobank [126] UK 2006

Questionnaires, EHR/clinical, Laboratory,
Genome-wide genotyping, whole-exome
sequencing (WES), WGS, Imaging,
Metabolites

Open ∼500,000 ukbiobank.ac.uk

Visual Question Answering in Radi-
ology (VQA-RAD) [127] USA 2018 Radiology images, Textual Q&A Open 315 images, 3515

QA pairs osf.io/89kps/
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Fig. 6. Illustration of how Early Fusion, Hybrid Fusion, and Late Fusion integrate
diverse health data modalities - Medical Imaging, Clinical Notes, Demographics/Lab
Values, Time Series, and Omics. Fusion strategies are applied at different stages:
early input concatenation, intermediate feature-level integration, or late decision
aggregation, supporting clustering, regression, and classification predictions [128].
This image is licensed under CC BY 4.0.

complexities. This can create potential imbalances in which
a model places an unbalanced emphasis on the vision data
compared to the language data.
Furthermore, integrating the low-level features obtained from
specific modalities may be challenging due to their potential
lack of semantic richness. Word embeddings derived from
language processing cannot directly interpret visual data,
such as image boundaries, which are indispensable for com-
puter vision models [137]. Standardising features across vari-
ous modalities before their implementation in machine learn-
ing applications specific to tasks requires the development of
modality-specific feature encoding strategies.
Across multiple domains, early fusion has demonstrated ef-
ficacy in clinical settings. For instance, An XGBoost model
incorporating demographic data, lab results, image features,
and vital signs was utilised to predict cardiomegaly [35].
Similarly, characteristics extracted from CT and PET scans
have been integrated with demographic information to di-
agnose lung cancer [138], and MRI and PET images have
been combined with genetic and demographic data to predict
Alzheimer’s disease [139]. These applications underscore the
potential of early fusion in augmenting the precision and ef-

fectiveness of healthcare predictive models.
Hybrid fusion Hybrid fusion [140], or Intermediate fusion
[128, 129], is a complex procedure comprising several stages.
Initially, distinct models are employed to analyze data from
various modalities to extract features. The concatenated fea-
tures are input into the final model for prediction (see Figure
6). This methodology distinguishes itself from early fusion
by individually optimising the features from each modality
before combination. During training, feature representations
are refined iteratively through each feature extraction model
by back-propagating the loss function [132].
An often employed approach to intermediate fusion imple-
mentation entails pre-training models on specific modalities
to develop resilient initial feature representations [35, 141].
Following the pre-training phase, it is customary to freeze
the model weights and aggregate the outputs of all models.
Training the final model on this concatenated dataset follows.
Significantly, to authenticate as intermediate fusion, at least
once during the training process, it is critical to de-freeze and
modify a subset of the model weights to improve feature in-
tegration and learning across modalities [132].
Clinician-wide implementation of this technique is due to
its strength in incorporating various data types. In oncol-
ogy, for instance, hybrid fusion is utilised to predict cancer
by combining pathological images with demographic data
[142–144]. It enables incorporating X-ray images with de-
mographic information, biomarkers, and clinical measure-
ments in cardiology [145, 146]. In addition, it has demon-
strated efficacy in neurology when demographic and clinical
data are integrated with MRI images to forecast brain disor-
ders [147, 148]. These applications demonstrate how hybrid
fusion can substantially improve predictive accuracy through
the utilisation of the distinct advantages of each data modal-
ity; consequently, this permits medical interventions that are
more individualised and accurate.
Late fusion The late fusion, alternatively referred to as
decision-level fusion [149], is implemented once the individ-
ual models have made the predictions and their decisions are
fused at the final stage either by an auxiliary model or an ag-
gregation function (see Figure 6). This process ensures that
each data source is handled independently while enabling a
final, unified decision that takes advantage of the strengths of
all modalities [150, 151].
An essential benefit of late fusion is its resilience when con-
fronted with incomplete data sets. The Contrastive Language
Image Pre-Training (CLIP) model undergoes inference with
associated text data even when pre-trained on image and

Sharma | XAI-Multimodal-Medical bioRχiv | 11

.CC-BY 4.0 International licenseavailable under a 
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 15, 2025. ; https://doi.org/10.1101/2025.07.11.664302doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.11.664302
http://creativecommons.org/licenses/by/4.0/


text data and can operate efficiently as an image classifier
[152]. Nevertheless, an undesirable aspect of late fusion is its
failure to capture inter-modal interactions that occur during
model training and feature extraction. This may lead to los-
ing valuable information when inter-modal connections are
vital [132, 153, 154]. Moreover, integrating outcomes from
numerous models can present a complex undertaking [149].
Notwithstanding these obstacles, late fusion has been effec-
tively implemented across diverse medical domains. For in-
stance, combining cognitive assessment scores, demographic
information, and predictions extracted from MRI scans have
been utilised to diagnose cognitive impairments [155]. Com-
bining biomarker data with magnetic resonance image (MRI)
analyses has similarly enabled late fusion to improve can-
cer prediction in oncology [143]. Furthermore, within the
framework of the COVID-19 pandemic, late fusion tech-
niques have been employed to correlate demographic and
clinical indicators with CT scan results to predict the contrac-
tion and advancement of the virus [156, 157]. These applica-
tions demonstrate the strategic value of late fusion in scenar-
ios that need modality-specific studies before a merged diag-
nosis. This ensures a flexible and comprehensive data-driven
prediction strategy.

B XAI Methods
Explainable Artificial Intelligence (XAI) approaches can be
categorised according to different criteria. Figure 7 presents
the classification of various XAI methods based on their
scope, stage, types, and opaqueness.

B.1 Scope

The scope of their explanations can categorize XAI tech-
niques. We present the local and global explanability in brief.
Local explanations focus on explaining individual predic-
tions of a model by understanding how a specific input leads
to its particular output [158]. Using Local Interpretable
Model-agnostic Explanations (LIME), medical imaging pro-
fessionals can focus on the essential parts of a chest X-ray
image that impact the diagnosis [159]. For example, LIME
could show that areas with apparent opacities are critical for
pneumonia diagnosis [160]. SHapley Additive exPlanations
(SHAP) can explain individual predictions by computing the
contribution of each feature. For example, it can explain the
prediction for diabetes in a particular patient by identifying
relevant features like glucose levels and age [161].
Global explanations seek to offer a thorough comprehension
of the overall behaviour of the entire model [158]. Decision
trees provide a model structure that is easy to understand,
making them appropriate for analysing how patient character-
istics impact the diagnosis of illnesses such as breast cancer
in the total patient population [162]. In deep learning, models
applied to multimodal medical datasets, such as combining
MRI images with clinical data, feature importance rankings
provide insights into how the model assigns priority to differ-
ent data sources when making decisions [163].

B.2 Stage
This subsection discusses explainable techniques based on
the timing of their execution in the machine learning model
building lifecycle. A post-hoc technique uses the explainable
AI (XAI) model after the primary model has completed its
training. Alternatively, when the XAI model is incorporated
during the creation of the main model, it is referred to as an
ante-hoc approach [164].
Post-hoc Post-hoc techniques are applied after the primary
model training. These strategies are essential for compre-
hending and analysing the decisions made by intricate mod-
els once their training period has concluded. Post-hoc strat-
egy can be categorised into two types: model-agnostic and
model-specific approaches.
Model Agnostic approaches apply to models of any type.
LIME is a technique that can be applied to explain models
that make predictions about diabetic retinopathy using fun-
dus images and clinical data, regardless of the specific model
being employed [165, 166]. SHAP can explain a multimodal
system that utilises MRI and genetic data to forecast the evo-
lution of Alzheimer’s disease [167, 168] as well as for Parkin-
son’s disease [169].
Model Specific approaches are tailored to specific model
architectures. When applied to multimodal medical data,
the Contextual Attention Model (CAM) improves the inter-
pretability of black-box models [170]. By incorporating at-
tention mechanisms into neural networks, CAM accurately
recognises significant elements of various data inputs, includ-
ing clinical metrics and imaging data that are taken into ac-
count by a model during diagnosing or predicting. This is
done by generating visual representations such as heat maps,
which emphasize crucial regions in the data that substantially
influence the model’s outputs.
Gradient-weighted Class Activation Mapping (Grad-CAM)
is a technique employed with convolutional neural networks
(CNNs) to generate visual heat maps. Pathology uses this
technique to emphasize areas relevant to identifying malig-
nancy in histopathology images. TreeExplainer is a form of
SHAP specifically designed for tree-based models like XG-
Boost. TreeExplainer can explain the predictions made by a
gradient-boosted model trained on clinical characteristics to
predict heart disease. Another model-specific method is the
eXirt (Explanations based on Item Response Theory) tech-
nique [171], which employs Item Response Theory (IRT) to
evaluate feature significance in tree-ensemble models. eXirt
systematically perturbs input features, treated as test items, to
quantify their impact on model decisions. It offers global in-
sights, including feature rankings across patient populations
and instance-specific explanations. This approach is espe-
cially advantageous for multimodal medical datasets, where
comprehending the interplay between clinical data, imag-
ing biomarkers, and genetic information is essential. De-
tailed discussion about model-agnostic and model-specific
XAI techniques have been presented in Section A.
Ante-hoc In contrast, ante-hoc strategies incorporate explain-
ability into the model as it is being developed. These inher-
ent models possess inherent interpretability, providing trans-
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parency and comprehensibility from the beginning without
requiring supplementary explanatory techniques.
Intrinsic Models Unlike model-agnostic or model-specific
techniques, intrinsic models automatically incorporate ex-
plainability within their architecture. The inherent trans-
parency of this feature enables users to comprehend the rea-
soning behind forecasts directly from the model’s structure
and operation without the necessity for further explanatory
methods. Some instances of intrinsic models in healthcare
have been presented as follows.
Linear models are widely employed in medical research to
categorize risks and forecast diseases using clinical data
[172, 173]. Logistic regression can forecast the probability
of a patient acquiring hypertension, considering characteris-
tics such as age, weight, and cholesterol levels. The model’s
coefficients offer direct insights into the significance and in-
fluence of each element on the outcome [174–176]. Deci-
sion trees are considered intrinsic models because of their
straightforward, rule-based structure that divides data into
branches based on specific conditions. A decision tree can
be employed in healthcare to diagnose patients by analysing
their symptoms. For example, a tree can classify respira-
tory symptoms to identify illnesses like asthma [177, 178] or
chronic obstructive pulmonary disease (COPD) [179, 180],
with each decision point providing a logical explanation for
each branch.
The Explainable Boosting Machine (EBM) is an inter-
pretable machine learning model. It integrates the trans-
parency required in critical domains like healthcare with the
precision of gradient boosting. EBMs represent the additive
contribution of each feature to the final decision [181]. This
simplifies the process of decision-making. This is advanta-
geous in healthcare, where clinicians must incorporate and
interpret multimodal medical data to make informed deci-
sions. Such data may include clinical notes, patient demo-
graphics, laboratory results, and medical images. EBMs can,
for instance, process and incorporate features from various
data types to predict heart failure [182–184]. This includes
features extracted from ECG images, NLP-processed clini-
cal notes, and direct numerical inputs from lab results [185].
This approach facilitates the model’s efficient handling of di-

verse and complex data and offers transparent insights into
the individual impact of each factor.
The openness of intrinsic models is highly valued as it pro-
motes confidence and enables more straightforward valida-
tion and regulatory approval, particularly in sensitive indus-
tries such as healthcare. They provide a counterpoint to more
intricate models, such as deep neural networks, which fre-
quently have unclear decision-making processes and necessi-
tate external explanation techniques to clarify their process.

B.3 Explanation Types
Explanation types are classified based on how explanations
can be conveyed.
Visual Explanations are communicated through images or vi-
sual depictions. Saliency maps are used in dermatology to
detect skin lesions. They visually represent the areas in a
dermatology image that contribute to a model’s prediction of
melanoma [186, 187]. Grad-CAM utilises heatmaps to su-
perimpose retinal images to identify the regions highly symp-
tomatic of diabetic retinopathy throughout the diagnostic pro-
cess [188–190].
Feature Importance Explanations are derived by identifying
the key features that impact the predictions more. Permu-
tation importance is a metric that may be used to measure
the extent to which changing each feature affects the perfor-
mance of a model in predicting the risk of cardiovascular dis-
ease using both imaging and clinical data [191–193]. When
radiological images are paired with patient metadata, feature
importance scores can demonstrate that clinical factors such
as age or gender are frequently just as important as image
features [194, 195].
Data Points Using explanation by data points is a highly ef-
fective method for determining the extent to which each data
point contributes to the prediction. This method uses the
visualisation of the data points to identify key features and
data points that form clusters or are outliers, giving more
clarity about the data point’s contribution to the prediction.
One can modify the data points with the what-if tool8 to
generate counter-factual explanations, as this tool helps un-

8https://pair-code.github.io/what-if-tool/
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derstand model’s sensitivity to a variety of features. Data
points technique can help diagnose lung diseases using CT
scans [196, 197]. When forecasting the risk of breast can-
cer by combining mammography and genomic data, coun-
terfactual explanations can demonstrate how altering genetic
markers could potentially impact a patient’s risk classifica-
tion [198, 199].

B.4 Opaqueness
Black Box Models The complexity and opacity of these mod-
els make it challenging to interpret their predictions directly.
Deep neural networks, random forests, and other intricate
machine learning models are classified in this category. Post-
hoc explanation techniques, such as saliency maps (visual
representations), feature importance rankings, and surrogate
models (such as LIME and SHAP), are employed to explain
black-box models.
Gray Box Models Gray box models are an intermediary alter-
native to black and white box models. They are helpful when
dealing with multimodal medical data. These models strike a
harmonious equilibrium by providing clarity that enables re-
searchers and clinicians to comprehend the decision-making
process without delving into the intricacies of complex sys-
tems. For example, when examining the correlation between
EHRs and medical images, gray box models may incorporate
ensemble models or simplified neural networks [200–203].
By enabling users to trace the impact of particular patient data
points on diagnostic outcomes, these configurations maintain
a degree of interpretability regarding the significance of fea-
tures or the influence of various data modalities [204]. Ensur-
ing this degree of transparency is of the utmost importance in
medical environments, where comprehension of the reason-
ing behind an automated system’s determination can signif-
icantly influence treatment decisions and patient confidence.
These methods provide limited comprehensibility while re-
taining a certain level of intricacy. Examples are less com-
plex iterations of neural networks or ensembles, wherein the
interpretability of feature importance or specific model archi-
tecture is preserved.
White Box Models Due to their renowned transparency,
white box models are frequently implemented in environ-
ments where it is critical to comprehend the decision-making
process, such as healthcare with multimodal medical data.
These models comprise basic machine learning algorithms
such as decision trees, linear models, and rule-based systems,
which are inherently clear-cut and, therefore, "interpretable
by design" [205, 206]. The clarity of this transparency is
especially beneficial in the context of XAI for medical appli-
cations, as it enables healthcare practitioners to observe pre-
cisely how various data categories, including lab results, pa-
tient histories, and images are processed and how they factor
into the formulation of diagnostic conclusions. Nonetheless,
white box models may also be constrained by their simplic-
ity. Potentially less accurate results could result from their
inability to process complex data patterns as efficiently as
more sophisticated models in situations involving intricate
multimodal data interactions. Although white-box models

are transparent, their use in healthcare should be carefully
balanced with the need for deep analysis to handle the com-
plexity of medical data effectively.
Various XAI models have been listed and classified based on
their scope, stage, explanation type, opaqueness, and if they
are agnostic in Table 5.

C Discussion
The extensive array of multimodal medical data - EHRs,
behavioural data, omics data, sensor readings, and med-
ical imaging presents considerable problems and valuable
prospects for XAI. Every category of data possesses distinct
characteristics that necessitate tailored explanatory methods.
Structured EHR data can be explained using feature-based
approaches like SHAP, which emphasise the impact of in-
dividual variables. Conversely, medical imaging frequently
needs more visually intuitive techniques such as Grad-CAM,
which produces heatmaps to highlight regions of interest
within the image. The methods for combining these varied
data types, namely early fusion, hybrid fusion, and late fu-
sion introduce an additional layer of complexity. These fu-
sion techniques facilitate the integration of information from
many modalities, enabling researchers to harness the comple-
mentary advantages of each data source. The selection of fu-
sion strategy critically influences the application timing and
methodology of XAI techniques inside the data processing
pipeline. The stage at which data is fused substantially influ-
ences the interpretability of the resultant models, with diverse
methods providing differing degrees of transparency. This
discussion establishes the foundation for investigating the ap-
plication of XAI methodologies in complex, multimodal con-
texts. A persistent issue is a correspondence between the
characteristics of the data and the selection of explanatory
procedures, highlighting the necessity for adaptability in XAI
methods to tackle the distinct challenges presented by the in-
tegration of varied forms of medical data. By accommodating
these complexities, XAI can provide significant insights into
models constructed from multimodal datasets.

3 Approaches
A Model Approach
Selecting and utilising suitable model techniques in Explain-
able Artificial Intelligence (XAI) is essential for attaining
transparency and interpretability in multimodal medical data.
This section explores different model-based approaches,
classifying them as model-agnostic, model-specific, and in-
trinsic models. Every category provides unique approaches
to include explainability into AI systems, allowing doctors
and researchers to have a deeper understanding of and more
confidence in the results produced by complicated models.
Through a thorough analysis of various methods, we aim to
provide a comprehensive framework that improves the un-
derstandability of AI applications in healthcare. This will
ultimately lead to better diagnostic accuracy and patient out-
comes. The subsequent sections will thoroughly examine
these categories, beginning with model-agnostic approaches.
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A Model Approach

Table 5. Overview of XAI Models

XAI Model Scope Stage Explanation Type Opaque Agnostic
CART [207] Global Ante-hoc Rule-based, Visual White No
Decision Trees [208] Global Ante-hoc Rule-based, Visual White No
Explainable Boosting Machine (EBM) [181] Global Ante-hoc Feature Importance White No
J48 [209] Global Ante-hoc Rule-based, Visual White No
SimCLR [210] Global Ante-hoc Feature Importance Gray No
Transparency by Design (TbD) [211] Global Ante-hoc Rule-based White No
ALE [212] Global Post-hoc Feature Importance Gray Yes
DIME [213] Global Post-hoc Feature Importance, Visual Gray Yes
PDP [7] Global Post-hoc Feature Importance Gray Yes
CAM [214] Local Ante-hoc Visual Gray No
Activation Maximization [215] Local Post-hoc Visual Gray No
Anchor Explanations [216] Local Post-hoc Rule-based Black Yes
CBR [217] Local Post-hoc Example-based Gray Yes
CEM [218] Local Post-hoc Example-based Gray Yes
CF-GNNExplainer [219] Local Post-hoc Feature Importance Gray No
CLARUS [220] Local Post-hoc Example-based Gray Yes
Concept Attribution [221] Local Post-hoc Feature Importance, Visual Gray No
C-XAI [222] Local Post-hoc Feature Importance Gray No
DeepLIFT [223] Local Post-hoc Feature Importance Gray No
DeepSHAP [224] Local Post-hoc Feature Importance Gray Yes
DiCE [225] Local Post-hoc Example-based Gray Yes
FACE [226] Local Post-hoc Example-based Gray Yes
Grad-CAM [227] Local Post-hoc Visual Gray No
Grad-CAM++ [228] Local Post-hoc Visual Gray No
ICE [8] Local Post-hoc Feature Importance Gray Yes
LIME [229] Local Post-hoc Surrogate Models Black Yes
LORE [230] Local Post-hoc Example-based, Rule-based Black Yes
Linguistic protoform summaries (LPS) [231] Local Post-hoc Feature Importance Gray Yes
LRP [4] Local Post-hoc Feature Importance Gray No
LSP [232] Local Post-hoc Feature Importance, Visual Gray No
NN-CBR [233] Local Post-hoc Example-based Gray Yes
Saliency Map [234] Local Post-hoc Visual Gray No
SCGAN [235] Local Post-hoc Feature Importance, Visual Gray No
Sharp-LIME [236] Local Post-hoc Feature Importance, Visual Gray Yes
Smooth-Grad [237] Local Post-hoc Feature Importance Gray Yes
Smooth-GradCAM++ [238] Local Post-hoc Visual Gray No
Integrated Gradients [239, 240] Local, Global Post-hoc Feature Importance Gray No
KernelSHAP [224] Local, Global Post-hoc Feature Importance Gray Yes
SHAP [6] Local, Global Post-hoc Feature Importance Gray Yes

TCAV [241] Local, Global Post-hoc Concept-based, Feature Im-
portance Gray Yes

TreeExplainer [242] Local, Global Post-hoc Feature Importance Gray No
TreeSHAP [243] Local, Global Post-hoc Feature Importance Gray No

A.1 Model Agnostic
Model-agnostic techniques are crucial in contexts where the
internal mechanisms of models are either hidden or too com-
plex to dissect directly, such as in medical fields using propri-
etary or advanced algorithms. The advantages of these meth-
ods lie in their flexibility across different models, their ca-
pability to offer explanations at varying levels of detail, and
their adaptability to diverse data forms, including multimodal
inputs [229].
These techniques are broadly categorised into surrogate mod-
els and feature interaction methods. Surrogate models
are subdivided into local and global types. Local surro-
gate models create simplified versions of complex models
to explain specific predictions, which is beneficial for de-
tailed, patient-specific analyses. An example is Local Inter-
pretable Model-agnostic Explanations (LIME) [229], which
constructs straightforward models to elucidate individual de-
cisions. On the other hand, global surrogate models use sim-
pler models, such as linear models or decision trees, to ap-
proximate and thus demystify the functioning of more com-
plex models. These models provide a macro-level under-
standing of a model’s decision-making processes. Metrics

like the R-squared value have been evaluated to determine
how well they replicate the variance of the original model’s
outputs. This macro perspective is invaluable in healthcare,
assisting in assessing AI systems’ reliability across various
clinical applications.
Feature interaction methods, another category of model-
agnostic approaches, quantify how changes in one or more
variables influence predicted outcomes while keeping other
variables constant. This includes techniques such as par-
tial dependence plots (PDP), individual conditional expecta-
tion (ICE), accumulated local effects (ALE), and H-statistics.
These methods are beneficial for elucidating feature inter-
actions in complex, multimodal medical datasets, such as
the interplay between clinical biomarkers and imaging data,
which could impact diagnostic algorithms. Their universal
applicability makes them essential tools for clinicians and
medical researchers seeking to validate and understand AI
model predictions comprehensively.
Figure 8 organises the various model-agnostic XAI methods,
underscoring their role in enhancing transparency and trust in
AI-supported medical diagnostics and decision-making sys-
tems.
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Surrogate Models Surrogate models are simpler versions of
complex machine learning models that estimate and interpret
their predictions. They serve as interpretable alternatives, al-
lowing users to comprehend the decision-making procedures
of the original models without sacrificing their complexity or
accuracy. Surrogate models are essential in XAI as they re-
duce complex data linkages and make them understandable
to humans, facilitating explanations. The LIME method is
a well-known approach that uses surrogate models to clarify
the individual predictions made by a black-box model. The
attribute level classification for the test sample is presented in
Figure 9.
In LIME method, the aim is to elucidate the predictions of
a complex model, represented as f , by employing an in-
terpretable surrogate model g. This elucidation is specific
to an instance x. The optimal surrogate model g∗ is iden-
tified by minimising a function that includes a loss func-
tion L(f,g,πx) and a complexity measure Ω(g). The loss
function assesses how closely g can approximate f around
x, using weights determined by the proximity of each per-
turbed data point z to x. The proximity is calculated with
πx(z) = exp

(
− dist(x,z)

σ

)
, where distance is scaled by a pa-

rameter σ, which controls how quickly proximity influence
diminishes with increasing distance.
If the surrogate model g is a linear model, it is expressed
as g(z) = β0 +

∑m
i=1 βizi. In this formula, β0 is the in-

tercept, and βi are the coefficients for the features zi, indi-
cating how much each feature contributes to the prediction
at x. This framework balances simplicity, enhancing inter-
pretability and accuracy, ensuring closeness to f . Its model-
agnostic nature allows it to be applied universally across dif-
ferent types of complex models f , providing a flexible tool
for explanation in machine learning. Graziani et al. [236]
proposed and utilised Sharp-LIME, which leverages nuclei
annotations, to enhance the understandability and reliability
of explanations provided by LIME in histopathology through
improved segmentation techniques.
SHAP uses cooperative game theory to provide consistent and
fair explanations for any machine learning model. The core
concept relies on Shapley values [244], a solution concept in
cooperative game theory that determines each player’s con-
tribution to the overall outcome. The concept of SHAP is
presented in Figure 10, illustrating how the binary classifica-
tion of skin cancer is determined using five factors.
The goal is to explain the output of a complex model, de-
noted by f , for a given instance x using the concept of Shap-
ley value. This approach quantifies the contribution of each

Fe
at
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e 

2
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Malignant

Generated Sample

Test Sample

Complex Model

Interpretable Model

Fig. 9. Complex model f decision boundaries are black curved lines. LIME explains
a new test sample (dashed circle) by fitting an interpretable model g (red dashed
line) to its variations (green circles), which are random samples. The fitted model
shows how each attribute classifies that test sample. Adapted from [21]. This image
is licensed under CC BY 4.0.

feature in the model to the prediction. The Shapley value for
a feature i is computed as follows:

ϕi =
∑

S⊆N\{i}

|S|!(|N |− |S|−1)!
|N |! [f(S ∪{i})−f(S)] (6)

In this equation, S represents any subset of all features N ,
excluding the feature i. The terms f(S) and f(S ∪{i}) refer
to the model’s predictions when only the features in S are
included and when both S and i are included, respectively.
The factorial terms calculate the number of ways features can
be ordered, thus weighting the importance of feature i relative
to different subsets S.
For a model with five features, x1,x2,x3,x4 and x5, the total
prediction f(x) can be broken down as:

f(x) = ϕ0 +ϕx1 +ϕx2 +ϕx3 +ϕx4 +ϕx5 (7)

ϕx1 ,ϕx2 ,ϕx3 ,ϕx4 ,ϕx5 represent the contributions of the re-
spective features based on their Shapley values. The Shap-
ley value method ensures that the contributions are fairly dis-
tributed among all features based on their actual impact on
the model’s output, reflecting the value added or subtracted
by including each feature.
Among LIME and SHAP, LIME does not ensure fair distri-
bution of the prediction impact across features. In contrast,
the Shapley value method, on which SHAP is based, guaran-
tees a fair allocation of effects across features underpinned by
robust theoretical principles. The axioms of efficiency, sym-
metry, dummy, and additivity provide a strong and rational
basis for these explanations [245].
Anchor algorithms The Anchor XAI technique is a model-
agnostic approach that integrates black-and-white box
methodologies elements. It is intended to explain the outputs
of classifier models, including those employed in multimodal
medical data AI systems. This method is based on identify-
ing "anchors", which are decision principles that firmly es-
tablish the rationale behind the predictions made by black-
box classifiers. These anchors function similarly to IF-THEN
rules, identifying regions within the feature space where pre-
dictions remain consistent despite changes in other feature
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Fig. 10. Given input of five factors including Age, Gender_Male, Sun_Exposure,
Family_History, and Physical_Activity_High for Benign vs. Malignant Skin Can-
cer. Explanation shown using mean SHAP values for the given Benign prediction.
Adapted from [21]. This image is licensed under CC BY 4.0.

values of the input instance [216]. These regulations facili-
tate a more profound comprehension of intricate AI systems
that analyze a variety of data categories, including images,
text, and structured data, and they also increase confidence
in their decisions. Anchor XAI is classified as a grey box
approach, which means it is independent of the internal me-
chanics of the models it clarifies. This is similar to black-box
techniques, and it simultaneously offers clear, understandable
decision rules that increase transparency and interpretabil-
ity, attributes typically associated with white-box techniques.
Anchor XAI enhances the interpretability of complex black
box models without requiring modifications to the models
or disclosing their detailed inner workings. Consequently, it
is particularly advantageous for multimodal medical data AI
systems applications.

Feature Interaction Methods Gaining insight into the com-
plex interaction of many components within a machine learn-
ing model is essential for comprehending and elucidating
the model’s predictions. Feature interaction approaches of-
fer insights into these interactions by displaying the corre-
lations between features and the projections made by the
model. This section examines essential tools, including Par-
tial Dependence Plots (PDPs), Individual Conditional Expec-
tation (ICE) plots, Accumulated Local Effects (ALEs), and
H-statistics, that are crucial for displaying and evaluating the
effects and interactions of features.

Partial Dependence Plots (PDPs) [7] are visual tools used to
illustrate how the average prediction of a model changes as a
particular feature’s value varies while keeping all other fea-
tures constant. These plots are typically created for each fea-
ture in a dataset. Conceptually, the partial dependence curve
provides the best estimate of a prediction if only one feature’s
value is known. To generate a PDP for a specific feature, we
use the following formula:

pdpf (v) = 1
N

N∑
i

pred(xi)withxif
= v (8)

where N is the number of instances in the dataset, pred is
the prediction function defined by the model, f represents
the feature being analysed, v is a value within the feature’s
domain, M is a hyperparameter that determines the explana-
tion’s granularity, xif

is the feature value of the i-th instance,
set to the desired value v.
The drawback of the PDP is that the realistic maximum num-
ber of features in the partial dependence function is two.
Other drawbacks are the feature independence assumption
and heterogeneous effects might be hidden. In most cases,
the trained models would have some inter-dependence of fea-
tures. There might be a case for a particular feature that 50%
of the data points have a positive impact, and another 50%
harm the prediction. In that case, PDP, being the aggregated
line, would be a horizontal line cancelling each other’s effect,
and we might think that feature does not contribute to pre-
diction. To overcome the limitations of Partial Dependence
Plots (PDPs), which can mask the varying impacts across dif-
ferent data points, Individual Conditional Expectation (ICE)
[8] plots were introduced. These plots separate the aggre-
gated line of a PDP into individual lines for each data point in
the dataset, thereby revealing the specific effects for each in-
stance. An ICE plot is essentially a collection of lines where
each line represents the model’s predictions across the range
of a feature for a single instance. ICE plots are valuable be-
cause they expose the diversity of responses within a dataset
that PDPs might obscure. However, these plots have draw-
backs, particularly as the number of instances increases. With
a large dataset, ICE plots can become cluttered, making it
difficult to recognise individual lines and identify significant
patterns (see Figure 11).
Accumulated local effects (ALE) [212] offer a complete anal-
ysis of the impact of individual features on the average pre-
diction output of a machine learning model. In contrast to
PDPs, ALE plots concentrate on the local changes in the pre-
diction when a feature changes, preventing the introduction
of bias in averaging the distribution of all other features. This
makes ALE plots a method for feature effect analysis that is
particularly robust and accurate in situations where features
are correlated.
Instead of recalculating predictions across the entire data set
for each point in the plot as in PDP, ALE is quicker to com-
pute because it concentrates solely on changes within small
intervals of the feature of interest. This localised computation
expedites the process and improves the clarity and specificity
of the insights regarding the relationship between feature val-
ues and prediction changes. Consequently, ALE plots are the
optimal choice for practitioners who require a method that is
both efficient and unbiased in evaluating the significance of
features in intricate machine-learning models.
Friedman’s H-statistic [246] is used to measure the strength
of interactions among features within ensemble models, as-
sessing how these interactions contribute to the variation in
predictions.
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Fig. 11. With reference to features in Figure 10, the PDP and ICE plots have been
generated for feature Age. PDP shows the cancer probability plot for patients with
age 38 vs. ICE plot shows the probability of multiple patients as age varies with
other feature values as constant.

From a global perspective in model-agnostic techniques, Fea-
ture Importance [247] and Multidimensional Feature Visual-
isation [248] approaches explore various aspects of feature
importance and relationships, potentially guiding feature en-
gineering and model refinement procedures. The importance
of a feature is assessed by observing how the accuracy of pre-
dictions changes when the relationship between that feature
and the actual outcome is disrupted. Specifically, by permut-
ing the feature, we can break the existing link between the
feature and the outcome. If this permutation increases pre-
diction error, the model relies significantly on that feature for
accurate predictions.

A.2 Model Specific
Model-specific explanation methods are designed to work
with specific model architectures and show how these mod-
els think and make decisions. These methods are beneficial
for getting to know the complicated models used in health-
care, where accurate interpretations can help doctors make
decisions.
One well-known example is Class Activation Maps (CAM)
[214], which find essential image parts that affect how well it
predicts a particular class. This method is made explicitly for
convolutional neural networks (CNNs) with a global average
pooling layer before their last classification layer. For exam-
ple, CAMs are very helpful in medical imaging for finding
areas of interest in X-rays that might show signs of disease.

Gradient-weighted Class Activation Mapping (Grad-CAM)
[227] builds on CAM by using the gradients of any target
idea. These gradients flow into the final convolutional layer
to make a coarse localisation map that shows where the pre-
dictions are most likely to be accurate. Grad-CAM can be
used with CNN designs and for more medical imaging tasks,
like finding the edges of tumours on magnetic resonance
imaging, drawing attention to trouble spots in dermatological
images, or performing glaucoma diagnosis [249] (see Figure
12).

Fig. 12. Grad-CAM based Glaucoma Multimodal Neural Network showcasing the
use of Grad-CAM [249]. This image is licensed under CC BY 4.0.

Also, Deep Learning Important FeaTures (DeepLIFT) [223]
and Layer-wise Relevance Propagation (LRP) [4] give us
more information specific to the model. DeepLIFT looks at
how active each neuron is compared to its "reference acti-
vation" and provides each neuron with a contribution num-
ber. This can be very helpful when specific biomarkers or
imaging features are significant. But LRP returns the output
choice to the input layer, showing which pixels or parts of an
image help with a specific diagnosis. Figure 13 presents the
example utilising LRP for multimodal disease prediction and
explanation.
By using these methods, doctors can better understand AI’s
results and check them against what they know from clinical
experience. This builds trust in automatic systems and leads
to better patient outcomes.
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Fig. 13. Explainable Multimodal Disease Explanation using LRP

Class Activation Mapping (CAM) [214] is a technique to
identify regions within an image that are influential in classi-
fying the image into a specific category. CAM is generated
when the feature maps from the last convolutional layer of
a CNN (noted as F k where k is the feature map index) are
pooled using global average pooling and then connected to
the output layer. This pooled output represents the average
intensity of the features detected by the convolutional filters.
Each class score Sc (prediction score for class c) at the output
is calculated as a weighted sum of these pooled feature maps:

Sc =
∑

k

wc
k ·Fk (9)

where wc
k is the weight linking the k-th feature map to the

class c, and Fk is the average pooled value of the k-th feature
map. The Class Activation Map Mc for a class c shows the
region’s importance for classifying the image. It is computed
as:

Mc(x,y) =
∑

k

wc
k ·fk(x,y) (10)

where fk(x,y) is the activation at each pixel (x,y) in the k-
th feature map. By upscaling Mc to the size of the original
image, CAM visualises the regions critical for identifying the
class c in the image, helping to understand why the network
classifies the image in a certain way.
Gradient-weighted Class Activation Mapping (Grad-CAM)
[227] is a technique that improves CAM by using gradient
information from CNN to highlight essential areas in an im-
age for a specific class prediction. Grad-CAM can be applied
to any CNN architecture without requiring particular features
like a global average pooling layer or a dense output layer.
This flexibility allows it to be used widely without altering
existing CNN structures. For each class c, Grad-CAM cal-
culates the gradient of the class score Sc (which represents
the likelihood of the class) for the feature map activations at
the last convolutional layer. This gradient reflects how much
each element of the feature map influences the class score.
The weights ac

k for Grad-CAM are computed by globally av-
eraging these gradients across all spatial locations (x,y) of
the feature map:

ac
k =

∑
x,y

∂Sc

∂fk(x,y) (11)

These weights measure the importance of feature map k in
predicting class c.

The Class Activation Map for Grad-CAM, Grad_Mc(x,y),
is then calculated as a weighted sum of the feature maps using
these derived weights, passed through a ReLU function to
only keep positive influences:

Grad_Mc(x,y) = ReLU

(∑
k

ac
k ·fk(x,y)

)
(12)

This operation effectively highlights the regions of the image
most relevant to identifying the class c, ignoring areas with
negative influence on the prediction. The resulting activation
maps are scaled up to the size of the original image to show
the discriminative image regions that support the CNN’s de-
cision, providing a visual explanation of why the network
predicts a particular class. This method is beneficial in ap-
plications such as medical imaging. Similarly, Grad-CAM++
[228], Smooth-Grad [237], and Smooth-GradCAM++ [238]
are the variants of Grad-CAM.
Layer-wise Relevance Propagation (LRP) [4] is distinguished
for its ability to trace back the predictions of neural networks
to the contributions of individual input features across dif-
ferent data modalities. This method aims to distribute a pre-
diction backwards through the network to assign relevance
scores to each input feature, based on a "conservation" prin-
ciple, where the sum of relevance scores is consistent across
layers. The methodology is to perform a standard forward
pass to obtain the output score Sc for a given class c. With
the backward pass, for each layer, redistribute the relevance
scores to the previous layer. The redistribution rules depend
on the type of layer. There are three rules.

• LRP-ϵ Rule (for ReLU Layers):

Ri =
∑

j

xiwij

ϵ+
∑

i′ xi′wi′j
Rj (13)

where Ri is the relevance of input neuron i, xi is its
activation, and wij is the weight connecting neuron i
to output neuron j.

• LRP-αβ Rule (for ReLU Layers):

Ri = α
∑

j

xiw
+
ij∑

i′ xi′w+
i′j

Rj −β
∑

j

xiw
−
ij∑

i′ xi′w−
i′j

Rj

(14)
where w+

ij and w−
ij represent positive and negative

weights, respectively, and α +β = 1.

• LRP-γ Rule: A simplified variant using a positive bias
factor γ.

Integrated Gradients [239] compute feature attributions by
integrating gradients over a baseline-to-input path. Select an
input x and a baseline x′ (typically a zero or average input).
Create interpolated inputs between x and x′:

xt = x′ + t · (x−x′), t ∈ [0,1] (15)

Compute the gradients of the model output F (x) concerning
the interpolated inputs and average them:

IntegratedGrad(xi) = (xi −x′
i)
∫ 1

0

∂F (xt)
∂xi

dt (16)
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Multiply the averaged gradients by the difference between
the input and baseline to obtain feature attributions:

Ai = (xi −x′
i) ·

m∑
k=1

∂F (xt)
∂xi

(17)

where m is the number of interpolation steps. The inte-
grated gradients provide a more reliable attribution method
than simple gradient methods. They also handle issues of
gradient saturation by averaging over multiple steps.
eXirt method [171] presents an explanatory framework util-
ising Item Response Theory (IRT) for tree-ensemble mod-
els, providing a systematic approach to evaluating various
features’ impact on a model’s decision-making process. In
contrast to conventional post-hoc explainability methods like
SHAP or TreeExplainer, eXirt assesses the significance of
input features through a probabilistic framework based on
assessment models. eXirt systematically perturbs features
treated as test items to analyse their impact on model predic-
tions, quantifying their significance through three key prop-
erties: discrimination, difficulty, and guessing. Discrimina-
tion quantifies the effectiveness of a feature in distinguishing
between various diagnostic categories, while difficulty indi-
cates the point at which a feature significantly affects model
predictions. Guessing addresses the model’s reliability on a
feature even after being altered.
eXirt utilises the Three-Parameter Logistic (3PL) IRT model
to mathematically formalise the probability that a feature i
contributes to a model’s prediction for a specific instance j
as follows:

P (Uij = 1|θj) = ci + (1− ci)
1+e−ai(θj−bi) (18)

ai denotes the discrimination capability of feature i, bi mea-
sures its difficulty, and ci indicates the likelihood of the
model depending on that feature despite its minimal expected
influence. The variable θj represents the estimated ability of
the model in prediction, functioning as a latent measure of
feature importance.
eXirt constructs a global feature importance ranking by ag-
gregating individual feature perturbations across multiple in-
stances to derive an overall interpretability score. The final
importance score T (f,r) is calculated as follows:

T (f,r) =
(v×f)+1∑

j=1
ej

/ r∑
i=1

(Iji +pji)+
f∑

l=1
t (19)

v represents the number of perturbations applied to a specific
feature, f denotes the total number of input features, and Iji

indicates the estimated parameters derived from the response
matrix. The notation pji denotes the ability estimate of the
relevant feature, whereas t represents the total score obtained
from classification results, defined as:

t =
i′∑

i′=1
P (Uij = 1|θj)−

i′′∑
i′′=1

(1−P (Uij = 1|θj)) (20)

i′ denotes instances that are correctly classified, while i′′ in-
dicates instances that are misclassified. This scoring mecha-
nism guarantees that features with substantial influence on
predictions are assigned a higher interpretability ranking,
whereas those with negligible impact are ranked lower.
The advantage of eXirt is particularly evident in multimodal
medical data, where features originate from diverse sources.
In high-dimensional datasets, conventional feature attribution
methods may inadequately represent the intricate interactions
among various modalities. For instance, in the context of a
diagnostic model for Alzheimer’s disease, eXirt could indi-
cate that hippocampal atrophy (by MRI), genetic risk factors
like the presence of the APOE4 allele, and cognitive assess-
ment scores would collectively influence the classification
outcomes of the model. eXirt could enhance interpretability
by quantifying the role of each feature through a structured,
response-driven method, thereby providing essential reliabil-
ity for high-stakes decision-making, including clinical diag-
noses.
In contrast to other model-specific explanation methods,
eXirt incorporates a probabilistic perspective into explain-
ability, aligning feature importance with established psycho-
metric evaluation principles. This provides a structured and
theoretically informed method for feature ranking, allowing
healthcare practitioners to comprehend the rationale behind
prioritising specific inputs in a prediction. eXirt enhances
trust in AI-driven decision-support systems by integrating ex-
plainability with reliability, enabling clinicians and medical
researchers to make informed and accountable interpretations
of model predictions.

A.3 Intrinsic Model
Intrinsic models have an inherent interpretability, which is
crucial when dealing with complex multimodal medical data,
including clinical notes, imaging, and genetic information.
Models like linear models, logistic regression, decision trees,
and explainable boosting machines each provide varying de-
grees of interpretability and detail, making them suitable for
medical applications. Linear models are fundamental, as-
suming a linear relationship between the input variables and
the outcome. For example, a linear regression could predict
patient recovery time based on a combination of numerical
data, such as age and white blood cell count, and coded cate-
gorical data, such as multiple medical conditions [250, 251].
In a linear regression model used to predict heart disease risk
using multimodal medical data, the equation might look like
this:

g(z) = β0 +β1 × Age +β2 × BP +β3 × CL (21)

g(z) represents the predicted risk of heart disease, β0 is the
baseline risk when all factors are zero, and β1, β2, and β3
are coefficients that indicate how much each factor - age,
blood pressure (BP), and cholesterol level (CL) affects the
risk. Each coefficient reflects the expected increase in disease
risk associated with a one-unit increase in its corresponding
feature, helping medical professionals understand the impact
of these variables on heart health.
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Logistic regression is an extension of linear regression used
for classification problems, such as determining whether a
disease is present or absent. It predicts the probability of a
binary outcome by using the formula:

P (y = 1|x) = 1
1+e−(β0+

∑
βixi)

(22)

This model incorporates various types of data, such as imag-
ing features and genetic markers, where β0 is the baseline
effect when all other variables are zero, and βi are the co-
efficients indicating how significantly each variable xi influ-
ences the likelihood of the disease. This setup provides a
clear understanding of how different factors contribute to the
probability of a disease occurring.
Decision trees efficiently manage multimodal data by cate-
gorising patients using the GINI index, a measure of data pu-
rity at each node. The equation for the GINI index is:

GINI = 1−
k∑

j=1
p2

j (23)

where pj represents the proportion of each class j within a
node and k is the number of classes. For instance, in predict-
ing heart disease, a decision tree might evaluate splits like
patient age, using the GINI index to find the most effective
division. If splitting by age, one group could be under 45
years old with a GINI of 1 − (0.72 + 0.32) = 0.42 and an-
other 45 or older with a GINI of 1 − (0.42 + 0.62) = 0.48.
The tree selects the feature and threshold that minimize the
GINI, continually refining the data split at each node until
it meets specific criteria like maximum depth or minimum
node size, ensuring a clear and statistically robust pathway
from patient data to diagnosis.
Explainable Boosting Machines (EBM) is a predictive tool
that integrates the advantages of boosting methods in ma-
chine learning with the transparency and interpretability of
decision trees and generalised additive models [181]. Typ-
ically, EBMs utilize a sequence of compact decision trees,
each tailored to a distinct data category. For instance, one
tree is designated for imaging features, another for clinical
parameters, and another for genetic markers. By employ-
ing this methodically organised strategy, EBMs can preserve
a significant degree of interpretability, given that every tree
concentrates on elucidating precisely how its specific col-
lection of features influences the overall prognosis. Further-
more, EBMs optimize performance by focusing on particular
characteristics within each data domain. This guarantees that
the model not only generates precise predictions but also pro-
vides valuable insights into the correlation between different
categories of data and the anticipated results. EBMs are es-
pecially advantageous in intricate settings such as healthcare,
where comprehending the impact of various data streams is
vital.
The transparency of these models builds trust among medical
practitioners and patients by clearly illustrating the reason-
ing behind clinical decisions, which is particularly important
when decisions have significant health outcomes.

A.4 Usage, Limitations, and Complexity
Comprehending the assumptions and trade-offs of explain-
able AI (XAI) methodologies is crucial for their effective use
in clinical environments. Techniques such as LIME, SHAP,
Grad-CAM, and CAM are extensively employed, each pos-
sessing unique advantages and drawbacks, as outlined in Ta-
ble 6. These methods are customised for distinct data types
and applications, exhibiting differing computational expense
and interpretability degrees.
LIME and SHAP are effective methods for interpreting pre-
dictions, particularly in tabular datasets and structured elec-
tronic health records (EHRs). Both methods depend on per-
turbing or sampling data points, which may result in mis-
takes within strongly correlated feature spaces, characterised
by overlapping laboratory markers or co-occurring symp-
toms. SHAP is sometimes seen as more theoretically ro-
bust. However, it is typically computationally demanding,
especially with extensive datasets or intricate models. eXirt
offers a systematic method for explainability by incorporat-
ing Item Response Theory (IRT) principles to evaluate fea-
ture significance in tree-ensemble models. eXirt systemati-
cally perturbs input features, treated as test items, to gener-
ate a response matrix that quantifies their influence on model
decision-making. This methodology is especially pertinent
for multimodal medical datasets, where the interconnections
among structured electronic health records, genomic data,
and imaging biomarkers are essential for diagnostic mod-
elling. In contrast to LIME or SHAP, which assess individ-
ual feature contributions in a model-agnostic way, eXirt pro-
duces probabilistic feature rankings informed by difficulty,
discrimination, and guessing parameters, rendering it particu-
larly effective for high-dimensional and heterogeneous med-
ical datasets. Nonetheless, its dependence on perturbations
and response modelling may lead to sensitivity regarding fea-
ture dependencies and necessitate moderate to high compu-
tational expenses.
Conversely, Grad-CAM and CAM are particularly effec-
tive for image-centric applications, including lesion locali-
sation in MRI scans and identifying questionable areas in
histopathological images. Grad-CAM offers imprecise ex-
planations centred on the last convolutional layer, whereas
CAM necessitates architectural attributes such as global aver-
age pooling, potentially restricting its applicability to specific
neural networks. Alternative strategies tackle various faces
of interpretability. Integrated Gradients and DeepLIFT pro-
vide pixel- or feature-level attributions and can process struc-
tured data, medical imaging, or omics datasets. Nevertheless,
their reliance on baseline selection may introduce biases, and
their computational expense might escalate for models ne-
cessitating multiple interpolation stages. Layer-wise Rele-
vance Propagation (LRP), intended for convolutional neural
networks (CNNs) and deep neural networks (DNNs), disag-
gregates predictions to input features; even so, it is sensitive
to redistribution rules that necessitate careful adjustment.
Rule-based methodologies such as Anchor Explanations and
case-based reasoning prioritise simplicity and intuitiveness,
frequently demonstrating efficacy with structured electronic
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Table 6. XAI Methods: Usage, Limitations, Computational Cost, and Datatypes

Method Typical Clinical Use Key Limitations/Assumptions Computational Cost Datatype
LIME [229] Explaining individual diagnoses (e.g.,

sepsis prediction from lab parameters)
Limitations: May require dense sampling, leading to high
computational costs; sampling introduces uncertainty, po-
tentially resulting in variable explanations for the same in-
put.
Assumptions: Assumes local linearity and feature indepen-
dence during perturbations, which may not hold in complex
medical data.

Moderate; requires repetitive per-
turbations around the instance

Structured EHRs

SHAP [6] Local and global feature attribution
(e.g., stroke prediction integrating demo-
graphic and imaging data)

Limitations: Computationally expensive for large feature
sets; KernelSHAP is particularly costly in high dimensions.
Assumptions: Assumes feature independence, which may
not hold in medical data.

Potentially high; Tree-
SHAP/DeepSHAP versions
mitigate cost for tree/DNN models

Structured/Unstructured
EHRs, Image Data

eXirt [171] Global and local explainability in tree-
ensemble models (e.g., ranking feature
importance in multimodal disease risk
prediction)

Limitations: Designed specifically for tree-ensemble mod-
els; may not generalize well to other architectures.
Assumptions: Assumes perturbation-based response be-
havior follows IRT principles; feature dependencies may in-
fluence interpretability.

Moderate to high; requires iterative
feature perturbations and response
matrix computations

Structured EHRs,
Omics, Imaging
Biomarkers

Grad-CAM
[227]

Localizing lesions in medical images
(e.g., tumor boundaries on MRIs)

Limitations: Focuses on the last convolutional layer, lead-
ing to coarse heatmaps that may miss fine-grained details.
Assumptions: Assumes the most relevant features are in
the final convolutional layer.

Relatively low; one forward + one
backward pass for the target class

Image Data

CAM [214] Highlighting discriminative regions in
CNN-based classification (e.g., suspi-
cious tissues in histopathology)

Limitations: Requires global average pooling before the fi-
nal layer; limited to specific architectures.
Assumptions: Assumes the discriminative power is cap-
tured in a linear combination of feature maps.

Low to moderate; depends on CNN
architecture constraints

Image Data

Integrated Gra-
dients [240]

Pixel-level or feature-level attribution in
structured data (e.g., tabular data on lab
results) and medical images

Limitations: Choice of baseline significantly impacts re-
sults; gradient saturation can still be an issue.
Assumptions: Assumes interpolation along a straight path
between baseline and input provides meaningful attribu-
tions.

Moderate to high; requires multiple
forward/backward passes for inter-
polation steps

Structured EHRs, Im-
age Data

DeepLIFT [223] Feature attribution in DNNs (e.g., ana-
lyzing which genes or lab values cause a
high-risk prediction)

Limitations: Baseline selection can introduce bias; may be
less interpretable for non-standard activation layers.
Assumptions: Assumes differences in neuron activations
relative to a baseline provide meaningful explanations.

Similar to integrated gradients, it
does multiple passes through the
network; overall moderate

Omics, Structured
EHRs

Layer-wise Rel-
evance Propaga-
tion (LRP) [4]

Decomposes CNN or DNN predictions
back to input features (e.g., highlighting
critical pixels for skin lesion classifica-
tion)

Limitations: Highly sensitive to the redistribution rule used
for relevance propagation.
Assumptions: Assumes relevance can be decomposed
layer by layer in a meaningful way.

Moderate; one backward pass per
prediction for relevance propaga-
tion

Image Data

Anchor Expla-
nations [252]

Local rule-based explanation for classi-
fication (e.g., describing minimal condi-
tions that firmly fix a diagnosis outcome)

Limitations: May require dense sampling, leading to high
computational costs; sampling introduces uncertainty, po-
tentially resulting in variable explanations for the same in-
put.
Assumptions: Assumes high-precision rules can anchor
predictions effectively.

Moderate; relies on sampling-based
coverage checks for rule anchors

Structured EHRs

Contrastive
Explanation
Method (CEM)
[218]

Local explanations focusing on Pertinent
Positives/Negatives (e.g., minimal needed
features for diagnosing pneumonia vs.
minimal absent features)

Limitations: Computationally expensive due to iterative
optimization; struggles with high-dimensional data.
Assumptions: Assumes minimal perturbations that flip
predictions provide meaningful contrastive explanations.

High; requires iterative optimiza-
tion to identify positives/negatives

Structured EHRs,
Omics

ProtoPNet [253] Example-based reasoning in CNNs (e.g.,
linking new chest X-rays to “prototype”
X-rays learned during training)

Limitations: Performance depends on prototype diversity
and interpretability; tuning prototype dimensions is chal-
lenging.
Assumptions: Assumes learned prototypes effectively rep-
resent real-world data clusters.

Moderate to high; prototypes re-
quire memory/space, but explana-
tion is more intuitive (case-based)

Image Data

Case-Based
Reasoning
(CBR) [233]

Uses a “library” of medical cases to ex-
plain new predictions via similar past ex-
amples (e.g., referencing previous patient
files)

Limitations: The case library must be large and diverse to
ensure meaningful explanations; similarity metrics can be
misleading if not carefully chosen.
Assumptions: Assumes past cases provide relevant and
generalizable explanations for new cases.

Varies; typically moderate; case re-
trieval cost depends on library size
and indexing strategy

Structured/Unstructured
EHRs

Counterfactual
Explana-
tions [225, 226]

Clarifies what minimal changes would al-
ter the diagnosis (e.g., slight changes in
lab values to reduce the risk class)

Limitations: Finding actionable and plausible counterfac-
tuals is challenging; correlated features can make genera-
tion unreliable.
Assumptions: Assumes minimal feature modifications pro-
vide meaningful insight into model decisions.

High in naive search-based ap-
proaches; advanced methods
(GAN-based) can mitigate cost but
add complexity

Structured EHRs, Be-
havioral Data

health records (EHRs). Anchor Explanations employ mini-
mal prerequisites to elucidate an outcome effectively but en-
counter difficulties with continuous or highly connected vari-
ables. Case-based reasoning depends on a repository of com-
parable examples for forecasting and explanation, portraying
the quality of its outputs as significantly reliant on the diver-
sity of the repository and the similarity metrics utilised.
Approaches such as ProtoPNet and counterfactual expla-
nations offer distinct interpretive frameworks. ProtoPNet
links predictions with acquired prototypes, providing a more
comprehensible reasoning framework, particularly for image
data. Counterfactual methodologies elucidate the smallest
modifications to input variables that could modify a diag-
nosis, proving especially beneficial for behavioural data or
structured electronic health records (EHRs). Generating ac-
tionable counterfactuals is computationally intensive and ne-
cessitates accurate management of feature correlations and
domain limitations.

According to Table 6, the appropriate XAI approach depends
upon the particular clinical application, the nature of the data
under analysis, and the available computational resources.
By comprehending these details, researchers and clinicians
can more effectively utilise XAI techniques to enhance trans-
parency and confidence in AI-driven healthcare systems.

B Visual Approach
Visual explanation techniques improve the interpretabil-
ity of complex AI models, especially in medical applica-
tions. By visually emphasising essential input features, clin-
icians can naturally and efficiently understand AI predic-
tions, thus improving trust and providing informed decision-
making in critical circumstances. Significant methods in-
volve attribution-based explanations that assess the influ-
ence of particular input features on model outputs. This is
achieved through techniques including saliency based expla-
nations, perturbation based explanations, concept-based ex-
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B Visual Approach

planations, decomposition methods, and contrastive methods
as shown in Figure 14. Example-based explanations pro-
vide a distinct perspective by utilising prototypes, counterfac-
tual explanations, and case-based reasoning to contextualize
model reasoning. Interactive tools like Intel’s Explainable
AI Toolkit, Microsoft’s InterpretML, and Google’s What-
If Tool enable users to engage with models, facilitating the
analysis of feature importance and the observation of pre-
diction changes in response to input variations. These tech-
niques collectively establish a comprehensive framework for
enhancing explainable artificial intelligence (XAI) in health-
care. They facilitate the integration of various data types,
such as imaging, clinical parameters, and genomic informa-
tion, to tackle the specific challenges associated with multi-
modal medical data.

B.1 Attribution-based Explanations
Based on the level of abstraction, the attribution methods can
be classified into two categories - Feature-based attribution
(low level) and Conceptual attribution (high level).

Attribution based
Explanations

Feature based
Attribution

Conceptual
Attribution

Saliency based
Explanations

Perturbation based
Explanations

Concept based
Explanations

Decomposition
Methods

Contrastive
Methods

Fig. 14. Classification of Attribution-based Explanation Methods based on level of
abstaction

Attribution-based methods aim to quantitatively evaluate the
contribution of individual input features to a model’s predic-
tions. These techniques are particularly important in medi-
cal applications, as they help identify the most critical ele-
ments of the data, thereby enhancing trust in the model’s out-
puts and supporting clinical decision-making. In multimodal
settings, attribution methods are instrumental in analysing
the impact of diverse data sources and their interactions on
predictions. Broadly, feature attribution methods can be
categorised into two primary types: saliency-based meth-
ods and perturbation-based methods. Additionally, concep-
tual attribution approaches can be divided into three cate-
gories: concept-based explanations, decomposition methods,
and contrastive methods.
Saliency-based Explanations Saliency map-based methods
are famous for XAI in computer vision tasks, as they can
highlight regions of the input data that affect the model’s
output most strongly [234]. It is referred to as explanations
through heatmap, sensitivity map, feature importance map or
feature attribution map in literature [254–257]. These meth-
ods are extremely valuable in multimodal medical data - such
as combining the clinical metadata with the medical imaging

(e.g. CT, PET, MRI, or X-ray), as these methods can bring the
clinician’s attention to the most valuable features or anatomi-
cal structures relevant for the diagnostic decision. By making
the reasoning patterns of an underlying model more transpar-
ent, saliency maps help reduce the black-box concerns to a
great extent [258].

From the methodology-based standpoint, backpropagation is
what saliency maps rely on. Early models measure each
pixel’s importance using Vanilla Gradient extractions with re-
gard to the input pixels [215]. Later improvements change
the backward pass to produce finer, more interpretable gra-
dient maps using Guided Backpropagation [259] and the
DeConvNet method [260]. Grad-CAM and Grad-CAM++
[227, 228] include class-specific gradient signals in convo-
lutional feature maps, therefore allowing coarse localisation
of relevant regions in 2D or 3D medical scans. Modern ap-
proaches, such as Integrated Gradients [239], solve gradi-
ent saturation concerns. By averaging across several noisy
inputs, techniques such as SmoothGrad [237] and Smooth-
GradCAM++ [238] lower noise in saliency maps; Layer-wise
significance Propagation (LRP) [4] methodically assigns sig-
nificance to every pixel or voxel by propagating predictions
backwards through the network layers.

Saliency maps can highlight the essential words and phrases
in textual data such as electronic health records (EHRs). For
a trained classification model, phrases such as "shortness of
breath" or "chest pain" in clinical notes, when highlighted
by the saliency-based XAI model, give more confidence to
the medical decisions of the experts [261, 262]. Saliency
maps help experts understand patients’ medical history in
less time, which can be crucial for doctors to serve more pa-
tients per day. In the case of time-series data such as Elec-
trocardiograms (ECGs) and Electroencephalograms (EEGs),
the saliency maps, can highlight specific waveform features
and time stamps, which helps medical experts save time when
diagnosing a heart condition or a brain seizure [263, 264]. In
models integrating multimodal data, such as imaging, EHR
data, and lab test results, saliency maps can be applied indi-
vidually on each data type and presented to the medical ex-
pert for their decision to be aided [265]. Applied across MRI
modalities including T1, T1C, T2, and FLAIR, Figure 15
shows the use of saliency maps produced using guided back-
propagation and Shapley Value Sampling. Modality-Specific
Feature Importance (MSFI) scores were derived from these
maps and compared with doctor ratings.

Perturbation-based Methods Perturbation-based methods
aims at changing the input feature in such as way that it af-
fects the model output. The most significant perturbation-
based approaches include LIME [229], SHAP [6], Ker-
nelSHAP [224], Occlusion [260], meaningful perturbations
[267], real-time perturbations [268], extremal perturbations
[269], randomised input sampling for explanation (RISE)
[270], and hierarchical perturbations (HiPe) [271]. Malhi et
al. [272] used perturbation approaches to explain the pre-
diction of medical diagnosis algorithms, namely the LIME
method, to explain a classifier’s decisions to detect bleeding
in gastral endoscopic images. Similarly, Punn et al. [273]
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Fig. 15. MRI images of a high-grade glioma, alongside saliency maps generated
by two methods: Guided Backpropagation and Shapley Value Sampling [266]. This
Figure is licensed under CC-BY-NC-ND.

employed the LIME technique to explain the predictions of
multiple cutting-edge deep learning models that categorize
pulmonary illnesses in chest X-ray images. Magesh et al.
[274] employed LIME to justify the choices of a Parkinson’s
disease classifier model. For melanoma recognition, Young
et al. [275] used the Kernel SHAP [6] interpretability ap-
proach to test its reliability in explaining a melanoma clas-
sifier from dermoscopy images. They concluded that the in-
terpretability technique emphasised unimportant elements to
the final prediction. The authors also ran sanity checks on the
interpretability approaches, confirming that they frequently
offer alternative interpretations for models with equal per-
formance. This can be explained by the model’s ability to
learn some spurious associations, causing interpretability ap-
proaches to overestimate the relevance of spurious regions
emphasised on the resulting saliency maps. In the same con-
text, Wang et al. [276] suggested a multimodal CNN for skin
lesion identification that took into account both patient meta-
data and skin lesion images. They used SHAP to examine
each feature’s contribution to patient metadata. Similarly,
Eitel et al. [277] used an occlusion-based interpretability
method [260] and tested its robustness for Alzheimer’s dis-
ease categorisation. GeneXAI framework [278] identified top
genes in stages I and II using LIME and SHAP utilising early
fusion for extracting the multimodal features.

Concept based Explanations Concept-based explanation
methods aim to establish a connection between human and
machine perception by connecting model decisions with con-
cepts that are more abstract and understandable to humans
[279]. They help decode machine learning (ML) models that
analyse multimodal medical data [280], which may include
formats such as EHRs, behavioural data, omics data, sensors
data, or images. Using concept-based explanations, we can
associate model decisions with clinically significant concepts
across diverse data types, providing a clear understanding of
diagnoses and prognoses.

Concept-based explainability methods provide a structured
framework for this interpretation. At the neuron level, meth-
ods like Network Dissection reveal how specific neurons
encode features such as anatomical structures or molecular
signatures. Layer-level methods, including Concept Activa-
tion Vectors (CAVs), extend this understanding by identify-
ing how groups of neurons collectively represent higher-level
concepts like disease patterns or pathological markers. Con-
cept Bottleneck Models (CBMs) [281] further refine this by
explicitly mapping these concepts to dedicated neurons, of-
fering direct insights into a model’s decision-making process.
Finally, probing methods evaluate the extent to which lay-
ers or neurons capture nuanced relationships, such as mul-
timodal interactions between imaging data and clinical vari-
ables. Together, these approaches offer granular and holistic
interpretability that is invaluable for medical diagnostics.

Table 7 summarises these methods into categories, types, and
examples to provide a comprehensive overview of the diverse
methodologies in concept-based explanations. It systemat-
ically organises the types of concepts (e.g., symbolic, unsu-
pervised, prototypes, and multimodal) and explanations (e.g.,
class-concept relations, node-concept associations). A brief
description and example methods or techniques are presented
in each type. This categorisation highlights the broad ap-
plicability of concept-based methods across domains, from
post-hoc techniques like TCAV [241] and CRAFT [282] to
explainable-by-design models such as CBMs [281] and Pro-
toPNet [253]. For instance, symbolic concepts highlight
human-aligned interpretations of features like colour or shape
[241], while temporal concepts explore time-sequenced data
like motion patterns in video analysis [283]. Similarly, mul-
timodal concepts bridge data types, such as linking imaging
and text, to enhance semantic understanding [213, 284]. By
mapping these methodologies to their respective examples,
the table provides an essential reference for navigating the
field of concept-based AI explainability.

A model may analyse imaging data and genetic information
in the context of cancer diagnosis. By combining particular
genetic markers with specific textural features in a tumour
image [285], concept-based explanations may recognise how
this information influences the classification of cancer type
by the model. In this context, concepts such as genetic mu-
tation types derived from genomic sequences or tumour tex-
ture extracted from MRI scans are crucial for rendering the
model’s reasoning comprehensible to clinicians. By organis-
ing such methods into categories, Table 7 guides researchers
and practitioners to identify suitable tools for specific inter-
pretability challenges. In treating chronic diseases such as
diabetes, models may analyse patient medical records, lab-
oratory findings, and continuous glucose monitoring infor-
mation. In this context, concepts such as past treatments’
responses to glucose level trends or historical glucose level
trends could be utilised to comprehend and forecast patient-
specific reactions to various treatment strategies.

Using concept-based explanations in healthcare contexts
clarifies the model’s decision-making process and augments
the confidence and practicality of AI applications. By en-
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abling healthcare professionals to cross-check the AI insights
with established clinical knowledge and practical experience,
they ensure the scientific validity and clinical relevance of the
model’s predictions.
Decomposition Methods Unlike LIME and SHAP, which fo-
cus directly on input features, Layerwise Relevance Propa-
gation (LRP) begins at the network’s output layer. It redis-
tributes the output prediction via the network layers until it
reaches the input layer. This redistribution is based on each
neuron’s contribution to the next layer’s activity, which ef-
fectively decomposes the output into contributions from all
neurons in the network. This procedure shows the paths via
which significant neurons (and, eventually, input features) in-
fluence the output, resulting in a precise map of how input
features are processed across the network to contribute to the
final choice. DeepLIFT [304] decomposes the output predic-
tions back through the network by comparing the influence of
each neuron activation to a reference activation. DeepLIFT,
like LRP, allows us to understand the contribution of each in-
put feature across layers of a deep neural network, making it
extremely useful in the context of deconstruction. Integrated
Gradients [240] correlate the network’s output prediction to
its inputs by integrating the gradients of the output to the in-
puts along a path from a baseline to the input. This technique
thoroughly dissects input contributions, similar to how LRP
tracks input influence through the network.
Contrastive Methods Contrastive Explanation Methods
(CEM) [218] include the concept of what should be mini-
mally and adequately present to justify its classification (Per-
tinent Positives), and what should be minimally and neces-
sarily absent (Pertinent Negatives). For instance, to validate
a high-risk stroke classification based on a male patient aged
60 with hypertension and significant arterial plaque, pertinent
positives such as these must be present due to their strong cor-
relation with stroke risk. Conversely, the absence of pertinent
negatives like protective genetic factors and adequate blood
pressure management supports this high-risk assessment. By
contrasting this profile with a similar demographic but clas-
sified as low risk where negative factors might be absent and
positive factors less pronounced, clinicians can better under-
stand and explain why this patient is categorised as high risk.
This systematic analysis aids clinicians in discussing preven-
tive measures and treatments with patients by highlighting
the underlying reasons for the model’s predictions.
White et al. 2023 [305] proposed CLEAR Image9 frame-
work, which utilised generative adversarial network (GAN)
to generate a synthetic image which acts as a contrast image
in image classification. CLEAR’s contrastive, counterfactual,
and measurable explanations outperformed Grad-CAM and
LIME. Using pointing games, it presented novel image ex-
planation, segmentation, and evaluation methods. Hager et
al. 2023 [306] presented a self-supervised contrastive learn-
ing framework which worked on the tabular and image data
for training unimodal encoders. They combined SimCLR
[210] and SCARF [307], two leading contrastive learning
techniques. The dataset contained MRI images and 120 fea-

9https://github.com/ClearExplanationsAI/CLEARImage

ture tabular data from 40000 UK Biobank subjects [308].
They used attribution and ablation-based experimentation to
discover tabular features, which contributed to understanding
shape and size, improving the quality of learned features.

B.2 Example based Explanations
Methods that describe a model’s decisions through a subset of
related instances are called example-based explanation meth-
ods. In addition to clarifying algorithmic decisions, clini-
cians frequently utilize these techniques to justify the rea-
soning that informs their decision-making. Classification of
example-based explanation methods includes (i) prototypes,
(ii) counterfactual explanations, and (iii) case-based reason-
ing.
Prototypes The prototypes-based explanation approach im-
plemented during model training entails acquiring knowledge
from a collection of "prototypes" that serve as visual aids
to depict distinct categories or classes (e.g., denoted by the
colours blue and orange in Figure 16). These prototypes ex-
emplify each class in an ideal manner. When a new image
is evaluated during the testing phase, the system extracts and
compares its features to those of the learned prototypes. It
employs a technique similar to cosine similarity to determine
the degree to which the characteristics of the new image re-
semble those of each prototype. Subsequently, the ultimate
classification prediction for the test image is ascertained us-
ing scores similar to the above. The system essentially pre-
dicts the class of the new image through a comparison with
the best-matching examples learned during the training pro-
cess.
Yildirim et al. 2024 [309] integrated large language models
with vision encoders in radiology, can improve multimodal
medical explainable AI (XAI), particularly within prototype-
based methods. This work enables the creation of inter-
pretable prototypes that represent typical or atypical medi-
cal cases, by utilising vision-language models (VLMs) for
tasks such as generating radiology findings and answering
visual queries. Clinicians were involved in the iterative, mul-
tidisciplinary design process, which guarantees that these
prototypes are technically accurate and clinically pertinent.
This process increased their acceptance and utility in med-
ical practice. The potential for the expansion of prototype-
based XAI across healthcare is underscored by these collabo-
rative endeavors, which provide a comprehensive framework
for developing interpretable and trustworthy AI tools.
Cheng et al. 2023 [310] introduced a novel prototype repre-
sentation learning framework emphasising the granularity of
multimodal interactions by concentrating on global and lo-
cal alignments between medical images and reports. Their
framework incorporated a local alignment module for more
precise representation and a cross-modality conditional re-
construction module to facilitate the exchange of informa-
tion between modalities during the training phase, in contrast
to conventional methods that primarily rely on global multi-
modality alignment. This was accomplished by reconstruct-
ing obscured images and reports. A sentence-wise prototype
memory bank is implemented for lengthy reports, increasing
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Table 7. Concept and Explanation Types in Concept-based Explanations

Category Type Description Examples/ Methods
Concept
Types

Symbolic Concepts Human-defined, interpretable features such as colour, shape, or material.
These concepts are directly aligned with human understanding.

TCAV [241], CAR [286], Network Dis-
section [287]

Unsupervised Concept
Bases

Automatically discovered clusters of features in a model’s latent space. Re-
quires no manual annotations.

ACE [288], ICE [289], CRAFT [282]

Prototypes Specific instances that represent a concept or class. Common in case-based
reasoning to identify critical features or examples in data.

ProtoPNet [253], ProtoTree [290], Pro-
toPShare [291]

Temporal Concepts Concepts derived from time-sequenced data, such as motion patterns or tra-
jectories in video models.

Temporal TCAV [283], Spatial-
Temporal Concept Analysis [292]

Multimodal Concepts Concepts represented across multiple modalities, such as vision-language
models, to capture richer semantic relationships.

Concept Transformers [284], DIME
[213]

Textual Concepts Concepts represented by embeddings derived from textual data, enabling
alignment with natural language.

Label-free CBM [281], Vision-
Language Models [293, 294]

Explanation
Types

Class-Concept Relation Describes the influence of a concept on a specific class decision, aiding in
model debugging and feature attribution.

TCAV [241], CaCE [295], Concept Im-
portance Estimation [289]

Node-Concept Associa-
tion

Associates individual neurons or filters with specific concepts to trace inter-
nal representation alignment.

Net2Vec [296], Concept Neurons [297],
Guided Concept Projection Vectors
[298]

Concept Visualisation Visualises how a model represents and uses concepts in its decision-making
process, often highlighting interpretable regions in input data.

ProtoConcept [299], CRAFT [289], Ac-
tivation Maps [282]

Ontological Commit-
ment

Captures relationships between concepts (e.g., hierarchical or logical) to ver-
ify consistency with human cognition or predefined rules.

Concept Hierarchies [300], Region-
Based Representations [301, 302]

Temporal Dynamics Explains how concepts evolve over time, critical in dynamic or sequential
decision-making systems like video models.

Optical Flow-Based Concept Extraction
[283, 303]

Similarity Metric

CNN

Test Image
Feature Map Feature Vector Prototypes

FC Layer

Class
Prediction

Pulmonary Fibrosis

Fibrotic Myeloma

0.91

0.02

Fig. 16. Prototype Explanation using CNN for Chest X-ray Test Image. Adapted from [21]. This image is licensed under CC BY 4.0.

the network’s emphasis on critical clinical linguistic aspects
and detailed visual features. Furthermore, the framework in-
troduced a generation paradigm that is non-auto-regressive
and is designed for the reconstruction of non-sequential re-
ports.

Counterfactual Explanations Counterfactual XAI for multi-
modal data need the utilisation of a black-box model f(·), a
diverse dataset x consisting of different types of data such as
images and text, and a specific target class yt. This approach
utilises a concept library C = {c1, ..., cN } consisting of N
keywords. It generates a vector w that represents the rele-
vance scores for each idea. The score wi represents the de-
gree to which the concept ci needs to be adjusted to align the
model’s prediction with yt. A perturbation function p(·) takes
as input the model f , dataset x, concept library C, and scores
w, and generates a modified prediction yp. The objective is to
identify the most favourable scores w∗ that reduce the dispar-
ity between yt and yp, by employing cross-entropy loss. This
approach is valuable in multimodal situations for demonstrat-
ing the impact of diverse data kinds on predictions. It aids in
identifying the required modifications for successful classifi-
cation and understanding the factors contributing to precise
predictions for a selected yt [311, 312].

For instance, a machine learning model has been taught to
identify diseases using various types of medical data, such as

X-ray images and textual medical observations. A potential
counterfactual explanation for this model could entail mod-
ifying the input data, such as adjusting specific clinical fac-
tors or pixel values in an image, to change the model’s di-
agnosis from "pneumonia" to "no pneumonia." These tweaks
aid in pinpointing the slightest alterations required to alter
the forecast, providing doctors with concrete insights into the
decision-making criteria of the model.

Figure 17 shows a generative model for medical diagnosis
counterfactual explanations. Multimodal data, including a
test image and written report, are sent into an encoder, com-
pressing them into a latent space representation (z). This
representation uses a decoder to reconstruct a counterfac-
tual example using image and text data. This example shows
how little modifications modify the model’s prediction. This
counterfactual output helps the clinicians understand the sce-
nario and explain the reasoning to the patient.

One of the early model-agnostic counterfactual techniques
for Explainable AI (XAI) is WatcherCF [313], which is par-
ticularly noteworthy. Another method, Feasible and Action-
able Counterfactual Explanations (FACE) [226], produces
comprehensible counterfactual explanations by calculating
the shortest path distances weighted by density. Diverse
Counterfactual Explanations (DiCE) [225] generate a variety
of distinct counterfactual explanations for a given occurrence
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Fig. 17. Counterfactual Explanations over Multimodal Data. Adapted from [21].
This image is licensed under CC BY 4.0.

x, enabling users to select explanations that are easier to un-
derstand. CF-GNNExplainer [219] is designed to work with
graph data. It uses sparsification methods to remove edges
from the original adjacency matrix repeatedly. This process
allows it to observe changes in prediction and determine the
slightest perturbation needed based on edge reduction.
Zhou et al. [235] worked using Sparse CounterGAN (SC-
GAN) to create counterfactuals using modified MR images
of breast cancer with desired traits or outcomes. Radiomic
characteristics from MR images, alongwith tabular infor-
mation from other patients, were used to train a generator-
discriminator GAN. The generator generated masked resid-
uals to construct a realistic yet counterfactual instance from
the input data. The discriminator and classifier ensure that
these counterfactuals are realistic and represent a distinct
class outcome, such as a non-tumour condition. Oh et al.
[314] proposed a framework that integrated counterfactual
explanations in AI to improve Alzheimer’s disease diagno-
sis using MRI. It generates counterfactual maps that hypo-
thetically transform normal brain images to show features
of Alzheimer’s, guiding both model learning and refinement.
They termed it a learn-explain-reinforce (LEAR) framework
that uses these maps to help the model focus on relevant fea-
tures and improve its generalisation capabilities. This cyclic
process of learning and reinforcement was validated with
qualitative and quantitative analyses on the Alzheimer’s dis-
ease neuroimaging initiative (ADNI) dataset [315], demon-
strating enhanced model performance and comprehensibility
compared to existing methods.
Metsch et al. [220] created the CLARUS platform (Figure
27 that integrated counterfactual XAI to enhance the under-
standing and trust in AI models used in clinical decision sup-
port systems. Holzinger et al. [316] addressed the inclu-
sion of counterfactual reasoning into explainable AI (XAI)
frameworks via Graph Neural Networks (GNNs). Their pri-
mary contribution is a multi-modal feature representation
space that integrates data modalities such as images, text, and
genomics, utilising interaction and correspondence graphs
(ICGs) for fusion (Figure 18). Knowledge bases function as
links to establish linkages among modalities. Graph Neural
Networks (GNNs) are essential for establishing causal rela-
tionships between features using graph structures, hence al-
lowing more robust and accessible explanations. This con-
nects AI assessment to individual conceptual comprehension,

improving the quality of explanations through causability, a
term coined by the authors to assess the efficacy of explana-
tions in facilitating human causal understanding.

Fig. 18. Graph Fusion [316]. This image is licensed under CC BY 4.0.

Case-based Reasoning Vásquez-Morales et al. [233] imple-
mented and validated Neural Network output explanation us-
ing case-based reasoning (NN-CBR) dual system. Bichin-
daritz et al. [317] proposed an explainable AI (XAI) frame-
work for cancer survival analysis using a deep neural net-
work (DNN) and case-based reasoning (CBR). This method
largely used an autoencoder network and prototype layer.
The prototype layer receives autoencoded training input fea-
tures. This layer’s weight vector matches the encoded input,
making input effects easy to explain. The model’s total loss
function includes the negative log partial likelihood from the
Cox model (common in survival analysis), the autoencoder
loss, and two variables that guarantee intelligible prototype
distances. This advanced loss function balances prediction
accuracy and model interpretability. Shapley Additive Ex-
planations (SHAP) quantify each feature’s contribution to
the model’s predictions to aid explanation. This integrated
SHAP-based prototype-based reasoning method completely
explains model variables and particular predictions.
A strategy to increase clinician trust in AI-based clinical de-
cision support systems by simplifying AI explanations was
described by Corbucci et al. [318]. It presented an approach
to use natural language processing (NLP) embedding meth-
ods and medical ontologies to enhance AI explanations with
relevant clinical information about a patient’s health status.
This technique tries to improve the relevance and dependabil-
ity of the explanations produced by AI by linking data from
the patient’s healthcare notes. First tests using a human spe-
cialist yielded encouraging findings in determining essential
details regarding the patients’ illnesses.
Prototypical Part Network (ProtoPNet) [253] is a deep net-
work architecture intended to improve image classification
tasks by simulating human-like reasoning under the case-
based reasoning category. ProtoPNet functioned by classi-
fying images by combining evidence from the prototypes it
found. This technique is similar to specialists like doctors
and ornithologists who analyze images and identify impor-
tant details to categorize them. ProtoPNet simplifies train-
ing by requiring simply image-level labels for training rather
than thorough annotations for image components. Multi-
modal Prototype Network (MProtoNet) [319] is an exten-
sion of ProtoPNet for brain tumour classification utilising
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3D multi-parametric magnetic resonance imaging (mpMRI).
MProtoNet includes a novel attention module that uses soft
masking and an online CAM loss, providing more accurate
and relevant attention maps than conventional models that
depend on GradCAM. A significant difference from the 2D
focus of current models is that this method improves the lo-
calisation of attention regions appropriate to the 3D structure
of mpMRI data. Crucially, MProtoNet outperformed the met-
rics of localisation coherence and accuracy, obtaining these
outcomes without requiring labels annotated by humans dur-
ing training.

B.3 Interactive Tools
Utilising interactive tools in Explainable AI (XAI) is increas-
ingly crucial for improving the comprehensibility and practi-
cality of AI models, particularly in healthcare. Various plat-
forms and toolkits have been developed to facilitate interac-
tive explanations, allowing users to engage with AI models
directly, thus enhancing trust and understanding.
The Explainable AI Tools v0.6.0 Toolkit10, created by Intel,
provides a suite of tools for understanding and interpreting AI
systems. It offers multiple techniques for model interpretabil-
ity, including feature importance and visual explanations,
helping users comprehend the model’s decision-making pro-
cess. Similarly, Vertex AI11 integrates explainability capabil-
ities to study and interpret model predictions. The What-If
Tool12 [320], a component of Google Cloud, allows users to
analyze model behaviour by modifying input data and ob-
serving the resulting prediction changes, which is valuable
for detecting biases and understanding feature impacts.
Microsoft’s InterpretML framework13 [181] supports both in-
terpretable (glass box) and opaque (black box) models. It
incorporates SHAP and LIME to provide local and global in-
terpretability of machine learning models, helping users bet-
ter understand feature contributions and dependencies. Bhat-
tacharya et al. [321] introduced Explanatory Model Steering
(EXMOS)14, a framework enabling users to adjust prediction
models interactively. By gathering input from healthcare pro-
fessionals and patients, EXMOS provides data-based expla-
nations that enhance user interactions and outcomes.
The CLARUS platform15 [220] is an interactive tool designed
for generating counterfactual explanations for Graph Neu-
ral Networks (GNNs). It allows domain experts to fine-tune
node placements in GNNs to produce accurate and actionable
predictions, thereby improving the transparency and reliabil-
ity of AI systems in clinical settings.
ProtoPNet16 [253] and MProtoNet17 [319] enhance image
classification tasks by integrating detected prototypes. Pro-
toPNet is a prototypical part network that mimics human
cognitive processes, crucial in medicine for understanding

10https://github.com/IntelAI/intel-xai-tools
11https://cloud.google.com/vertex-ai/docs/explainable-ai
12https://pair-code.github.io/what-if-tool/
13https://github.com/interpretml/interpret
14https://github.com/adib0073/EXMOS/
15https://rshiny.gwdg.de/apps/clarus/
16https://github.com/ai-med/KeepTheFaith
17https://github.com/aywi/mprotonet

results. MProtoNet extends ProtoPNet to classify brain tu-
mours using 3D multi-parametric MRI, incorporating an at-
tention module to identify key regions in 3D medical data.
TSInterpret18 [322] and time interpret19 [323] are specialised
for interpreting time-series data, providing customised visu-
alisations essential for medical applications where temporal
patterns are significant.
AutoXAI4Omics20 [324] offers interactive visualisation for
complex biological data, aiding users in understanding how
omic features influence model decisions. The Magnitude
Constrained Optimization (MACO) method [325] enhances
visualisations in deep neural networks by maintaining the au-
thenticity of generated images. Used in conjunction with
the Concept Recursive Activation Factorization (CRAFT)
technique [289], MACO visualises extracted feature vectors
while ensuring they remain within the domain of natural im-
ages, thus improving interpretability. Although MACO does
not directly handle multimodal data, its ability to provide spa-
tial meaning to visualisations shows potential compatibility
with multimodal medical data. By integrating various clini-
cal data types or medical imaging, MACO offers comprehen-
sive visualisations that enhance the understanding of complex
medical processes. The DEEL AI project developed a neural
network explainability toolbox named Xplique21 to support
these advancements.
Lucid22 by Google improves the interpretability of neural
networks, especially those using TensorFlow. It emphasises
neuron, layer, and channel activations through techniques
like Activation Atlases, saliency maps, Grad-CAM, and inte-
grated gradients, optimising inputs in various representation
bases such as Fourier and wavelet transforms. The primary
goal of Lucid is to foster open research in neural network
interpretability.
These interactive tools and platforms underscore the growing
importance of explainability in AI, particularly in critical do-
mains like healthcare. They facilitate user interaction with AI
models and enhance understanding of their decision-making
processes, bridging the gap between complex AI technolo-
gies and user-friendly applications.

C Hybrid Approach
Alfeo et al. [326] proposed the Boundary Crossing Solo Ra-
tio (BoCSoR) strategy as a means to improve XAI technolo-
gies, with a specific focus on classifying mental states based
on fMRI data. This approach tackles the drawbacks of con-
ventional counterfactual explanations, which usually concen-
trate on particular results rather than the general behaviour
of the model, and SHAP, which requires a lot of computing
resources and is influenced by correlated factors. BoCSoR
combines feature importance analysis and counterfactual rea-
soning to identify how modifications in specific attributes
can lead an instance to breach the decision boundary of the

18https://github.com/fzi-forschungszentrum-informatik/TSInterpret
19https://github.com/josephenguehard/timeinterpret
20https://github.com/IBM/AutoXAI4Omics
21https://github.com/deel-ai/xplique
22https://github.com/tensorflow/lucid
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D Discussion

model, hence changing the classification outcome. BoCSoR
comprehensively evaluates feature importance by combining
local counterfactual discoveries and examining occurrences
close to this boundary. This approach is specifically de-
signed for analysing fMRI data and provides a more accu-
rate and computationally efficient understanding of how AI
models behave when categorising mental states. The authors
have proven that BoCSoR improves the comprehensibility of
AI models by emphasising the influence of discrete attribute
modifications on the overall categorisation.
Wolf et al. [327] expanded upon the ProtoPNet framework
[253] by introducing the Prototypical Part Faithful Expla-
nation (ProtoPFaith) approach. ProtoPFaith utilises Shapley
values obtained from prototype similarity scores to offer ex-
planations. This approach guarantees that the contribution of
each pixel is precisely quantified and elucidated, providing
a more authentic representation of the data’s role in predic-
tions. ProtoPFaith improves the clarity and reliability of ex-
planations by following explanation axioms, which increases
their comprehensibility and credibility.
These hybrid approaches demonstrate the creative combina-
tion of various XAI techniques to address specific restric-
tions, enhancing AI models’ interpretability and depend-
ability in intricate fields like mental state classification and
image-based predictions.

D Discussion
Approaches to explainable artificial intelligence (XAI) in-
cluding model-specific, model-agnostic, and intrinsic meth-
ods offer distinct advantages and limitations, each suited
to different data types and clinical requirements. Model-
specific techniques, such as Grad-CAM and CAM, are de-
signed for convolutional neural networks (CNNs) and ex-
cel in imaging applications by providing visual explanations
highlighting critical regions within medical images. These
methods are particularly valuable in scenarios where spa-
tial localisation of features is essential for clinical interpre-
tation, such as identifying abnormalities in radiology scans.
On the other hand, model-agnostic methods like LIME and
SHAP are adaptable to various machine-learning architec-
tures. They are particularly effective in analysing structured
or tabular data, such as electronic health records (EHRs).
By offering feature-level explanations, these approaches em-
power clinicians to understand the contribution of specific
variables, making them a preferred choice for data-driven
decision-making in healthcare contexts. Their flexibility en-
ables their use across various tasks without being tied to
a particular model type. Intrinsic models, including deci-
sion trees and Explainable Boosting Machines (EBMs), are
naturally interpretable due to their straightforward structure.
These methods prioritize simplicity and transparency, mak-
ing them well-suited for use cases where interpretability is
more critical than handling complex data. However, their
capacity to address the intricacies of multimodal data, such
as combining imaging and EHRs is limited. In such con-
texts, hybrid approaches that leverage the strengths of mul-
tiple techniques are essential. These integrative methods

enable a unified interpretation of multimodal data streams,
bridging gaps in understanding and supporting robust clin-
ical workflows. This discussion connects the requirements
of specific data modalities (outlined in Section 2) with the
practical challenges of implementation (detailed in Section
5). While each XAI approach addresses different aspects of
explainability, applying these methods in multimodal fusion
workflows and frameworks (explored in Section 4) is an area
of ongoing development. Continued innovation in this space
is critical to ensuring that clinical insights are effectively de-
rived while maintaining technical feasibility. This alignment
between clinical utility and technological adaptability is vital
for driving the adoption of XAI solutions in healthcare set-
tings.

4 Frameworks in XAI Data Visualisa-
tion

The emergence of XAI in medical data analysis highlights the
necessity for intuitive and robust visualisation frameworks
that address the complexity and diversity of clinical settings.
XAI visualisation strategies must evolve from static displays
into dynamic tools that deliver actionable insights, foster col-
laboration, and adapt to varied data workflows.
This part examines significant developments in XAI data vi-
sualisation frameworks, concentrating on three essential do-
mains: modality and data-specific visualisation techniques,
collaborative analysis workflows, and feedback-based ex-
planation enhancement. These frameworks address chal-
lenges such as handling high-dimensional data, integrating
multimodal inputs, and iteratively improving interpretability
through stakeholder feedback. This section analyses cutting-
edge methodologies, emphasising their practical uses, intrin-
sic limitations, and prospects for additional innovation. This
discussion explores how XAI visualisation bridges techni-
cal complexity and clinical applicability, enhancing trans-
parency, trust, and alignment with healthcare needs. Each
subject explores particular approaches, including insights
from current studies and their practical consequences.

A Visualisation techniques tailored to Modal-
ities

Enhancing explainability in medical data analysis requires
that techniques correspond to the varied demands of specific
fields. Challenges include high-dimensional omics data, real-
time decision-making requirements, and multimodal data in-
tegration, effectively handled through focused strategies that
connect technical solutions with domain-specific workflows.
Explainable AI for Dermatology (ExAID-2022) [328]
presents an integration of Concept Activation Vectors (CAVs)
and Concept Localisation Maps (CLMs) aimed at clarify-
ing dermoscopic features such as colour streaks and irreg-
ular borders. This association allows practitioners to link
visual patterns with classifications, improving transparency
and clinical relevance. For example, heatmaps identify skin
lesion characteristics, while textual explanations offer diag-
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nostic context, significantly improving usability in dermato-
logical processes. Despite its potential, ExAID faced chal-
lenges with imprecise concept localisation caused by hy-
perparameter sensitivity in CLM modules. This noise may
confuse dermatologists and undermine confidence in model
outputs. Resolving this necessitates comprehensive uncer-
tainty quantification identifying uncertain regions, indicat-
ing the need for further imaging or physical examination.
These modifications could more effectively align the system
with physicians’ iterative diagnostic procedures, especially in
identifying early-stage melanomas. Figure 19 showcases the
overview of this framework where we see the test case pre-
sented with the classification of Nevus Lesion in contrast to
Melanoma due to regular dots and globules. Concept classi-
fication is visible on the right of the test image.

Fig. 19. Overview of exAID [328]. This image is licensed under CC-BY-NC-ND.

An even broader approach is illustrated by the Holistic AI in
Medicine (HAIM Framework-2022) [329] addressing the fu-
sion of tabular, time-series, textual, and visual data into uni-
fied prediction models, utilising Shapley values to explain
the contribution of each modality. In clinical applications
like 48-hour mortality prediction, HAIM assesses the signif-
icance of vital sign changes (time series) and imaging char-
acteristics (e.g., chest X-rays). This profound insight assists
physicians in understanding the impact of each data stream
on model predictions. Nonetheless, non-monotonic interac-
tions where supplementary material does not uniformly en-
hance performance represent a considerable obstacle. In-
cluding redundant time-series data may diminish the predic-
tion efficacy of imaging features. Dynamic gating methods
could deactivate low-value modalities, enhancing computa-
tional efficiency and interpretability. This methodology guar-
antees that the system prioritises high-impact features, partic-
ularly in resource-limited healthcare environments. Figure 20
presents the modular architecture of the HAIM framework,
demonstrating the integration of various data modalities such
as tabular, time-series, textual, and visual into cohesive fu-
sion embeddings. The figure presents the independent pre-
processing pipelines for each modality, resulting in a unified
multimodal embedding utilised for subsequent predictions.
This design emphasises the framework’s adaptability, facili-
tating tasks such as 48-hour mortality prediction by using the
distinct contributions of each data stream while tackling chal-
lenges like non-monotonic interactions and redundancy. The

visual representation underscores the HAIM methodology’s
ability to support scalable and interpretable multimodal AI
applications within the healthcare sector.

Fig. 20. Overview of HAIM [329]. This image is licensed under CC-BY-4.0.

Text conditioned Latent Diffusion Model for Histopathol-
ogy (PathLDM-2024) [330] utilises text-conditioned diffu-
sion models to produce synthetic histopathology images de-
rived from pathology reports. This novel method integrates
GPT-based text summarisation with U-Net latent diffusion,
facilitating the enhancement of datasets with high-resolution
tumour– tumour-infiltrating lymphocyte (TIL) combinations.
The system could generate biologically correct synthetic
images, mitigating the deficiency of annotated datasets in
pathology research. However, the system’s efficacy is signif-
icantly conditional upon the representativeness of its textual
training material. Summaries generated by GPT may inad-
equately convey refined, pathology-specific terminology, re-
stricting their generalisability. An improvement involves util-
ising extensive, varied pathology literature for training and
gating systems to identify and eliminate biologically implau-
sible synthetic results. This would guarantee the dependabil-
ity of generated images, especially for instructional and diag-
nostic purposes. Figure 21 presents the PathLDM pipeline,
highlighting its fundamental approach to text-conditioned
histopathology image generation. The figure illustrates the
integration of whole slide images (WSI) with pathology text
reports via GPT-based summarisation and patch-level clas-
sification of tumours and tumour-infiltrating lymphocytes
(TIL). The components are processed using CLIP embed-
dings and input into the latent diffusion model (LDM), util-
ising a Variational Autoencoder (VAE) alongside a U-Net
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A Visualisation techniques tailored to Modalities

denoiser. This configuration facilitates the generation of bi-
ologically precise, context-sensitive histopathology images,
tackling issues such as restricted training data and involved
multimodal interactions. The visual representation highlights
PathLDM’s ability to improve pathology datasets and its po-
tential utility in diagnostic applications.

Fig. 21. Overview of PathLDM [330]. This image is licensed under CC-BY-4.0.

Moving to neurosurgical applications, image-guided neuro-
surgery (NeuroIGN-2024) [331] framework combined pre-
operative MRI with real-time intraoperative ultrasound (iUS)
to assist surgeons during tumour removal. Certainty maps
produced by Grad-CAM superimpose segmentation confi-
dence scores onto live surgical displays, thereby improv-
ing decision-making in high-pressure environments. How-
ever, accurate synchronisation of sensors continues to be a
challenge. Misalignments or latency may compromise the
system’s reliability, perhaps resulting in erroneous surgical
guidance. Advanced sensor fusion algorithms that consider
patient movement and intraoperative variations could lessen
these problems. Furthermore, integrating 3D visualisations
of tumour margins might lessen the cognitive burden for sur-
geons alternating between MRI and ultrasound images. Im-
plementing real-time confidence thresholds may notify sur-
geons when AI forecasts drop below acceptable accuracy
levels, necessitating manual intervention. Figure 22 illus-
trates the NeuroIGN workflow utilised in multimodal image-
guided neurosurgery. The process begins with acquiring
pre-operative imaging data, comprising MRI and intraopera-
tive ultrasound (iUS), which are subsequently integrated and
aligned through AutoSeg for tumour segmentation (Step 1).
Patient registration (Step 2) aligns the physical body with
a virtual model, facilitating the precise tracking of surgical
tools in real-time (Step 3) and their synchronisation with live
ultrasound streams (Step 4). Explainable AI (Step 5) uses
Grad-CAM to produce certainty maps, overlaying confidence
scores onto real-time imaging. This research informs surgi-
cal navigation (Step 6) by integrating multimodal data, pro-
viding dynamic and interpretable visualisations for surgeons.
The workflow enhances decision-making and surgical accu-
racy, ultimately facilitating successful tumour removal (Step
7). This figure highlights the modular, integrated, and ex-
plainable characteristics of NeuroIGN, emphasising its po-
tential to improve accuracy and reliability in critical clinical
situations.

1. Pre-operative Setup

Tumour segmentation with
AutoSeg  and align MRI with

anatomical data

2. Patient Registration

Map patient body to
virtual model and ensure
tools match anatomical

locations

3. Real time Tracking

Track surgical tools and
ultrasound probe,

updating tool positions in
real-time

4. Image Acquisition

Stream live ultrasound
images and update

surgical view dynamically

5. Explainable AI

Generate attention maps
for tumour segmentation
and provide interpretable
decisions for surgeons.

6. Surgical Navigation

Integrate multi-modal images
for precise guidance and

allow interaction with updated
imaging.

7. Successful Surgery

Ensure precise tumour
removal and improve

decision trust with
explainability.

Input: 
Pre-operative MRI, Intra-

operative Ultrasound

Fig. 22. Overview of NeuroIGN [331]

In the domain of structured and unstructured data, EHR-
KnowGen (2024) [332] presented a generative framework
that integrated structured EHR data (such as laboratory find-
ings and diagnostic codes) with unstructured clinical notes,
converting them into textual prompts for a T5-based model.
This method demonstrated superior efficacy in diagnos-
ing intricate illnesses by capturing cross-modal interactions.
Nonetheless, the framework’s dependence on rigorous hy-
perparameter optimisation presented scalability challenges
across various healthcare systems. Automated calibration
methods could identify domain drift changes in data distribu-
tions across geographies or demographics, and need to mod-
ify the model parameters accordingly. Moreover, improved
dashboard designs could emphasise obstacles, such as absent
lab tests, assisting physicians in prioritising data collection to
boost diagnosis. Figure 23 presents the modular workflow
of EHR-KnowGen, demonstrating the processing of struc-
tured and unstructured EHR data through its three primary
components. The multimodal encoder integrates various data
modalities into cohesive textual representations, forming the
basis for further processing. The disease-related information
extractor incorporates external domain knowledge through
hierarchical ICD codes, facilitating the extraction of clini-
cally relevant features and aligning multimodal embeddings
to enhance interpretability and precision. The diagnosis re-
sults generator employs enhanced embeddings to produce
disease diagnoses, utilising a generative approach to address
complex conditions. This figure illustrates the framework’s
ability to integrate multimodal data and domain knowledge
into a unified diagnostic process.

Fig. 23. Overview of EHR-KnowGen [332]. This image is licensed under CC BY
4.0.

The XAI Orchestrator (2024) [333] united the imaging,
genomics, and electronic health record data into a cohe-
sive platform designed for oncology. Integrating layered
saliency maps and aggregated Shapley values offered on-
cologists longitudinal insights into illness progression. A
primary difficulty is addressing discrepancies in data qual-
ity across modalities, including inadequate electronic health
record entries and inconsistent imaging techniques. Estab-
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lishing a tiered validation system to pre-screen low-quality
inputs could enhance the integration process. Furthermore,
incorporating coherence scores would facilitate the identi-
fication of contradictory signals, such as a tumour show-
ing malignant characteristics genomically while seeming be-
nign radiographically, necessitating additional inquiry. Fig-
ure 24 presents a conceptual overview of the XAI Orches-
trator framework, aimed at integrating multimodal and lon-
gitudinal data into a cohesive platform for oncology. The
figure illustrates the integration of clinical guidelines and re-
cent research as a foundational knowledge base, merged with
patient-specific multimodal data to forecast outcomes. The
framework employs layered saliency maps and aggregated
Shapley values to produce modality-specific or time-specific
explanations, subsequently synthesised by the Orchestrator
into a comprehensive explanation. This explanation, made
by an advanced XAI system, aims to assist oncologists by
structuring and articulating insights and facilitating follow-
up questions. The illustration emphasises the system’s mod-
ular architecture and capacity to manage various data inputs,
ensuring adaptability and user-focused interaction.

Fig. 24. Overview of XAI Orchestrator [333]. This image is licensed under CC-BY-
4.0.

Automated Explainable AI for Omics (AutoXAI4Omics-
2024) [324] offered an automated pathway for omics analy-
sis, utilising SHAP to associate genomic and proteomic char-
acteristics with outcomes such as disease states or pheno-
types. This framework is particularly good at discovering
plant phenotyping or microbiome analysis. The dependence
on human preparation for categorical data is a considerable
obstacle for domain experts lacking familiarity with machine
learning processes. Implementing automated feature encod-
ing methods like natural language processing tokenisation
may reduce the entrance barrier. Moreover, interactive lec-
tures or organised training programs would assist users in
more effectively interpreting SHAP attributions, thereby con-
necting AI outputs with biological pathways. Figure 25 illus-
trates the AutoXAI4Omics framework, showcasing its com-
prehensive workflow for analysing omics and tabular data.
The figure portrays the sequential process, commencing with
data ingestion and optional pre-processing steps, encompass-
ing filtering, normalisation, and scaling, designed explic-
itly for omics data types. Subsequently, automated feature

selection and hyperparameter tuning are utilised to deter-
mine the optimal machine learning models for the specified
tasks, including classification and regression. The chosen
models undergo evaluation and ranking according to vari-
ous performance metrics, leading the framework to recom-
mend the most appropriate model for subsequent analysis.
Interpretability tools, such as SHAP, provide explainable in-
sights into the relationships between features and predic-
tions, thereby aiding in identifying actionable biological find-
ings. This workflow highlights automation, interpretability,
and adaptability, allowing domain experts to utilise machine
learning without in-depth model development or optimisation
knowledge.

Fig. 25. Overview of AutoXAI4Omics [324]. This image is licensed under CC BY
4.0.

These studies revealed the challenge of balancing domain-
specific explainability with the need for generalisable frame-
works that handle diverse datasets. Researchers must address
challenges such as noisy localisations, real-time synchroni-
sation, and multimodal fusion through improvements in dy-
namic gating, uncertainty quantification, and automated pre-
processing. By tackling these issues, future systems can more
effectively assimilate into clinical workflows, guaranteeing
that AI tools not only forecast outcomes but also deliver ac-
tionable, reliable explanations that correspond with the re-
quirements of healthcare professionals.

B Workflows for collaborative analysis
XAI systems include uncovering model working and creating
intuitive interfaces and feedback loops to promote collabora-
tion among clinicians, doctors, patients, and data scientists.
These methods cultivate a standard comprehension of AI re-
sults, improving trust, usability, and acceptance. We exam-
ined various collaborative frameworks designed to enhance
the transparency and user-centricity of AI-driven multimodal
healthcare systems.
In neurological disorders, Graph Convolutional Networks
(GCN-2024) [334] are notable for their ability to engage clin-
icians directly in comprehending Alzheimer’s disease cat-
egorisation. The system utilised techniques such as adja-
cency matrices, bar graphs, and neighbourhood analyses,
enabling doctors to assess the impact of patient similari-
ties on diagnostic judgements. These discoveries are espe-
cially significant when examining the transition from moder-
ate cognitive impairment (MCI) to Alzheimer’s disease. A
considerable issue exists in differentiating MCI from nor-
mal ageing, as overlapping characteristics among subgroups
might obscure diagnostic distinctions. One potential im-
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B Workflows for collaborative analysis

provement is confidence-based stratification, which flags am-
biguous cases as ’inconclusive’ and prompts further testing or
consultation. Furthermore, a reliability index demonstrating
the consistency with which particular attributes distinguish
MCI from normal cognition across diverse cohorts or model
iterations could give doctors more confidence in the sys-
tem’s recommendations. Figure 26 illustrates the computa-
tional architecture of Graph Convolutional Networks (GCNs)
utilised to classify Alzheimer’s disease. Patient data, de-
picted as nodes, are interconnected by edges weighted ac-
cording to their feature similarities, creating a population
graph. The GCN utilises spectral convolutions to consolidate
neighbourhood information, incorporating ReLU activation
and self-connections to enhance the learnt embeddings. The
model generates predictions for each node, categorising pa-
tients into Normal Cognition (NC), Mild Cognitive Impair-
ment (MCI), or Alzheimer’s Disease (AD). The explanation
module disaggregates feature contributions at individual and
group levels, clarifying the reasoning underlying predictions.
This visualisation highlights the graph-based methodology
and technological advancements that facilitate precise inte-
gration and interpretation of multimodal data.

Fig. 26. Overview of GCN [334]. This image is licensed under CC BY 4.0.

A similar drive toward interactive analysis characterised
CLARUS (2024) [220], facilitating counterfactual reasoning
for domain specialists utilising graph-based omics data. Clin-
icians and researchers could manually alter nodes or edges
in a graph neural network (GNN) to evaluate "what if" sit-
uations. For example, eliminating a gene node in a protein-
protein interaction (PPI) network may explain its influence on
disease predictions, such as kidney cancer. These counterfac-
tual experiments offer valuable clarity but require substantial
manual intervention and domain expertise. The procedure
can be optimised by integrating semi-automated recommen-
dations that emphasise potentially significant nodes or edges
informed by previous analysis or domain expertise. By eas-
ing cognitive strain, such enhancements would facilitate ac-
celerated hypothesis testing while preserving the interactiv-
ity that renders the system very effective. Figure 27 presents
the workflow of the CLARUS platform, an interactive ex-
plainable AI tool developed for counterfactual reasoning util-
ising graph neural networks (GNNs). The figure illustrates
user engagement with the platform by selecting datasets, in-
cluding synthetic protein-protein interaction (PPI) networks
and real-world kidney cancer data. The workflow consists
of several essential stages: exploration of visualised graphs,
manual counterfactual manipulations (such as the addition or
deletion of nodes or edges), prediction updates, and optional

GNN retraining. These steps enable domain experts to assess
the effects of structural changes on network predictions and
explanation scores, thereby enhancing causal insights. The
illustrated API connections (red arrows) indicate real-time
communication between the user interface and the backend,
facilitating dynamic updates to predictions and relevant visu-
alisations. This integration enhances the platform’s function-
ality in iterative hypothesis testing, enabling users to analyse
the impact of specific genes or interactions on disease classi-
fication results. The workflow illustrates the CLARUS sys-
tem’s dedication to transparency, interactivity, and account-
ability in biomedical decision-making.

Fig. 27. CLARUS workflow including API calls [220]. This image is licensed under
CC BY 4.0.

Calibrated-XAI (2024) [222] illustrated collaborative work-
flows by integrating a trust calibration procedure into its
multimodal AI architecture. The framework employed role-
specific explanatory interfaces, clinicians authenticate AI
outputs via "stamping" procedures while the IT teams in-
vestigate confidence intervals and evaluate system robust-
ness. This participatory method guarantees that every stake-
holder aids in enhancing the system. Nonetheless, sustain-
ing this stakeholder engagement presents a logistical diffi-
culty in busy clinical settings. Hospitals frequently lack the
capacity for recurrent feedback sessions. Potential improve-
ments may include streamlined user feedback systems, such
as brief questionnaires embedded inside the workflow, that
gather critical insights without necessitating time-consuming
workshops. These micro-interactions may enhance regu-
lar feedback sessions to facilitate ongoing system enhance-
ments. Figure 28 summarises the Calibrated-XAI (C-XAI)
framework, highlighting its systematic approach to the de-
sign of trust-calibrated XAI interfaces. The diagram defines
the four primary phases of the framework: Identification,
Assessment, Selection and Implementation, and Evaluation.
Each phase includes targeted activities designed to connect
the technical attributes of XAI methods with human-centred
design objectives. During the Identification phase, system
analysts and stakeholders work together to collect require-
ments for explanations pertinent to the target human-AI task,
ensuring inclusivity and representativeness. The Assessment
phase analyses the technical and human factors associated
with XAI methods, pinpointing risks that may result in trust
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calibration errors. The third phase of the framework, Selec-
tion and Implementation, focuses on risk mitigation through
specific design interventions informed by C-XAI’s templates
and best practices. The Evaluation phase facilitates itera-
tive design refinement through behavioural metrics to evalu-
ate trust calibration outcomes and user interactions. The fig-
ure illustrates the participatory design approach central to C-
XAI, highlighting the active involvement of multidisciplinary
stakeholders, including system analysts and psychologists,
to ensure that the resulting XAI interfaces balance technical
rigour and usability. This structured workflow facilitates the
creation of interfaces that enhance trust in AI systems, espe-
cially in critical decision-making contexts.

Fig. 28. Overview of Calibrated-XAI [222]. This image is licensed under CC-BY-
NC-ND.

In imaging-centric specialities, the Clinical Conversational
AI Interface (2024) [335] enhanced radiological operations
by enabling clinicians to communicate with the system via
natural language queries. A radiologist may request a
heatmap of a worrisome lesion and receive a visual repre-
sentation and textual rationales. This dialogue-based design
reduces adoption hurdles for radiologists, who often favour
verbal communication over technical terminology. However,
achieving a balance between diagnostic precision and user-
friendly engagement continues to be complicated. For ex-
ample, when confronted with complex enquiries or signifi-
cant uncertainty, the system may yield partial or overly sim-
plistic answers. To resolve this, establishing organised fall-
back mechanisms, such as an "expert mode" or a second-
opinion feature, could direct users towards more compre-
hensive or alternate explanations, maintaining the system’s
reliability in intricate situations. Figure 29 illustrates the
Clinical Conversational AI Interface, emphasising its mul-
timodal workflow to improve radiological operations. The
figure describes the process, commencing with identifying
user needs via analysing prevalent clinician enquiries, includ-
ing diagnosis, location, and severity. The workflow advances
the design of multimodal responses that integrate textual el-
ements, similar to radiologist-style explanations, with visual
aids such as heatmaps, segmentation maps, and contrastive
images. The subsequent step focuses on validating the rel-

evance of response content through dataset analysis to dis-
tinguish between essential details (e.g., location and sever-
ity) and superfluous information (e.g., general knowledge al-
ready known to clinicians). User testing and feedback follow,
during which clinicians engage with prototypes that provide
switching options between text-only and multimodal inter-
faces to assess usability and efficiency. The text illustrates the
balance between diagnostic accuracy and usability, empha-
sising the need for effective performance in life-threatening
and difficult-to-diagnose conditions while minimising false
alarms. The iterative refinement process integrates clinician
feedback, including larger images and additional switching
options, to create a clinically optimised multimodal conversa-
tional system. This figure illustrates the system’s iterative de-
sign approach, focused on enhancing usability and adoption
while preserving the accuracy required for clinical decision-
making.

Action: Analyze common clinician
queries from datasets like VQA-RAD.

Output: Categorize queries into
patterns (e.g., diagnosis, location,

severity).

Identify User Needs

Textual Component: Diagnosis descriptions modeled on
radiologist-style language.

Visual Component: Appropriate visual aids (e.g., heat
maps, segmentation, contrastive images).

Output: Prototypes with textual + visual responses.

Design Multi-Modal Response Framework

Action: Analyze datasets for Relevant details
(e.g., location, severity) and Redundant information
(e.g., general knowledge clinicians already know).

Output: Optimize response content for clinical
efficiency.

Validate Information Relevance

Action: Conduct semi-structured interviews with
clinicians using prototypes. Toggle between text-only

and multi-modal interfaces.
Output: Gather feedback on usability, efficiency,

and improvements.

User Testing and Feedback

Action: Compare accuracy of diagnostic insights and
usability for fatal/hard-to-diagnose conditions.

Output: Ensure high diagnostic performance and minimal
false alarms.

Balance Accuracy and Usability

Action: Incorporate clinician
feedback (e.g., larger images, toggling

options).
Output: Improved multi-modal

system ready for clinical use.

Refine and Iterate

Fig. 29. Overview of Clinical AI Interface [335]

A more text-focused approach appears in VLM-Radiology
(2024) [309] that utilised vision-language models (VLMs)
to integrate imaging and textual data smoothly. This frame-
work enabled AI-assisted draft report generation and case re-
trieval through visual searches. The human-centred design,
consistently enhanced by clinician feedback, promotes us-
ability and guarantees conformity with radiological proce-
dures. Nonetheless, maintaining automated textual outputs’
clinical accuracy and contextual relevance is a pivotal con-
cern. Misclassifications, including mixing analogous circum-
stances or neglecting critical discoveries, can reduce trust in
the system. An enhancement would be a domain-specific
fine-tuning phase that cross-verifies outputs with a curated
repository of prevalent diagnostic inaccuracies. Furthermore,
a real-time validation system, incorporating crowdsourced
input from various radiologists, could identify discrepancies
or omissions before the finalisation of reports.
These collaborative workflows highlight the necessity of
matching advanced AI systems with the actual requirements
of clinical settings. These frameworks enhance comprehen-
sion of AI results and cultivate user trust through role-specific
interfaces, interactive explanations, and participatory feed-
back systems. Nevertheless, difficulties such as minimising
cognitive load, streamlining interfaces, and addressing am-
biguity continue to be essential to their enhancement. By
overcoming these obstacles, future systems can attain an op-
timal equilibrium among usability, diagnostic precision, and
stakeholder involvement.
Table 8 presents the overview of various XAI studies over
multimodal medical data, highlighting the objective of the
study, various methods used, problems solved, and how it is
helpful in multimodal medical data.
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Table 8. Overview of XAI Studies in Multimodal Medical Data

Study Objective Modalities Used Fusion Strategy Explainability Ap-
proach Visualisation Tools Performance Metrics Applications and Challenges

AutoXAI4Omics
(2024) [324]

Automated explainable
AI tool for omics and
tabular data

Genomics, Transcrip-
tomics, Proteomics,
Microbiome

Automates feature
selection, hyperpa-
rameter tuning, and
model selection for
single-modality input;
supports pre-processed
multimodal integration

SHAP for global/local
feature importance,
combined with eli5’s
permutation impor-
tance

SHAP summary
plots, feature impor-
tance bar plots, ROC
curves, confusion
matrices, interactive
feature analysis

F1-Score, Accuracy,
MAE, MAPE, R2

Applications: Phenotype and disease state
prediction, transcriptomics (e.g., infec-
tion response), environmental microbiome
analysis
Challenges: Requires manual preprocess-
ing for categorical features, adding com-
plexity for non-technical users

Calibrated-XAI
(2024) [222]

Participatory frame-
work for trust calibra-
tion in XAI interfaces

EHR, Imaging data
Applies participatory
design for multimodal
data handling

Combines task-specific
explanations with
domain-context vali-
dation via interactive
features and tailored
outputs

Interactive proto-
types, validation
tools, visual feedback

Completeness, Useful-
ness, Effectiveness

Applications: Multimodal healthcare inter-
faces for trust calibration
Challenges: Stakeholder involvement ex-
tends design cycles, and scalability to di-
verse scenarios is limited by manual tailor-
ing efforts

CLARUS (2024) [220]
Interactive XAI for
counterfactuals in
graph neural networks

Gene Expression,
Methylation

Patient-specific graphs
with multi-omics data,
using node and edge
relevances

Combines GNNEx-
plainer for node impor-
tance with Integrated
Gradients and Saliency
for edge attributions;
supports counterfactual
generation via manual
graph edits

Graph visualisations
for node/edge rel-
evance, interactive
tools for graph ma-
nipulation, dynamic
relevance score
tooltips

Sensitivity, Specificity,
Confusion Matrix

Applications: Cancer diagnosis (e.g., Kid-
ney renal clear cell carcinoma-KIRC, other
cancers)
Challenges: Limited datasets reduce gen-
eralizability; human-in-the-loop refine-
ments increase expert workload

Clinical Conversa-
tional AI Interface
(2024) [335]

Multimodal conver-
sational interface
for clinical imaging
systems

X-ray, MRI, CT, Radi-
ology Reports

Combines textual de-
scriptions and visual
explanations using
rule-based matching
and inductive coding
for disease-specific
responses

Aligns visuals with
clinician queries via
thematic analysis,
using radiologist-style
language and tools like
segmentation maps and
heatmaps

Heatmaps, segmenta-
tion maps, contrastive
visuals, and progres-
sion tracking

Diagnostic precision,
User satisfaction,
Query response cover-
age

Applications: Enhances clinical workflows
and AI adoption through conversational in-
terfaces
Challenges: Balancing accuracy with us-
ability, managing false alarms, and cater-
ing to diverse clinician preferences

EHR-KnowGen
(2024) [332]

Generative framework
for integrating multi-
modal EHR data for
disease diagnosis

Medical notes, clinical
events, lab results

Uses soft prompts for
multimodal EHR unifi-
cation; T5-based trans-
former encodes fine-
and coarse-grained do-
main knowledge

Knowledge attention
for disease identifica-
tion, cross-attention for
embedding alignment,
and hierarchical cali-
bration for integration

Attention maps,
disease progression
visualisations, textual
diagnostic outputs
with evidence

Micro/Macro F1, Preci-
sion, Recall, Accuracy

Applications: Rare/complex disease diag-
nosis using multimodal EHR
Challenges: Requires high-quality
datasets, precise tuning of hyperpa-
rameters and soft prompts, increasing
deployment complexity

ExAID (2022) [328]
Skin lesion diagnosis
with human-aligned ex-
planations

Dermoscopic, clinical
images; textual expla-
nations

Combines Concept Ac-
tivation Vectors (CAVs)
and Concept Localisa-
tion Maps (CLMs) for
feature representation;
rule-based explainers
for visual and textual
outputs

Uses CAVs to detect
concepts, CLMs to
localize features, and
textual explanations
for diagnostic insights,
addressing uncertainty
and contraindications

Heatmaps, pro-
gression maps, and
textual narratives
summarising diag-
noses

Accuracy, Precision,
Recall, AUC (Le-
sion Classification);
Macro F1 (Concept
Classification)

Applications: Dermatological diagnoses
(e.g., melanoma, nevi)
Challenges: Limited concept-annotated
datasets, noisy CLMs, hyperparameter tun-
ing issues

ExPeRT (2024) [336]
Explainable prototype-
based model for contin-
uous regression tasks

Adult MRI, Fetal Ultra-
sound

Processes image
patches via optimal
transport to com-
pute and aggregate
patch-wise distances

Prototype learning
explains predictions
by mapping patches
to prototypes in la-
tent space, aligning
predictions with la-
bel differences for
interpretability

Prototype visualisa-
tions, patch-matching
matrices, dynamic
prototype weighting

Mean Absolute Error
(MAE), with ablation
studies for OT and con-
sistency loss

Applications: Brain age prediction (adult
MRI), fetal neurodevelopment patterns
Challenges: Requires high-quality images,
precise preprocessing, and is computation-
ally intensive
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GCNs (2024) [334]

Graph convolu-
tional network for
Alzheimer’s classifica-
tion using multimodal
data

MRI, PET, Cogni-
tive Tests, Genetic,
Biomarker Data

Population graph
with patient nodes,
feature-based edges;
multimodal data fused
into node attributes,
edges reflect cogni-
tive and biomarker
similarities

Decomposition-based
explanations for in-
dividual, group, and
relational impacts;
edge silencing for
group influence;
counterfactual/factual
insights for clinicians

Adjacency matrices,
feature importance
plots, counterfactu-
als, pie charts for
feature impacts,
relational influence
analysis

Accuracy, F1-Score,
Explanation Stability,
Expert User Agreement

Applications: Alzheimer’s classification
(Normal, MCI, Alzheimer’s); biomarker
identification
Challenges: Overlapping features
(MCI/Normal), preprocessing complexity,
high graph construction cost

HAIM Framework
(2022) [329]

Holistic multimodal AI
framework for health-
care prediction

Tabular, Time-series,
Text, Images

Modular fusion embed-
dings aggregate stan-
dardised features across
modalities for unified
representation

Shapley values quantify
contributions at feature
and modality levels,
providing insights into
information flow and
error propagation

ROC curves, Shap-
ley value waterfalls,
interaction heatmaps,
gradient plots, and in-
teractive tools for in-
terpretability

AUROC, Precision, Re-
call, Average Improve-
ment Metrics

Applications: Chest pathology diagno-
sis, length-of-stay, and mortality predic-
tions with improved accuracy over single-
modality models
Challenges: Non-monotonic fusion ef-
fects, data sparsity, redundancy, prepro-
cessing demands, and reliance on high-
quality multimodal data

LAVA (2024) [337]

Neuron-level explain-
able AI framework for
Alzheimer’s assess-
ment

Retinal Fundus Imag-
ing, Cognitive Tests

Fuses retinal biomark-
ers and cognitive
scores in a hierarchical
framework using vessel
segmentation, neuron
probing, and granular-
ity explanations

Two-phase explanation:
(1) Neuron probing via
MI identifies critical
neurons; (2) Granular-
ity explanation clusters
subpopulations with
hierarchical clustering.
Visual backpropaga-
tion aids biomarker
localisation

Dendrograms, feature
attribution maps,
radar plots, progres-
sion visualisations,
gradient saliency
maps

Accuracy (AD vs.
Normal), Clustering
Metrics (Calinski-
Harabasz, Adjusted
MI), Vascular Mor-
phology (Fractal
Dimension, Vessel
Density)

Applications: Alzheimer’s classification
and progression mapping for early inter-
vention
Challenges: Small dataset (100 images, 61
patients), demographic confounders, and
high sensitivity to clustering/neuron selec-
tion parameters

NeuroIGN (2024)
[331]

Explainable multi-
modal system for brain
tumour surgery

Pre-operative MRI,
Real-time iUS, Track-
ing Data

Integrates MRI with
iUS for real-time nav-
igation, dynamically
updating surgical views
using multimodal data
fusion

Grad-CAM for inter-
pretable segmentation,
ExplainAI module
for certainty maps
and guided visualisa-
tion, counterfactuals
for tumour boundary
delineation

Certainty maps, seg-
mentation overlays
in 3D Slicer, guided
saliency maps, in-
teractive navigation
with MRI and iUS

Dice Similarity Coeffi-
cient (DSC), Hausdorff
Distance (HD95), Tar-
get Registration Error
(TRE), Real-time frame
rate (19 FPS)

Applications: Brain tumour resection,
adaptable to neurosurgery tasks, improving
precision and AI trust
Challenges: Balancing segmentation accu-
racy with explainability, UI intuitiveness,
support for 3D imaging, and real-time data
calibration

PathLDM (2024)
[330]

Text-conditioned La-
tent Diffusion Model
for histopathology
image generation using
pathology reports

Whole Slide Images
(WSIs), Pathology
Reports

Fuses global WSI-
level data with local
tumour/TIL statistics
using GPT summaries
and CLIP embeddings
for unified text-visual
representation

GPT-based text sum-
marisation and CLIP
text embeddings guide
U-Net diffusion in la-
tent space. Includes
cyclical positional em-
bedding and classifier-
free guidance for im-
proved generation

High-resolution
histopathology im-
ages, progression
maps, tumour/TIL
heatmaps, FID plots

FID, SSIM, CAS, Tu-
mour/TIL Class Con-
sistency

Applications: Synthetic histopathology for
breast cancer research, aiding data aug-
mentation and tumour biology insights
Challenges: Relies on text summaries,
computationally intensive, complex inte-
gration of tumour/TIL at patch level

Prosthetic Hand Con-
trol (2022) [338]

Optimisation of multi-
modal sensors for pros-
thetic hand control us-
ing explainable AI

EMG, Accelerometer,
Gyroscope, Magne-
tometer

Combines sensor data
at feature and decision
levels; uses explainable
AI to optimize sensor
configurations and ana-
lyze modality contribu-
tions

Gradient-based meth-
ods (IG, Gradient
SHAP, Saliency Maps)
ensure robust attribu-
tion via metrics like
faithfulness, sensitivity,
and complexity

Heatmaps for tem-
poral/spatial attribu-
tions, contribution
maps for sensor
placement, and
modality-specific
importance charts

Recognition Accuracy
(91.5% healthy, 79.2%
amputees), Attribution
Faithfulness, Sensitiv-
ity, Complexity

Applications: Enhances prosthetic hand
control, reducing sensors by 40% while
maintaining performance
Challenges: Sensitive to sensor placement
and data quality, computationally inten-
sive, and requires fine-grained tuning
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RSA (2024) [339]
Evaluates explanation
stability in XAI across
ML pipelines

Chest X-rays, Tabular
Data (Heart Disease,
Housing Prices, Multi-
class Data)

Post-hoc RSA method-
ology to measure expla-
nation similarity across
pipelines, models, pre-
processing, and feature
engineering

Uses RSA to analyze
Representational Dis-
similarity Matrices
(RDMs) and similarity
metrics (Cosine Simi-
larity, PCC, Kendall’s
Tau) for explanation
robustness under varied
conditions

Heatmaps for RDMs,
scatter plots for sim-
ilarity, feature con-
tribution, and pair-
wise similarity visu-
alisations

Classification: Accu-
racy, Recall, Precision,
F1;
Regression: R2, MAE,
RMSE;
Similarity: Sc, PCC,
τA

Applications: Stability analysis of XAI ex-
planations in healthcare (COVID-19, heart
disease) and real estate. Aids robust ex-
plainer selection.
Challenges: Requires high-dimensional
data, performance depends on similarity
measures, and RDM calculations are com-
putationally intensive for large datasets

VLM-Radiology
(2024) [309]

Vision-Language Mod-
els (VLMs) for radiol-
ogy workflows

X-ray, CT, Textual Re-
ports

Combines multimodal
embeddings of image-
text pairs to enable re-
port generation, visual
search, and workflow
enhancements

Iterative feedback from
clinicians shapes four
use cases: draft re-
port generation, aug-
mented review, visual
search, and imaging
history highlights

Interactive tools for
image annotation,
report generation,
visual queries, and
longitudinal compar-
isons

Focus on clinical us-
ability and qualitative
feedback. No standard-
ised metrics reported

Applications: Report generation, clinical
visual search, imaging history highlights,
and decision support
Challenges: Clinical integration barriers,
trust in AI, scalability with iterative feed-
back dependency

XAI Orchestrator
(2024) [333]

Framework for orches-
trating XAI in multi-
modal and longitudinal
medical data

Radiology Imaging,
EHRs, Genomic Data

Fuses multimodal and
longitudinal data with
adaptive, uncertainty-
aware mechanisms;
employs modular ar-
chitectures for dynamic
updates

Integrates saliency
maps, Shapley values,
delta saliency maps,
and hierarchical layers
for context-aware, user-
adapted explanations

Visualisations in-
clude color-coded
saliency maps, fea-
ture importance
charts, delta saliency
maps, and interactive
tools for clinician
engagement

Faithfulness, Robust-
ness, Localisation,
Complexity, and Ran-
domisation metrics;
AUROC, precision, and
F1-score for modular
evaluations

Applications: Oncology and radiology
workflows (e.g., tumour boards), sup-
porting multimodal interpretation and
longitudinal tracking
Challenges: Data sparsity, high-
dimensional -omics data, adversarial
vulnerabilities, variability across sources,
and computational demands for scalable
integration
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C Feedback-based explanation refinement
Many AI systems generate fixed explanations, but newer ap-
proaches treat interpretability as a dynamic, iterative process.
These frameworks integrate feedback from domain experts
or models to enhance explanations progressively, enhancing
their resemblance with actual medical knowledge and clinical
practices.
In rehabilitation engineering, the study on Prosthetic Hand
Control (2022) [338] employed gradient-based attribution
methods to determine the essential sensors, including elec-
tromyography (EMG) and accelerometers, for precise hand-
motion identification. Through the iterative analysis of fea-
ture importance metrics, the framework attains a 40% re-
duction in sensor utilisation while maintaining recognition
accuracy. This decrease streamlined the hardware combi-
nations while preserving system performance. The reliance
on precise sensor placement introduced variability, as mis-
aligned sensors can reduce performance. The computing
burden of techniques like Integrated Gradients or Saliency
Maps complicates the real-time implementation of prosthetic
devices. A potential enhancement would be to create on-
device approximation techniques for feature attribution, po-
tentially utilising hardware accelerators to preserve compu-
tational efficiency in embedded settings. A further improve-
ment may include a customisation phase, wherein the sys-
tem adaptively modifies sensor significance according to each
user’s limb morphology and residual muscular signals. This
method would create a flexible pipeline tailored to individ-
ual anatomies, supporting personalised rehabilitation. Fig-
ure 30 illustrates the workflow of the XAI-enhanced human-
machine interface system developed for prosthetic hand con-
trol. The process initiates with Input Data Collection, involv-
ing acquiring multimodal sensor data, such as electromyo-
graphy (EMG) and inertial measurement units (IMU), from
healthy individuals and amputees. The subsequent phase en-
tails the construction of the Target Model, wherein a recogni-
tion model is formulated to analyse sensor data, thereby iden-
tifying hand gestures and their corresponding actions. Ex-
plainable AI (XAI) techniques, including saliency, integrated
gradients, and gradient SHAP, are utilised to reveal the con-
tributions of individual sensors or modalities. These methods
produce Contribution Maps that visually emphasise the sen-
sors or modalities that substantially affect recognition accu-
racy. The system performs a Quantitative Evaluation utilising
metrics such as faithfulness, robustness, complexity, and ran-
domisation to verify the reliability and interpretability of the
explanations. Ultimately, the system optimises sensors by
removing redundant sensors and streamlining the hardware
configuration while preserving or enhancing recognition ac-
curacy. This figure highlights the iterative method for op-
timising multimodal sensor systems, minimising complexity
while preserving explainability and precision. The methodol-
ogy is enhanced by visually illustrating the systematic steps
for improving prosthetic hand control using XAI techniques.
ExPeRT (2024) [336] illustrated the iterative refinement in
continuous regression tasks, such as foetal brain age estima-
tion. The system offered straightforward, specific reasons for

Input Data Collection

Gather multimodal snesor
data, including EMG and IMU
signals, from healthy subjects

and amputees.

Build Target Model

Develop a recognition model
to process the sensor data

Apply XAI

Use explainability techniques
like saliency, integrated
gradients, and gradient

SHAP to understand
contributions.

Generate Contribution
Maps

Visualise which sensors or
modalities contribute most to

recognition accuracy.

Quantitative Evaluation

Access explanations using
metrics like faithfulness,

robustness, complexity, and
randomisation

Optimize Sensors

Remove redundant sensors
based on analysis to simplify
the system while maintaining

accuracy.

Fig. 30. Overview of XAI-enhanced human machine interface system[338]

its predictions by correlating visual patches with prototypes
in a learnt latent space. Experts can identify mismatched pro-
totypes which are the instances when the model erroneously
correlates attributes like bone density with advanced brain
age, necessitating recalibration of the latent space in subse-
quent training iterations. This approach facilitated a continu-
ous feedback loop, enhancing the model’s dependability and
domain alignment. Nonetheless, using ExPeRT in resource-
limited clinical settings presented difficulties because of its
need for extensive collections of high-quality pictures. A vi-
able alternative is establishing a federated learning system
consolidating datasets from several sources while safeguard-
ing patient privacy. This method would enable the model to
enhance its prototypes, utilising various data sources without
necessitating the distribution of raw images. Furthermore,
employing data augmentation approaches may improve pro-
totype generalisability, allowing the model to function effec-
tively even with limited information. Figure 31 presents a
schematic representation of the ExPeRT model architecture
and its methodology for explainable prototype-based regres-
sion tasks. The workflow comprises three primary compo-
nents. The model architecture initially extracts latent fea-
tures from an input image using a convolutional encoder
and supplementary processing layers. The prototypes repre-
sent learnt embeddings associated with actual training sam-
ples and are embedded within this latent space. The dis-
tance computation utilising Optimal Transport (OT) assesses
patch-wise similarities between the input image and proto-
types. OT aligns corresponding patches from the input and
prototypes, consolidating patch-wise distances into a singu-
lar image-level distance. This process guarantees structural
consistency within the latent space, facilitating anatomically
relevant comparisons. The visualisation of patch-wise cor-
respondences improves explainability by emphasising partic-
ular regions that affect predictions. During inference, pre-
dictions are generated through a weighted average of the la-
bels of prototypes located within a defined distance radius
in the latent space. This mechanism enables the model to
utilise only applicable prototypes, enhancing interpretabil-
ity and minimising the influence of unnecessary examples.
This figure highlights ExPeRT’s emphasis on producing spa-
tially grounded and interpretable predictions while achieving
state-of-the-art performance in regression tasks such as brain
age estimation. Integrating prototype visualisation and OT
matching provides a transparent and reliable methodology for
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C Feedback-based explanation refinement

clinical applications.

Fig. 31. Overview of the ExPeRT model: (a) Model architecture extracts features
from an image and compares them to prototypes using Optimal Transport (OT). (b)
OT computes patch-wise distances to measure similarity between image and pro-
totype. (c) During inference, predictions are based on prototypes within a defined
distance radius [336]. This image is licensed under CC BY 4.0.

Focusing on Alzheimer’s disease, LAVA (2024) [337]
utilised a dual-phase explanatory approach to enhance the
classification. Initially, essential neurons are identified
by maximum likelihood-based mutual information analy-
sis. Subsequently, hierarchical clustering categorised patients
into more specific subpopulations, elucidating nuanced ill-
ness phases. Table 8 illustrates how experts can manually
reclassify or amalgamate clusters that seem clinically incon-
gruous, thereby directing the model towards more signifi-
cant subgroup delineations. Despite LAVA’s limited dataset
of 100 fundus images from 61 Alzheimer’s patients, this
feedback-oriented refinement method provides substantial in-
sights for future research. Integrating supplementary patient-
level information, such as genetic markers or blood test re-
sults, may enhance clustering accuracy by adding new di-
mensions of distinction. Furthermore, utilising transfer learn-
ing with pre-trained models from comparable domains may
ease the constraints of limited datasets, allowing LAVA to tai-
lor its explanations to more intricate clinical situations. Fig-
ure 32 depicts the LAVA framework’s detailed workflow for
the classification of Alzheimer’s disease and the evaluation
of its progression scale. The process begins with acquiring
and preprocessing fundus images, during which retinal vas-
culature maps are produced utilising the AutoMorph pipeline
to guarantee high-quality input data. The framework uses
a VGG-16 model for binary classification, distinguishing
Alzheimer’s disease (AD) from normal cognition (NC), with
feature attribution maps improving interpretability. Neurone
probing identifies essential neurones within intermediate net-
work layers by applying Maximum Likelihood Estimation
(MLE). The neurones that significantly influence predictions
serve as the foundation for granularity explanation. Hierar-
chical clustering categorises patients into latent subpopula-
tions according to activation patterns, revealing distinct dis-
ease stages within the Alzheimer’s continuum. The frame-
work integrates neuron-level insights with hierarchical clus-
tering, yielding interpretable and clinically relevant explana-
tions for classification and disease progression.
RSA (2024) [339] employed a meta-level strategy for expla-
nation refining by evaluating the consistency of explanations
across various machine learning pipelines or preprocessing
methods. The approach used Representational Dissimilarity
Matrices (RDMs) to assess the consistency of explanations

Fig. 32. Overview of LAVA [337]. This image is licensed under CC BY 4.0.

when small changes, such as substituting a random forest
with a gradient-boosting model, are implemented. Sudden
changes in RDMs can expose tenuous explanations that may
lack generalisability. RSA could adopt adaptive explana-
tion strategies to adjust attribution methods based on dataset
characteristics or model design. For instance, if RSA iden-
tified significant instability in specific features, the pipeline
may autonomously transition to a more resilient explanation
technique, such as SHAP or Integrated Gradients, or ask
a human expert to reevaluate feature engineering decisions.
Moreover, employing ensemble-based methods to consoli-
date explanations from several models may improve consis-
tency, particularly in critical medical applications. Figure 33
presents the framework highlighting its effectiveness in as-
sessing the stability of machine learning explanations. The
workflow initiates with model training, involving training one
or more machine learning models on preprocessed datasets.
Subsequently, explanation generation leads to applying post-
hoc explainers, including SHAP or LIME, to derive feature
contribution values for a subset of test observations. The
subsequent phase results in the development of Representa-
tional Dissimilarity Matrices (RDMs), in which dissimilar-
ity metrics, such as Euclidean or correlation distance, as-
sess variations in feature contributions among observations.
The RDMs form the basis for the similarity analysis phase,
wherein comparisons between pairs of RDMs demonstrate
the consistency of explanations across different variations,
including model architectures, preprocessing techniques, or
datasets. This step identifies patterns and inconsistencies in
explanatory outputs by visualising and quantifying explana-
tion similarities. The figure highlights the framework’s ca-
pacity to conduct a meta-level evaluation of XAI methods
through a systematic comparison of explanations, thereby en-
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hancing understanding of the robustness and generalisability
of machine learning pipelines. This method guarantees the
maintenance of explanation consistency across various sce-
narios, thereby improving the reliability of decision-support
systems.

Fig. 33. Overview of RSA [339]. This image is licensed under CC BY 4.0.

These feedback-driven frameworks illustrate that explain-
ability is a dynamic dialogue among algorithms, domain ex-
perts, and advancing clinical insights rather than a static pro-
cedure. Through the iterative integration of expert feed-
back, model introspection, and error analysis, these sys-
tems enhance their explanations to reflect real-world require-
ments accurately. Nonetheless, obstacles persist in reconcil-
ing computational efficiency, customisation, and scalability.
Implementing tactics such as on-device processing, federated
learning, and adaptive explanation approaches would facili-
tate the development of AI systems that clarify their predic-
tions and enhance their transparency and utility in clinical
practice over time.

D Multimodal explanation evaluation
The evaluation of model explanations remains an active area
of research, particularly within the medical domain, where
seeking expert opinions from radiologists and clinicians is a
standard method to assess interpretability. However, this ap-
proach is time-consuming. Therefore, there have been efforts
to propose objective criteria for evaluating the quality of ex-
planations. Figure 34 presents various types of multimodal
explanation evaluations.

Evaluation of Multimodal
Explanations

Visual Explanation Quality Textual Explanation Quality

MSFI, InterSHAP, AOPC,
ROAR, POMPOM, Activation

Precision, Deletion & Insertion

BLEU, ROUGE-LF1, METEOR,
CIDEr

Fig. 34. Types of Multimodal Explanation Evaluations

Visual Explanation Quality
For AI model predictions to enhance clinical decision sup-
port systems, they must be clearly explained to physicians.
Heatmaps are commonly used to highlight relevant features
in these predictions, but their effectiveness for multimodal
medical images is uncertain, given the diverse clinical infor-
mation they display across various channels.

The Modality-Specific Feature Importance (MSFI) [340]
metric was developed to address this issue by evaluating
and highlighting the significance of features specific to each
modality. MSFI determines the importance or contribution of
features from each modality towards the model’s predictive
performance. A feature xi in modality m is mathematically
represented by its impact on the model’s output, which can be
approximated using techniques like the derivative of the out-
put for the feature or more complex techniques like Shapley
values.

MSFI(xm
i ) =

∣∣∣∣ ∂f

∂xm
i

∣∣∣∣ (24)

Where f is the model’s output function, xm
i is the i-th feature

of the m-th modality, and ∂f
∂xm

i
is the partial derivative of

the function to that feature, representing the sensitivity of the
output to changes in xm

i .
InterSHAP [341] introduces a novel dimension to multi-
modal explanations by differentiating between inter-patient
and intra-patient explanations. Intra-patient explanations em-
phasise the analysis of how various modalities influence in-
dividual predictions, particularly in assessing the relative
importance of imaging data versus lab results in diagnos-
ing a specific condition. Conversely, inter-patient explana-
tions synthesise insights from the entire dataset, uncovering
population-level patterns and identifying the most predictive
modalities for specific subgroups. This technique works on
multiple modalities, essential in healthcare (see Figure 35).

Fig. 35. InterSHAP analyses a model’s behaviour by input perturbation from three
modalities. It is defined as the ratio of interactions to overall model behaviour [341].
This image is licensed under CC-BY-NC-ND.

Samek et al. [342] introduced the Area Over the Most Rel-
evant First (MoRF) perturbation curve (AOPC) metric. This
metric uses a regional perturbation technique where regions
of an input image are removed in order of their relevance to
the predicted class, observing the effect on the model’s per-
formance. The approach uses heatmaps to show that a higher
AOPC value indicates greater model sensitivity to these per-
turbations.

AOPC = 1
N

N∑
k=1

(f(x)−f(x(k))) (25)

Where f(x) is the model’s output for the original image x,
f(x(k)) is the model’s output after the top k relevant regions
are removed, and N is the total number of perturbed regions.
Inspired by [342], Petsiuk et al. [270] introduced two causal
metrics, deletion and insertion, for evaluating explanations of
black-box models. The deletion metric measures the drop in
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D Multimodal explanation evaluation

class likelihood as critical pixels in a saliency map are pro-
gressively removed, while the insertion metric tracks the in-
crease in class probability as these pixels are gradually rein-
troduced.

Deletion Score = f(x)−f(xdel) (26)

Where f(x) is the model’s confidence in the class for the
original image, and f(xdel) is the confidence after removing
salient pixels.

Insertion Score = f(xins)−f(xbase) (27)

Where f(xins) is the confidence after reintroducing the pix-
els, and f(xbase) represents the baseline confidence without
those pixels.
Hooker et al. [343] raised concerns about traditional met-
rics like those discussed by Petsiuk et al. [270], arguing
they do not fully capture the root causes of performance de-
clines, which might be due to artefacts from pixel replace-
ment. They proposed the RemOve And Retrain (ROAR)
technique. ROAR assesses a model’s interpretability by ex-
amining the impact on accuracy after removing key features
identified by various interpretability methods and retraining
the model.

ROAR Score = Accuracyoriginal − Accuracyretrained (28)

Where Accuracyoriginal is the accuracy of the original model
and Accuracyretrained is the accuracy after retraining the
model without the identified critical features.
Rio-Torto et al. [344] developed the Percentage of Meaning
Pixels Outside the Mask (POMPOM) metric to assess the ef-
fectiveness of explanations by calculating the percentage of
meaningful pixels that fall outside a defined area about the
total pixel count.

POMPOM = Meaningful pixels outside the mask
Total number of pixels

×100
(29)

Barnett et al. [345] introduced the Activation Precision (AP)
metric, which evaluates how well the information in the "rele-
vant region" aligns with radiologist annotations in classifying
mass margins.

AP = Overlap between relevant region and annotations
Area of relevant region

(30)
However, both metrics require manual annotations, which
can be demanding and challenging for specific medical im-
age datasets. By applying intersection or union procedures to
examine consistency among highlighted Regions of Interest
(ROI), we may effectively assess the interpretability effec-
tiveness of explainable AI for multimodal medical data.
Textual Explanation Quality
Evaluating the quality of textual explanations involves met-
rics such as BLEU [346], METEOR [347], CIDEr [348], and
ROUGE −LF 1 [349].

The Bi-Lingual Evaluation Understudy (BLEU) score as-
sesses the ability of machine-translated text to match human
translations. Papineni et al. [346] developed this metric to
determine the level of agreement between machine-generated
text and human translations. BLEU compares the n-grams of
the candidate translation with reference translations and as-
signs a weight to these matches to calculate a comprehensive
score.

BLEU = BP · exp
(

N∑
n=1

wn logpn

)
(31)

Where pn is the precision of n-grams, wn are weights sum-
ming to 1, typically equal for all n-grams, and BP (Brevity
Penalty) addresses translation length to penalize overly short
translations.
The Brevity Penalty (BP) ensures the BLEU score balances
brevity with accuracy.

BP =
{

1 if c > r

e(1−r/c) if c ≤ r
(32)

Where c is the length of the candidate translation and r is the
effective reference corpus length.
The Metric for Evaluation of Translation with Explicit Order-
ing (METEOR) assesses translation quality, improving upon
BLEU by integrating synonymy, stemming, and giving more
importance to recall. Lavie et al. [347] developed METEOR
to provide a more precise evaluation by balancing precision
and recall.

METEOR = Fmean = (1−α) ·P +α ·R (33)

Where P is precision, R is recall, and α balances precision
and recall. METEOR includes a penalty for poor word order-
ing.

Penalty = 0.5 ·
(

p

q

)3
(34)

Where p is the number of chunks and q is the number of uni-
grams in the match.
The final METEOR score is:

METEOR = Fmean · (1− Penalty) (35)

The Consensus-based Image Description Evaluation (CIDEr)
score assesses the quality of textual descriptions in image
captioning by measuring consensus between a candidate cap-
tion and reference captions. Vedantam et al. [348] introduced
CIDEr, which uses TF-IDF weighting for each n-gram in cap-
tions.

CIDEr = 1
M

M∑
j=1

N∑
n=1

wn · sim(c,sj) (36)

Where c is the candidate caption, sj are the reference cap-
tions, M is the number of reference captions, N is the max-
imum n-gram length, wn are weights for each n-gram, and
sim(c,sj) is the cosine similarity between the candidate and
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reference captions, using TF-IDF weighted n-gram represen-
tations.
TF-IDF for each n-gram is calculated as:

TF-IDFn,c = fn,c∑
k fk,c

log
(

|D|∑
d∈D 1(n ∈ d)

)
(37)

Where fn,c is the frequency of n-gram n in caption c, |D| is
the total number of documents (captions), and

∑
d∈D 1(n ∈

d) is the number of documents where the n-gram n appears.
The ROUGE −LF 1 score, part of the ROUGE metric suite,
evaluates the quality of summaries by comparing them to ref-
erence summaries. The ROUGE-L variant focuses on the
longest common subsequence (LCS) between the candidate
summary and reference summaries.

ROUGE −LF 1 = 2× P × R
P + R

(38)

Where Precision (P) = LCS length
Candidate length and Recall (R) =

LCS length
Reference length .

E Discussion
The frameworks presented in this section can be categorised
according to their main objectives and approaches to data
management. A primary group concentrates on specialised,
domain-specific tasks to generate explanations that closely
correspond to specific clinical workflows or modalities. For
example, ExAID explains dermoscopic features relevant
to skin-lesion classification; PathLDM produces synthetic
histopathology images based on pathology reports; Neu-
roIGN assists neurosurgeons by integrating MRI and ultra-
sound data in real-time; GCN (for Alzheimer’s) discriminates
relationships between biomarker and imaging features; Pros-
thetic Hand Control employs sensor attributions to enhance
EMG hardware; and LAVA emphasises critical neurones and
clusters for Alzheimer’s diagnosis using retinal fundus im-
ages. Each field, ranging from dermatology to neurosurgery,
addresses a specific area while sharing a common theme:
maintaining the interpretability of the output for specialised
end users, including dermatologists, pathologists, and sur-
geons.
A second group focuses on integrating diverse data and pro-
viding more generalised, frequently automated methodolo-
gies. HAIM, EHR-KnowGen, XAI Orchestrator, and Au-
toXAI4Omics integrate various data streams, such as imag-
ing, omics, lab tests, and textual notes, to develop cohesive
predictive models. Visual explanations, including saliency
maps and Shapley-value plots, indicate modalities signifi-
cantly influencing the final decision. Frameworks such as
Calibrated-XAI, CLARUS, Clinical Conversational AI Inter-
face, VLM-Radiology, RSA, and ExPeRT focus on user in-
teraction, feedback mechanisms, and the stability of expla-
nations. Clinicians, data scientists, and other stakeholders
are encouraged to refine system outputs by adjusting graph
structures in CLARUS, rating AI confidence in Calibrated-
XAI, interacting with an AI-driven radiology interface, or as-
sessing explanation consistency through RSA. These studies

demonstrate a significant transition towards XAI solutions
that provide transparent predictions while also adapting to
real-world clinical input and diverse data types.
Various metrics are employed across the studies to assess the
effectiveness of these visual and textual explanations. Tech-
niques such as AOPC, Deletion, Insertion, and ROAR assess
the impact of modifying or removing top-ranked features on
model performance, thereby identifying the critical compo-
nents of the dataset. Text-based outputs are evaluated using
BLEU, ROUGE, and METEOR scores to assess the clarity
and accuracy of machine-generated explanations compared
to human-language references. Each framework aims to con-
nect AI with clinical reasoning while supporting its inter-
pretability claims through measurable indicators of explana-
tion quality.

5 Current Practices, Challenges, and
Future Directions

Analysing complicated data in the medical industry calls for
combining information from many sources, including elec-
tronic health records (EHRs), behavioural data, genetic pro-
files (omics), sensor readings, and medical imaging like radi-
ology scans. The explanations these sophisticated tools gen-
erate must be clear, understandable, and aesthetically inter-
esting to be useful for doctors. Structured approaches to link
many data types with explainability techniques have been
presented by recent frameworks such as CLARUS [220] and
AutoXAI4Omics [324]. These models centre on tools includ-
ing saliency maps emphasising the most critical areas of fo-
cus in data, such as particular regions in an image, feature-
importance methods which identify the key variables or fea-
tures driving artificial intelligence decisions, and counterfac-
tual and example-based approaches letting users investigate
"what-if" scenarios or review related cases to grasp the sys-
tem’s reasoning better. This part summarises knowledge on
present visualisation techniques, points out the challenges
in generating practical and user-friendly visualisations, and
provides doable suggestions for implementation. It also de-
scribes potential avenues of study meant to improve these
techniques so they might support clinical decision-making
more.

A Current Visualisation Practices
A.1 Commonly Applied Visualisation Methods
Backpropagation-based Saliency Maps Medical imaging
extensively uses backpropagation-based saliency maps to de-
scribe which portions of an image a model focuses on during
prediction. These methods, for instance, can show suspicious
areas on MRI or CT images, helping doctors find anomalies.
Popular techniques such as Grad-CAM and Grad-CAM++
superimpose heatmaps onto the original image, displaying
the spatial areas most likely influencing the model’s choice.
Layer-wise Relevance Propagation (LRP) offers pixel-level
relevance ratings, providing a more comprehensive picture of
the model’s emphasis. Recent studies show that these meth-
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A Current Visualisation Practices

ods are especially successful for convolutional neural net-
works (CNNs) since they can visually localise areas of inter-
est, including tumour tissues or lesion boundaries. For exam-
ple, although LRP has helped define lesion borders in transfer
learning applications [249], Grad-CAM has been utilised to
identify tumour areas [337].

Feature Importance Techniques Making meaning of organ-
ised data like electronic health records (EHRs), genetic pro-
files, and time-series sensor data depends critically on feature
significance methods. These techniques provide greater un-
derstanding and confidence in AI systems applied in health-
care by helping to clarify the contribution of particular fea-
tures to the model decision [350]. LIME is a generally ap-
plied technique approximating complicated models with sim-
pler local surrogate models. LIME is very helpful for low-
dimensional reduction by feature identification for every pre-
diction [337, 350]. Using Shapley values from cooperative
game theory, SHAP is another widely used method that com-
putes feature contributions at both global and local levels.
Whether for a single patient or over a whole patient cohort,
SHAP offers insights into which factors, e.g., age, blood
pressure, and glucose levels influence a model’s judgements
most. These instruments increase interpretability and help
doctors concentrate on the most pertinent factors, increasing
the actionability and dependability of artificial intelligence
systems in clinical environments.

Counterfactual and Example-Based Explanations Two
powerful methods for improving the interpretability of artifi-
cial intelligence models in healthcare are counterfactual and
example-based explanations. Particularly helpful for person-
alising and decision-making, they offer insights by demon-
strating how modifications to specific input features could af-
fect the model predictions. Emphasising "what-if" situations,
counterfactual explanations show how changing particular
variables such as a test result or genetic marker may produce
a different conclusion. For example, tools like DiCE [225]
and ExPeRT [336] let people investigate practical insights
including suggested lifestyle modifications that might lower
disease risk. These clear-cut justifications help to close the
distance between sophisticated artificial intelligence systems
and pragmatic healthcare interventions.

To make forecasts more relevant, example-based methods
employ representative examples, including ProtoPNet [253]
and MProtoNet [319]. These approaches enable doctors to
grasp better how a model classifies inputs by showing typical
cases inside every class. For example, they might draw at-
tention to a typical tumour image to explain why a particular
scan came out malignant. Recent developments, including
the CLARUS framework [220], have integrated interactive
dashboards with counterfactual explanations. These systems
let doctors examine explanations in real-time, helping them
hone or better grasp the AI’s thinking mechanism. By in-
cluding counterfactuals in user-friendly tools, AI systems are
guaranteed to be accurate but also open and practical in clin-
ical settings.

A.2 Visualisation Techniques for Bridging Modalities
Integrated Attention Maps Attention mechanisms are fun-
damental in multimodal systems, facilitating the integra-
tion of various data types, including imaging and elec-
tronic health records (EHRs) while improving interpretabil-
ity. These mechanisms dynamically assess the contribution
of each modality, ensuring that both the model and the user
comprehend the relative significance of different data sources
in prediction-making. An integrated attention map may in-
dicate that particular genetic markers and lesion locations
identified in MRI scans significantly affect diagnostic out-
comes. Techniques like Gradient-weighted Class Activation
Mapping (Grad-CAM) and attention-weighted embeddings
enhance these capabilities, facilitating detailed interpretabil-
ity.
Recent frameworks such as NeuroIGN [331] combine MRI
and intraoperative ultrasound (iUS) data, providing real-time
surgical visualisations that are dynamically updated with
attention-based certainty maps to assist decision-making.
EHR-KnowGen [332] utilises attention-based mechanisms
to align structured and unstructured EHR data, highlighting
cross-modality interactions that clarify essential clinical vari-
ables influencing outcomes. These frameworks illustrate the
role of attention maps in integrating various data sources, of-
fering clinicians nuanced insights into contributions specific
to each modality. This increased transparency fosters trust
in AI-driven decisions and enables clinicians to prioritise the
most significant data sources for patient-specific situations.
Hybrid Fusion Visualisation Recent advancements in mod-
els such as HAIM [329], NeuroIGN [331], PathLDM [330],
and LAVA [337] have markedly enhanced the integration
of explainability within multimodal medical data workflows,
equipping clinicians with practical tools for interpreting intri-
cate predictions. HAIM employs modular fusion embeddings
to combine modalities, including imaging, tabular, and tex-
tual data, enhancing tasks like 48-hour mortality prediction.
It emphasises high-impact features and ensures explainabil-
ity through Shapley values. NeuroIGN integrates preopera-
tive MRI with real-time intraoperative ultrasound (iUS) data
through hybrid fusion techniques, aligning multimodal imag-
ing to provide interpretable real-time segmentation during
neurosurgical procedures. This integration assists surgeons in
making informed decisions in critical clinical environments.
PathLDM integrates pathology reports and histopathology
whole slide images (WSIs) via text-conditioned latent diffu-
sion, successfully uniting global textual information with lo-
calised tumour imaging characteristics. This hybrid method
improves synthetic image generation and assists clinicians in
situations with scarce annotated data. LAVA utilises a hybrid
framework to integrate retinal fundus imaging and cognitive
assessments, clarifying Alzheimer’s progression through hi-
erarchical clustering of multimodal data. By incorporating
various modalities into unified visualisations, these frame-
works enable clinicians to obtain actionable insights, thereby
reducing the disparity between artificial intelligence-driven
discoveries and their practical clinical applications.
Temporal Visualisations Artificial intelligence models must
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address specific challenges to interpret wearable sensor data,
and time-series signals such as ECG or EEG while cap-
italising on significant clinical insight opportunities. Vi-
sual aids, including heatmaps and trend graphs, effectively
emphasise critical intervals or patterns relevant to diagno-
sis. Heatmaps can identify periods of increased activity
or anomalies in EEG data, whereas trend graphs can de-
pict long-term changes, emphasising irregularities associated
with clinical outcomes. These visualisations allow clinicians
to concentrate on the most relevant data segments, enhancing
their capacity to correlate model outputs with clinical obser-
vations.

Frameworks like HAIM [329] employ temporal saliency
maps to illustrate the contribution of specific time intervals or
sequences to mortality prediction, thereby assisting clinicians
in identifying critical trends within time-series data. Simi-
larly, EHR-KnowGen [332] integrates structured EHR data
with time-series features, using attention-weighted embed-
dings to emphasise impactful temporal patterns dynamically.
Integrating multimodal fusion methodologies demonstrates
how temporal relationships among data points can improve
interpretability. Advanced layered designs improve the com-
prehension of multimodal interactions, including integrating
sensor readings with physiological signals. Frameworks such
as NeuroIGN [331] synchronise real-time imaging with tem-
poral variations in patient vitals, providing interpretable feed-
back during neurosurgical procedures. These visualisations
maintain chronological and contextual significance, enabling
clinicians to make informed decisions based on communi-
cated temporal patterns.

Dimensionality Reduction High-dimensional data analysis,
including coupled omics and imaging features, is greatly en-
hanced by dimensionality reduction techniques such as t-
SNE, UMAP, and PCA. By projecting intricate representa-
tions into interpretable two-dimensional or three-dimensional
spaces, these methods reveal clusters, patterns, and relation-
ships that may remain obscured in complex data. t-SNE is
particularly effective in preserving local relationships, which
enhances its ability to identify small-scale clusters within
data. UMAP balances the preservation of regional and global
structures, frequently resulting in more precise and cohe-
sive visualisations for multimodal datasets. PCA reduces the
complexity of high-dimensional data by identifying principal
components that account for the most significant variance,
proving particularly useful for datasets characterised by lin-
ear relationships.

When applied carefully, these techniques preserve criti-
cal interconnections across modalities and decrease com-
plexity, facilitating intuitive and efficient data exploration.
Frameworks such as HAIM [329] employ dimensionality
reduction techniques to handle multimodal inputs, effec-
tively prioritising the most relevant features from imaging,
time series, and tabular data for enhanced interpretability.
PathLDM [330] integrates feature selection and dimension-
ality reduction to analyse high-dimensional pathology data,
creating interpretable synthetic histopathology images. The
EHR-KnowGen [332] framework illustrates the potential of

dimensionality reduction to improve the integration of struc-
tured and unstructured EHR data by refining feature em-
beddings, allowing researchers to concentrate on clinically
relevant patterns. These frameworks demonstrate the ca-
pability of advanced AI systems to manage diverse, high-
dimensional datasets while maintaining interpretability and
usability for medical practitioners. Integrating dimension-
ality reduction and intelligent feature selection methodolo-
gies simplifies the exploration of large-scale genomic and
imaging datasets while preserving their clinical relevance.
This method improves multimodal AI systems’ interpretabil-
ity and practical use in healthcare.

A.3 Interactive Visualisation Tools
Dashboard-Based Exploration Interactive tools to examine
and comprehend AI model behaviour are fundamental to
modern XAI-enabled platforms, including CLARUS [220]
and EHR-KnowGen [332]. These systems offer clinicians
and researchers dynamic dashboards for real-time visualisa-
tion of model predictions, facilitating the editing of param-
eters, modification of input data, and adjustment of settings.
This interactivity creates a setting where clinicians can ac-
tively investigate AI models, assessing the influence of spe-
cific factors or changes on the outcomes. EHR-KnowGen
integrates structured and unstructured EHR data into unified
explanations, enabling users to dynamically explore the rela-
tive importance of various data modalities.
These tools are especially useful in complex multimodal con-
texts, where comprehending the interactions among vari-
ous data types, such as imaging, textual reports, and time-
series data can pose significant challenges. Dashboards in
PathLDM [330] and HAIM [329] offer layered visualisa-
tions that integrate global summaries with detailed insights.
PathLDM employs user-friendly interfaces to aid in synthe-
sising pathology reports and histopathology images. In con-
trast, HAIM highlights the roles of individual modalities, al-
lowing clinicians to customise analyses for particular patient
cases. Interactive platforms improve trust and comprehen-
sion by connecting AI systems with domain experts. Visual-
ising the real-time effects of parameter changes enables clini-
cians to refine models with AI engineers collaboratively. This
capability is essential for modifying AI solutions to address
the distinct requirements of particular clinical settings or pa-
tient groups. Systems such as CLARUS, EHR-KnowGen,
and HAIM enhance the usability of AI in healthcare by facil-
itating dynamic exploration, promoting deeper insights, and
aligning AI outputs with clinical priorities. These platforms
illustrate the capacity of dashboard-based exploration to con-
vert AI into a collaborative, transparent, and actionable re-
source for medical decision-making.
What-If Tools
Clinicians and researchers are transforming their engagement
with AI models by using dynamic tools like Google’s What-
If [320], which facilitates real-time scenario analysis. Users
can modify patient-specific variables such as BMI, labora-
tory values, or genomic risk factors and analyse the resulting
prediction changes. This interactive method enhances model
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B Challenges in Visualisation

interpretability, providing clear insights into the contribution
of features to clinical outcomes.
In addition to these fundamental tools, advanced frameworks
like SCouT [351] and GCNs [334] enhance "what-if" ca-
pabilities through spatiotemporal synthetic data generation
and adjacency-based visualisations, respectively. SCouT ad-
dresses the issue of sparse datasets by modelling realistic
variations, facilitating the exploration of patient trajectories
in data-constrained scenarios. GCNs enhance this by visu-
alising patient relationships through graph networks, high-
lighting individual and group-level features essential for dif-
ferentiating clinical subgroups, including mild cognitive im-
pairment and Alzheimer’s disease progression. The incor-
poration of counterfactual generation, as illustrated in Pro-
toPNet [253], identifies minimal alterations to input param-
eters that would modify a diagnosis, offering practical in-
sights. LAVA integrates imaging and cognitive assessment
data for prototype-based reasoning, enabling users to evalu-
ate hypotheses regarding the influence of patient features on
diagnostic categories.
These tools demonstrate the integration of "what-if" capabil-
ities in multimodal AI systems, enhancing clinician trust and
aiding clinical decision-making. They facilitate real-time in-
teraction, scenario testing, and comprehensive feature explo-
ration, connecting abstract AI outputs with practical medical
insights and supporting AI integration in critical healthcare
applications.

B Challenges in Visualisation
Although the above mentioned techniques show considerable
potential, using them in practical clinical environments in-
volves numerous major difficulties, particularly considering
different data sources.

B.1 Balancing Complexity and Interpretability
In multimodal environments, where many data sources such
as MRI scans, EHR data, and genetic markers must be
combined, the difficulty of balancing complexity and in-
terpretability is more evident. On one side, very com-
plicated, multi-layered explanations might confuse doctors
and clinicians, making them useless for practical applica-
tion [352, 353]. Conversely, too simplistic models, such as
single saliency maps, risk obscuring critical interactions be-
tween various modalities.
High Dimensionality Computational efficiency and inter-
pretability are challenged by datasets including hundreds of
features such as genetic variations, imaging pixels, and time-
series sensor data. Not only are these high-dimensional
datasets resource-intensive to handle, but they also challenge
meaningful and accessible presentation for clinicians [350].
Focuses on strong feature selection to rank the most signifi-
cant variables, lowering complexity and maintaining impor-
tant information from PSGIF [350]. Integrating genetic and
imaging data also helps multimodal approaches. LAVA [337]
investigates intermediate layers of convolutional neural net-
works (CNNs) to understand model processing, therefore fa-
cilitating the improved interpretation of important character-

istics derived from high-dimensional input. Although these
technologies offer great value, their accessibility in clinical
environments is limited since they are usually targeted at
technical users. User-friendly pipelines are essential to en-
able the management and interpretation of high-dimensional
data. Methods including t-SNE, UMAP, and PCA provide
promising techniques for dimensionality reduction. Still,
they need adaption to protect clinical relevance, verifying
that dimensionality reduction does not cause loss of essen-
tial links between imaging characteristics and genetic mark-
ers. Additionally, simplified interfaces offer clinicians easily
comprehensible outputs, including 2D or 3D visualisations
with overlays or annotations. Incorporating clever prepro-
cessing and parameter optimisation helps lower the hand cor-
rections requirement. Frameworks such as those suggested
in LAVA and PSGIF should be developed to encompass
these capabilities, producing technically strong tools that are
both technically strong and understandable to non-technical
users [326]. Translating high-dimensional insights into prac-
tical medical decisions will be simpler by increasing dimen-
sionality reduction techniques and smoothly including them
in clinical processes. Future studies should concentrate on
closing the technical complexity- usability gap to guarantee
that these technologies are as helpful as they are strong.

Accuracy–Interpretability Trade-off Deep neural networks
(DNNs), among other models with high prediction accuracy,
are sometimes considered "black boxes" because of their
complexity and lack of openness. On the other hand, sim-
pler models such as linear regression or tiny decision trees
are easier to understand but find difficulty managing the in-
tricacy of multimodal data and complicated feature relation-
ships [325, 336]. Implementing Explainable AI (XAI) in
clinical settings presents great difficulty in managing this
trade-off. DNNs shine in capturing complex interactions
across multimodal data but typically lack simple mechanisms
for physicians to grasp their thinking, posing challenges
in balancing accuracy and interpretability. Simpler models
may miss significant insights or patterns in high-dimensional
datasets, even if they are interpretable. Clinicians need accu-
rate forecasts and clear, understandable explanations to help
decision-making and establish confidence.

Advanced and hybrid XAI techniques aiming to preserve the
predictive capacity of complicated models while improving
their interpretability have evolved to handle these challenges.
ExPeRT [336] explains predictions utilising exemplary ex-
amples inside every class. Linking the outputs of a model
to relevant, real-world instances closes the distance between
clinical intuition and abstract model thinking. This method
is very successful for multimodal systems, where examples
might span several data, such as integrating an imaging scan
with crucial EHR features. MACO [325] presents limita-
tions during model training to generate more natural and
human-friendly visual explanations. This guarantees the in-
terpretability of outputs without sacrificing the model’s pre-
diction accuracy. MACO can be used in situations such as
saliency maps to ensure that highlighted areas or characteris-
tics match human expectations, increasing its practicality for
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doctors.
Maintaining a clinically acceptable trade-off calls for on-
going innovation in hybrid XAI methods combining high-
accuracy models with interpretable overlays, including
saliency maps, feature attributions, or counterfactual sce-
narios. Designing interfaces that show explanations in a
clinician-friendly way will help you to emphasise usability.
Including strong validation will help to guarantee that in-
terpretability characteristics complement clinical knowledge
and expectations. The healthcare sector may fully utilise
high-performance AI systems using ExPeRT and MACO, en-
suring their forecasts stay clear and actionable in practical
clinical environments.
The balance between model complexity and interpretabil-
ity is essential in high-stakes medical applications, as clin-
icians need dependable explanations while maintaining pre-
dictive accuracy. The eXirt method [171], although com-
putationally demanding due to its perturbation-based anal-
ysis, offers organised and probabilistic insights into feature
relevance. In contrast to conventional post-hoc explainabil-
ity methods, eXirt quantifies interpretability using metrics of
discrimination, difficulty, and guessing, thereby providing a
robust framework for feature evaluation. The methodological
rigour of eXirt makes it particularly significant in critical do-
mains such as oncology, neurology, and cardiology, where
AI-driven diagnostics necessitate transparency. In tumour
classification models, eXirt can identify MRI-based imaging
biomarkers with the most significant discrimination power,
thereby enhancing clinicians’ comprehension of the model’s
rationale for malignancy predictions. In cardiovascular risk
assessments, difficulty scores can identify ambiguous cases
that require clinical judgment. eXirt balances computational
cost with interpretability, allowing AI-driven medical tools
to be both explainable and clinically actionable, thereby en-
suring that the need for transparent, trustworthy explanations
surpasses the computational expense.

B.2 Standardising Visualisation Practices
Unlike single-modality data, multimodal datasets mix several
sources, each with unique qualities and visualisation needs.
This variability seriously challenges the development of con-
sistent methods for visualising and assessing Explainable AI
(XAI) outputs [339]. Often, lacking set norms results in in-
consistent or inferior findings across studies, impeding field
advancement.
Heterogeneous Data Types One of the key challenges is het-
erogeneous data types. Multimodal data combines structural,
unstructured, geographical, and temporal components and
calls for different visualisation methods for every modality.
In particular, Imaging data, for instance, gains from saliency
maps or attention overlays; EHR data is better represented
with feature attribution scores or counterfactuals. Combining
these still presents difficulty. Unlike single-modality explain-
ability, whereby standard metrics (e.g., authenticity, sparsity)
are more defined, multimodal XAI lacks uniform criteria to
evaluate whether explanations are trustworthy, interpretable,
and therapeutically significant. Visualising the total contribu-

tions of all modalities in a clear, interpretable manner often
results in oversimplification, maybe hiding crucial informa-
tion. Comparing results across research or including findings
in meta-analyses becomes challenging without uniform ap-
proaches to evaluate the quality of XAI outputs.

Domain-Specific Constraints Every modality in multimodal
datasets has unique qualities that make developing consis-
tent evaluation rules more difficult. Radiology, for example,
typically uses localised saliency maps or attention overlays
to emphasise areas of importance, such as MRI scan tumour
margins. Conversely, genomic data calls for explanations that
address high-dimensional and feature-specific interactions,
such as the influence of gene variations. EHR data gains
from feature attribution scores linked to particular patient cri-
teria and textual rationales. These variations make it chal-
lenging to create a one-size-fits-all assessment since a single
"explanation quality" score usually misses the subtleties of
localised visual explanations against textual reasons. Deal-
ing with these domain-specific limitations calls for tailored
evaluation plans that fit the modality, maintaining coherence
in multimodal environments.

Lack of Unified Protocols A significant obstacle to XAI’s
progress in multimodal settings is the lack of standardised
benchmarks and metrics to evaluate dependability and inter-
pretability. Designed for particular domains, current tech-
niques such as AOPC and ROAR are suitable with saliency
maps, while BLEU and CIDEr are useful as text-based met-
rics. These measures, however, cannot meet the particular
needs of multimodal medical data, so explanations must coin-
cide across several data kinds, including imaging, genomics,
and EHRs. Verifying the dependability and interpretability
of XAI outputs is a subjective process without a universal
framework, impeding outcomes’ comparability between in-
vestigations.

Framework Development The potential solutions include
framework development. Provide consistent models for mul-
timodal XAI visualisation addressing several data formats.
These models should include models for combining across
modalities saliency maps, feature importance, and counter-
factual examples. Establish benchmarks for assessing multi-
modal XAI outcomes by combining criteria, including eval-
uating whether explanations fit domain-specific patterns. En-
sure proper representation of interactions between modalities
is cross-modal consistency, and use physician comments and
human-centred metrics to test interpretability and usability.
Create tools that let doctors interactively investigate XAI out-
puts, cycling between modalities and degrees of explanation
granularity to grasp the system’s reasoning better. Encourage
multidisciplinary cooperation among physicians, domain ex-
perts, and artificial intelligence researchers to create and im-
plement homogenous standards for visualisation and evalua-
tion. Advancement of the area depends on requirements for
multimodal XAI. Uniform methods would raise the consis-
tency and quality of research and help AI systems in clinical
practice to be more interpretable, actionable, and trustworthy.
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C Guidance for Effective Visualisation Practices

B.3 Bridging Modalities in Visualisations

A significant difficulty in Explainable AI (XAI) for health-
care is developing unified, coherent visualisations that in-
clude many data sources. Effective multimodal visualisa-
tions must be interpretable for topic experts yet capture cross-
modal interactions.

Late Fusion Complexity Late fusion techniques aggregate
outputs from independently trained models for every modal-
ity, often find providing aligned and significant feature attri-
butions challenging. For instance, disjointed or poorly syn-
chronised saliency maps from imaging and tabular data can
complicate understanding how each modality’s factors con-
tribute to the general forecast. These approaches run the dan-
ger of excluding cross-modal interactions crucial for proper
diagnosis, such as the interaction between lesion locations in
an MRI and genetic markers discovered in omics data [354].
Dealing with this difficulty requires designing early or hybrid
fusion pipelines that combine modalities during model train-
ing, enabling interaction-aware attributions. Using post-hoc
tools allowed visualising interactions across several modali-
ties instead of considering every input as autonomous.

Knowledge-Domain Gap The variation of knowledge among
doctors adds even more difficulty to understanding multi-
modal visualisations. Imaging experts might not have the
background to decipher genomic patterns or gene-expression
saliency maps. Geneticists could thus find overlays less
relevant or even deceptive on MRI scans without back-
ground [355]. This mismatch in domain knowledge reduces
the utility of homogeneous visualisations. Platforms such as
CLARUS [220] let doctors fine-tune and adjust AI explana-
tions to their particular fields of expertise through interactive
feedback. Customised visualisations should show explana-
tions in domain-relevant forms, e.g., thorough genetic attri-
butions for molecular scientists and image overlays for radi-
ologists.

C Guidance for Effective Visualisation Prac-
tices

Establishing efficient visualisation techniques for multimodal
medical data calls for resolving the complexity of aggregat-
ing several data sources and guaranteeing that the resultant
tools remain clinically helpful and practical. This requires
careful design ideas to strike a mix of thorough coverage, us-
ability, and clarity.

C.1 Modular Visualisations

One good tactic is using modular visualisations that divide
the presentation of every data modality. Imaging data, for ex-
ample, can be shown by heatmaps; bar charts can show EHR
characteristics. These visual panels let doctors concentrate on
each modality separately, lowering the cognitive strain. Turn-
ing between these panels helps users grasp individual contri-
butions clearly before synthesising ideas from the aggregated
data [67].

C.2 Layered Visualisations
Layering visualisations is another helpful strategy for offer-
ing high-level summaries and thorough explanations. Start-
ing with summaries, like confidence scores for every modal-
ity, for instance, enables doctors to evaluate the general per-
formance of the model quickly. They can then probe into
particular elements, such as key time intervals in sensor data
or localised saliency maps for MRI areas. This hierarchi-
cal system guarantees that the visualisation is flexible enough
for quick evaluations and more thorough investigation by ex-
perts [328].

C.3 Fusion Visualisation
Though it brings unique difficulties, combining modalities in
one visualisation is essential for multimodal artificial intelli-
gence. Clearly expressed should be the approach employed
to mix modalities. Whereas hybrid fusion could reveal the ex-
tracted features of each modality before they are integrated,
early fusion could show combined feature embeddings. Late
fusion can show the different forecasts for every modality
and their aggregations. Clear vision of these fusion processes
helps clinical interpretation [149, 153]. It also makes the re-
lationships between modalities more visible.

C.4 Domain-Specific Visual Aids
Development of trust and usability depends on domain-
specific visual aids. Visualisations should fit the procedures
of particular medical specialities. Heat maps should highlight
suspicious areas in radiography, while text annotations help
aggregate patient statistics. Genomics visualisations might
link gene-expression data onto pathways or biomarkers the
domain specialists already know. This congruence with cur-
rent knowledge systems facilitates physicians’ understanding
and confidence in the AI-generated outputs [220, 355].

C.5 User-Centric Design
Another essential component of good visualisation is priori-
tising user-centric design. Interactive dashboards give doc-
tors more control and help them better comprehend by let-
ting them modify model parameters or thresholds. Feedback
loops, including clinicians, also assist models and their vi-
sualisations to better align with clinical priorities and remain
relevant to changing processes [324, 354].

C.6 Centralised Multimodal Dashboards
Eventually, centralised multimodal dashboards showing the
value of every modality side by side can simplify cross-modal
study. These dashboards help doctors link imaging results
with lab results or genomic data by combining visual com-
ponents, including saliency maps, bar charts, and idea high-
lights. This combined perspective helps improve decision-
making and more accurate diagnostics [332].
Combining modularity, layering, fusion clarity, domain
alignment, interactivity, and centralised dashboards will help
to create powerful and readily available visualisations driven
by artificial intelligence in real-world clinical environments.
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D Future Research Directions
Though explainable artificial intelligence (XAI) visualisation
for healthcare uses has come a long way, much space for im-
provement and innovation still exists. These developments
can enable XAI to be more deeply integrated into healthcare
processes, producing broader and more significant effects.

D.1 Evaluate Visualisation Effectiveness
Evaluating how successfully XAI visualisations satisfy the
needs of its end users helps one to maximise the value of
these tools. Methodical user studies help to shed light on
how various explanation strategies are seen and applied in re-
ality. Eye-tracking and usability assessment methods can ex-
pose minute interactions between users and visual aids. Fur-
thermore, providing quantifiable standards to evaluate the ad-
vantages of new visualisation approaches [326] are objective
measures, including diagnostic accuracy, speed to diagnosis,
and user happiness. Such assessments point to areas needing
work and open the path for user-centric design ideas in XAI
for healthcare.

D.2 Automate Visualisation Refinement
Dynamic refinement is an interesting way to improve the us-
ability of visualisations depending on user feedback. In re-
sponse to real-time physician inputs, interactive refinement
systems could dynamically change saliency levels or reor-
ganise feature lists. These systems might learn over time
to provide ideal degrees of information catered to particu-
lar modalities and user preferences. Through emphasising
the most important findings, such automated methods could
enable faster, more precise decision-making [321].

D.3 Advance Interactive Tools
Interactive visualisation tools can transform how doctors in-
teract with varied multimodal data. Improved "what-if" ana-
lytic tools would let users concurrently change several kinds
of data, including electronic health records (EHRs) and imag-
ing markers, and view the recalibrated forecasts in real time.
This interaction may also incorporate counterfactual analysis,
showing how particular changes such as choosing a different
imaging slice or fixing a laboratory value, might greatly in-
fluence model outputs [235]. These developments might help
doctors better grasp model behaviour and have more confi-
dence in AI-generated insights.

D.4 Data Scarcity and Synthetic Data
Particularly with rare diseases or under-represented popu-
lations, healthcare databases frequently suffer from prob-
lems, including data imbalance and shortage. Transformer-
based models and generative adversarial networks (GANs)
are starting to show remarkable ability for creating synthetic
datasets to close these gaps. Pipelines such as SCouT [351]
show, for example, the capacity to replicate varied patient
populations. Particularly for neglected diseases and sen-
sitive demographics [350], future research should seek to
build generative approaches capable of precisely capturing
the complexity of multimodal data while maintaining ethical
and practical considerations.

D.5 Explainability for Reinforcement Learning
Applications in healthcare, such as patient management and
treatment planning, are finding favour for reinforcement
learning (RL). Its opaque decision-making policies, however,
provide significant adoption difficulties. Visualising RL com-
ponents such as reward trajectories, policy decisions, and hy-
pothetical alternatives helps close the trust gap. For instance,
clarifying why a given treatment (e.g., chemotherapy) is rec-
ommended over another (e.g., surgery) at a given level of
treatment will help Adapting MACO [325] to RL scenarios
may help to preserve interpretability in sequential decision-
making further, so strengthening trust and utility in clinical
contexts.

D.6 Integration of Human Factors
Future research must prioritise refining human-centred XAI
to ensure alignment with clinical workflows and patient re-
quirements. Existing approaches enhance interpretability;
however, adaptive explanation systems that adjust complex-
ity according to user expertise such as simplified patient nar-
ratives and uncertainty aware insights for clinicians may im-
prove usability [355].
Future XAI tools should integrate interactive feedback
mechanisms, enabling domain experts to iteratively re-
fine explanation strategies, building on frameworks such as
CLARUS[220]. The eXirt framework [171] may be en-
hanced to deliver real-time adaptive IRT-based visualisations,
customising explanations according to diagnostic uncertainty
and clinician preferences. Subsequent research should exam-
ine the influence of explainability on decision confidence in
high-stakes contexts, ensuring that AI-generated recommen-
dations are both transparent and actionable.

6 Conclusion
This survey shows that Explainable AI (XAI) in healthcare
has advanced from generic model introspection to providing
customised, multimodal explanations appropriate for com-
plex medical data. Research integrating imaging, labora-
tory results, electronic health records (EHRs), and omics
data demonstrates that multimodal strategies improve diag-
nostic efficiency. However, they present difficulties compre-
hending how many data sources collectively influence pre-
dictions. Research advancements utilising LIME, SHAP,
and other perturbation-based methodologies have progressed
significantly, coupled with concept-based approaches and
prototype-driven explanations that facilitate clinicians’ intu-
itive interpretation of model outcomes. Moreover, counter-
factual explanations have become an effective tool for med-
ical practitioners to investigate "what if" scenarios, offering
an enhanced understanding of model-based suggestions. De-
spite these positive advances, significant obstacles exist. A
significant drawback is the lack of defined metrics for assess-
ing the quality and reliability of explanations generated by
XAI. Although image-based interpretability is supported by
defined evaluation criteria in medical imaging, textual and
numerical data do not possess globally recognised bench-
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marks. Integrating XAI into practical clinical workflows such
as real-time monitoring, decision support systems, and exten-
sive genomics platforms is a developing effort. Effective vi-
sual representation is essential, as medical professionals need
clear, simple, and actionable information that corresponds
with their cognitive workflows. Cooperative initiatives be-
tween AI researchers and physicians are crucial for develop-
ing interactive, multi-faceted explanations that merge trans-
parency with usability.
Multiple intriguing pathways require additional investiga-
tion to solidify XAI’s position in patient-centred treatment.
Federated learning methodologies may improve explainabil-
ity while safeguarding patient privacy, promoting wider ac-
ceptance in decentralised healthcare settings. Reinforce-
ment learning models that use frameworks that are easy to
understand can adapt to patient answers better than black-
box AI. Furthermore, generative models may be utilised
to produce synthetic variations of under-represented clinical
cases, fixing dataset imbalances and explaining regions of
model uncertainty. Interdisciplinary collaboration is essen-
tial for advancement, bringing together data scientists, ma-
chine learning specialists, and healthcare practitioners to cre-
ate transparent and therapeutically applicable solutions. If
XAI can resolve algorithmic predictions with human think-
ing, its revolutionary impact in healthcare will be unmatched.
Explainability-driven AI can improve diagnostic precision,
enable personalised treatment approaches, and cultivate trust
between physicians and patients, promoting a more trans-
parent and ethically accountable future in medical AI. This
systematic review of XAI data visualisation in multimodal
medical contexts enhances understanding of Responsible AI,
facilitating more transparent healthcare solutions.
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