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Abstract

Deep learning has emerged as a powerful tool in computational neuroscience, enabling
the modeling of complex neural processes and supporting data-driven insights into brain
function. However, the non-transparent nature of many deep learning models limits their
interpretability, which is a significant barrier in neuroscience and clinical contexts where
trust, transparency, and biological plausibility are essential. This review surveys structured
explainable deep learning methods, such as saliency maps, attention mechanisms, and
model-agnostic interpretability frameworks, that bridge the gap between performance and
interpretability. We then explore explainable deep learning’s role in visual neuroscience and
clinical neuroscience. By surveying literature and evaluating strengths and limitations, we
highlight explainable models’ contribution to both scientific understanding and ethical de-
ployment. Challenges such as balancing accuracy, complexity and interpretability, absence
of standardized metrics, and scalability are assessed. Finally, we propose future directions,
which include integrating biological priors, implementing standardized benchmarks, and
incorporating human-intervention systems. The research study highlights the position
of explainable deep learning, not only as a technical advancement but represents it as a
necessary paradigm for transparent, responsible, auditable, and effective computational
neuroscience. In total, 177 studies were reviewed as per PRISMA, which provided evidence
across both visual and clinical computational neuroscience domains.

Keywords: explainable deep learning; computational neuroscience; visual attention; clinical
applications; neural networks

MSC: 92B20; 68T07

1. Introduction
Computational neuroscience is the study in which understanding brain function

through analysis of neural processes via mathematical models is involved [1]. Neuroscience
used to be rooted in theory and biophysics only, and recently it has increasingly embraced
data-driven approaches with the rise of advanced technology-based neural recordings and
large-scale neuroimaging [2,3]. This impacted neuroscience by enabling the adoption of
convergence with DL, which is capable in uncovering patterns of complex datasets. This
offers advancement and efficiency in modeling perception, cognition, and behavior.

In the neuroscience context, the DL models have shown remarkable success in replicat-
ing neural responses and have also enabled the domain in decoding brain states, especially
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in visual neuroscience. It has matured in tasks like attention modeling [4,5], object recog-
nition [6], and categorization mirroring [7] challenges faced in computer vision. Clinical
neuroscience has also benefited from these DL models in neuroimaging-based diagnosis,
disease progress forecasting, and treatment personalizing areas. However, these advances
have major limitations because most DL models are uninterpretable systems. This shows
that state-of-the-art research for neuroscience is not transparent enough in showcasing the
model’s internal workings [8].

This lack of interpretability poses serious challenges. In neuroscience, opaque models
limit our ability to derive mechanistic or causal insight [9], making it difficult to validate
findings against known biology or generate new hypotheses. In clinical settings, the risks
are even greater: high-stakes decisions demand transparency, robustness, and trustwor-
thiness, which the non-transparent models often lack. Key limitations include predictions
without mechanistic understanding, overfitting to data quirks, limited support for causal
inference, and vulnerability to spurious correlations or adversarial inputs.

These concerns are magnified by current trends: the rapid adoption of AI in medical
diagnosis, rising demand for trustworthy AI systems [10], and an emerging regulatory em-
phasis on explainability [11] in healthcare technologies. Simultaneously, there’s a growing
awareness within neuroscience that predictive success is not enough, interpretability is
now central to scientific credibility and ethical deployment. This review is motivated by
the need to explore how XDL can bridge the gap between performance and understanding,
particularly in the domains of visual neuroscience [12,13] and clinical applications [14–16],
where both scientific insight and practical utility are critical.

The integration of DL into neuroscience has revolutionized the analysis and interpre-
tation of complex neural data. Among various architectures, transformers have emerged as
particularly influential due to their self-attention mechanisms, allowing models to capture
intricate dependencies within data [17]. However, their application in neuroscience necessi-
tates advancements in interpretability to elucidate underlying neural processes effectively.
Key Applications of DL in Neuroscience:

1. Brain signal decoding: The DL models like RNNs and transformers have shown sig-
nificant performance in decoding signals, including cognitive states, motor intentions,
and sensory inputs [18], e.g., EEG, MEG, ECoG, and fMRI.

2. Common tasks: Tasks include perceiving, classifying, regression, brain data decod-
ing [19], multimodal data fusion [20], and functional connectivity analysis [21] in
neural signals.

3. Image segmentation: The CNNs have always played an important role in segmenting
high-dimensional images that depict the neural structures. This facilitates tasks used
for connectomics, i.e., mapping complicated networks of synapses and neurons [22].
This also facilitates brain atlasing, i.e., understanding the structure and function of
the brain [23].

4. Disease classification & biomarker discovery: DL techniques have enhanced the
diagnosis of neurological and psychiatric conditions by analyzing neuroimaging and
electrophysiological data [24].

5. Neural encoding & predictive modeling: Models like CNNs and transformers are
being utilized to predict the brain responses to the expected environmental stimuli.
Interpreting the behavior of response and stimuli through the use of neural encoding
and predictions helps in understanding and advancing the sensory processing that
mimics the human brain.

6. Brain-computer interfaces: The DL approaches have proven to show improved real-
time performance in communication-based feedback systems [25], rehabilitation [26],
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and prosthetic control [27]. These approaches play a vital role in enhancing the BCI’s
ability to produce the desired result.

7. Generative modeling of brain activity: Generative models, such as GANs and VAEs,
are also known to be vital. The key applications are synthesizing the neural data,
reconstructing both images and speech in neuroscience [28].

Despite these advancements, challenges persist that contribute to the interpretability
limitations of DL in neuroscience, which are shown in Table 1. Likely solutions are also
proposed to overcome the limitations. Issues like robustness exist due to the diverse
set of datasets that can easily lead the DL models to show inconsistent performance.
This issue arises due to the noise and biases specific to training data. Challenges like
generalizability also exist, as the models cannot always extend their findings to a broader
context of the population, which needs to be addressed. Moreover, complex models that
are based on transformer architecture need to be interpretable [29]. It is important to ensure
that the insights derived from neuroscientific and clinical environments are meaningful
and trustworthy.

Table 1. Factors contributing to the interpretability limitations of DL in neuroscience.

Factor Description

Uninterpretable architecture Problem: Deep models (e.g., CNNs, transformers) consist of many non-linear
layers, making it difficult to trace how inputs are transformed into outputs [10,11].
Possible solution: Leveraging XDL can make the learning process more trans-
parent. A possible solution could be to include embedding explainable attention
layers into the model.

Lack of biological grounding Problem: Most DL architectures are not inherently constrained by known neuro-
biological mechanisms, limiting their plausibility in neuroscience [30].
Possible solution: Tailoring the modeling phase utilizing the brain structures or
pathways could guide the model toward more plausible interpretations.

High-dimensional feature spaces Problem: DL models often operate in complex and abstract feature spaces that
are difficult to interpret intuitively. This requires significant efforts to align such
models with the known cognitive functions [31].
Possible solution: Concept attribution techniques allows the linkage of abstract
model features to more meaningful brain functions or behaviors.

Overparameterization Problem: Deep networks tend to have millions of parameters, increasing model
complexity and obscuring the contribution of individual features or layers [32].
Possible solution: Tools like LRP enable model analysis to identify which parts
actually matter the most, providing the opportunity to simplify the network.

Non-transparent decision bound-
aries

Problem: Unlike rule-based or linear models, DL models do not offer clear deci-
sion logic, making it hard to validate predictions or diagnoses [8].
Possible solution: Applying concepts like rule-based models can act like inter-
pretable stand-ins as they depict the logic behind outcomes.

Limited explainability tools inte-
gration

Problem: Explainability techniques (e.g., saliency maps) are often added post hoc,
and may not be tightly integrated into the model training process [33].
Possible solution: Including explainability in the training process can produce
reliable and aligned results.

Inadequate evaluation metrics Problem: There is a lack of standardized benchmarks to quantitatively assess
interpretability, making it difficult to compare or trust explanations [34].
Possible solution: Standards to evaluate the training performance must be estab-
lished, as they will reshape the comparison criteria to be fair. It will also impose
on the models to be responsible for how well various models are explainable in
their outcomes.
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The limitations relevant to interpretability are shown in Table 1. These demand
measures so that the neuroscience-based visual and clinical system DL models could be
enhanced in terms of application scope and reliability. The primary requirement to address
these limitations is to develop standard evaluation metrics.

With the DL integration increasing in the domain of computational neuroscience and
clinical workflows, its explainability demand has grown into a critical concern scientifically,
ethically, and practically. There is no doubt in the remarkable performance of DL for
predictions. However, their opaque nature acts as a hurdle, which further leads the
models to not be able to provide meaningful insights. This concern is considered critical in
neural computation and clinical reasoning [8], driving the technological advancement shift
towards the necessity of XDL. This shift not only comes with an ability to trade off between
accuracy, complexity, and interpretability, but also comes as a foundational requirement for
scientific explainability.

It is a known fact through science that explainability enables the formation of hypothe-
ses, validation of biology, and understanding of core values. Enabling these would not
have been possible with the DL alike non-transparent models. While considering a clinical
aspect, explainability provides diagnostic outcomes that are reliable and standards that are
compliant and auditable. Overall, explainability brings transparency and accountability
to the clinical systems, which is a standardized technique. The DL-based models without
explainability may produce critical errors, which could further lead to severe consequences
in the real world. These consequences could be incorrect diagnosis, failure to interpret
uninterpretable models’ generalizability, misinterpretation of analysis, and lack of trust
from scientific and medical communities.

There are several explainability methodologies, each emerging with a specific impact
in the computational neuroscientific domain. As long as the brain data is presumed at a
higher level of understanding, there are two most important regions in it. These regions are
spatial and temporal [35], which can be analyzed through the saliency maps and activation
localization techniques. All the above-mentioned techniques enable transparency, i.e., allow
tracing the model decisions to specific neural signatures. Other explainable methods exist,
which are concept-based [36], causal-based [9], and symbolic-based [37]. Each method
has a particular impact in the space. The explainability involving mapping of internal
representative explanations to human understandable abstracts, are termed as concept-
based explanations. These bridge the model outputs with cognitive or clinical concepts. The
second type of explainability method is causal, which emphasizes deriving the operational
transparency of the model from intervention-based strategies. These techniques primarily
focus on digging out the model’s underlying operational mechanisms. While the third type
of explainability method, symbolic-based explainability, aims at improving the audibility.
This is done by translating complicated models into simpler ones by building those models’
logical constructs. The fourth method is feature attribution, which has proven to be useful
when considering the electrophysiological and time-series data [38].

Overall, the main purpose of borrowing the interpretability through XDL in visual and
clinical applications is not just about explainability. But for building such a foundation that
can lead and support the enhancement of scientific AI-based systems in neuroscience in
terms of interpretability and trustworthiness. This shift advises a proactive transformation
necessary in DL as it is of vital importance. Because of its contribution in understanding
and providing neuroscientific computational systems that enable advancement in their
clinical and visual applications, e.g., predictive analytics [39].

This study explores the XDL’s impactful role in computational neuroscience, which
focuses on both visual and clinical domains. Beyond improving predictions, explainability
is framed as essential for trust, insight, and real-world relevance.
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Section 2 provides a summary of the methodology followed to conduct this study.
Section 3 (Background and Foundations) sets the stage by outlining the foundational con-
cepts in DL and computational neuroscience. It introduces the role of explainable models
and reviews key XDL techniques used to interpret brain-related data. As the knowledge of
computational neuroscience for visual and clinical systems differs significantly in terms of
data, objective, and applications, two separate sections are tailored to explain the visual
modeling and clinical decision-making. Where Section 4 shifts focus to the visual system,
exploring how XDL helps unravel neural mechanisms behind attention, categorization,
and perception. It discusses both the architectures employed and the interpretability tools
that bring insights into visual processing. Section 5 examines clinical applications of XDL,
particularly in areas like diagnosis, outcome prediction, and clinical decision support. The
emphasis is on how explainability fosters trust, supports ethical deployment, and enhances
clinical usability. Section 6 (Discussion and Future Directions) brings together ongoing
challenges, such as balancing accuracy and interpretability, and outlines future research
priorities. These include integrating biological knowledge, developing robust evaluation
benchmarks, and advancing interdisciplinary collaboration.

Finally, Section 7 concludes the review, reinforcing the importance of XDL as a pathway
to more interpretable, reliable, and scientifically valuable AI applications in neuroscience.

A high-level diagram illustrating the flow from neuroscience data acquisition, e.g.,
EEG, fMRI, EM images, to model training using DL (e.g., CNNs, transformers), followed
by explainability layers (e.g., saliency maps, concept attribution, and causal inference) that
support both visual system modeling and clinical interpretation is shown in Figure 1. It
illustrates the end-to-end pipeline from data acquisition (e.g., neuroimaging, electrophysi-
ology), through DL model training, to layers of explainability that yield insight, support
validation, and guide interpretation in visual or clinical contexts. This framework visually
reinforces the structure of the review and clarifies how XDL sits at the intersection of data,
modeling, and scientific discovery.

Figure 1. Conceptual overview of XDL in computational neuroscience workflows.

This review is guided by a set of research questions. This set of questions is categorized
on the basis of relevance. The research questions are as follows.

• RQ1: How do data modalities differ in computational neuroscience in various resolu-
tions, what challenges need to be addressed caused by the limitations in DL models,
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how can explainability be utilized in neuroscience, and where is our review positioned
in advancing the field compared to existing literature surveys?

• RQ2: What modeling techniques are mostly used in visual neuroscience, how does
XDL play its role in making models interpretable and transparent, what are the
attributes of state-of-the-art XDL approaches in terms of vision tasks solved, method-
ologies applied, and their respective outcomes achieved?

• RQ3: What XDL techniques are utilizable in clinical neuroscience, how are the tech-
niques leveraged to diagnose, prognose, and treat the neurological and psychiatric
conditions, what are the pipeline components in clinics, how do components impact
diagnostic and prognostic outcomes, and how do the XDL techniques build trust and
transparency through supportive applications?

• RQ4: What are the key challenges in the state-of-the-art research relevant to visual
and clinical computational neuroscience, and how are the biological priors integrable?

• RQ5: What future research directions need to be followed for advancing the explain-
ability required for building interpretable and transparent systems in visual and
clinical neuroscience environments, and how can the biological priors, standards, and
human-involving designs be integrated to address the key challenges?

2. Methodology
This review follows a systematic approach to ensure a comprehensive and unbiased

selection of literature concerning XDL in computational neuroscience, emphasizing both
visual and clinical applications. To enhance transparency, this review adheres to the
PRISMA guidelines [40]. The search covered studies are recent, and most of the studies are
from the last 5 years, and a very few studies are not recent, which only includes one study
from the year 1988. Only two datasets are from the years 2000 to 2008, whereas most datasets
are recent, lying within the range of years 2021–2025. All studies and datasets have a
particular focus on recent advances in DL, neuroimaging, brain decoding, and explainability
methods. The covered study distributions over the decades are as follows. The most
prominent datasets were Sleep-EDF [41], OASIS-3 [42], and OpenNeuro [43]. The process
involved four primary steps: database selection, search strategy, inclusion/exclusion
criteria, and screening.

2.1. Databases Searched

The following databases were selected for their comprehensive indexing of literature
in neuroscience, artificial intelligence, and biomedical applications [44]:

• PubMed indexes peer-reviewed biomedical and clinical research, including studies
involving neuroimaging, cognitive neuroscience, and brain disorders. It was essential
for retrieving medically relevant studies using DL models in clinical neuroscience.
Coverage ensured comprehensive literature retrieval.

• Scopus provided multidisciplinary coverage, including computational modeling,
neuroscience, and machine learning. Its citation tools aided in identifying influential
papers and landmark studies.

• Web of Science offered access to high-impact journals in both science and technology,
helping identify interdisciplinary contributions in XDL research.

• IEEE Xplore offers access to high-impact technical literature in AI, machine learning,
and signal processing. It was crucial for capturing studies on DL model architectures,
BCI, and signal decoding from EEG or MEG.

• SpringerLink provides a list of prestigious journals such as Cognitive Neurodynamics,
Computational visual media, BioMed Central Medical Ethics, BioData Mining, BioMed
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Central Psychiatry, and Journal of neuroengineering and rehabilitation. It supports
diverse neuroscience research dissemination worldwide.

• ACM Digital Library offers a variety of disciplinary journals related to evolutionary
learning and optimization.

• MDPI also offers a list of high-ranked journals, including Mathematics, Diagnostics,
Sensors which gave us the knowledge about clinical and visual applications relevant
to multidisciplinary domains, including IoT, medical, and mathematics.

• arXiv provides early-access and research. These preprints are not peer-reviewed yet
but serve as early dissemination of recent in-progress research work. It facilitates
rapid sharing among neuroscience researchers.

• Books/Other Sources provide knowledge on theoretical concepts, standardized meth-
ods, and motivational aspects of the research.

2.2. Search Strategy and Keywords

A structured search strategy was designed using combinations of controlled vocabu-
lary and free-text terms. The literature search was last conducted on 3 September 2025. The
following primary terms and combinations were used:

Core concepts

• Explainable deep learning
• Interpretable deep neural networks
• Transparent AI in neuroscience
• Black-box models in neuroscience
• Uninterpretability in neuroscience
• Model interpretability in clinical AI

Neuroscience focus

• Brain decoding with AI
• Visual neuroscience and deep learning
• Clinical neuroimaging models
• Neurobiologically plausible models
• Functional brain connectivity analysis
• Electrophysiological signal modeling
• Spatio-temporal neural dynamics

Applications

• Cognitive state prediction
• Motor intention decoding
• Neurological disease diagnosis
• Psychiatric biomarker extraction
• Brain-computer interface explainability
• Neural signal reconstruction

Modalities

• EEG deep learning explainability
• MEG and fMRI decoding
• ECoG-based neural interfaces
• Multimodal neuroimaging fusion
• Time-series neural data interpretation

Techniques

• Feature attribution (SHAP, LRP, saliency maps)
• Concept-based explainability (TCAV, ACE)
• Causal explanation models
• Transformer interpretability in neuroscience
• Post-hoc vs integrated explainable methods
• Benchmarking interpretability metrics

Boolean operators used in the search are as follows

• AND (e.g., “explainable deep learning AND fMRI”)
• OR (e.g., “brain decoding OR neural signal interpretation”)

We used a combination of the below list items in our search. The Boolean operator ‘OR’
is used for word synonyms. Whereas, the Boolean operator ‘AND’ is used with different
concepts, such that the most relevant studies appear in the search result. The list items are
as follows:

• (“Explainable deep learning” OR “Interpretable deep neural networks”
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OR “Transparent AI” OR “Black-box models” OR “Uninterpretability”
OR “Model interpretability”)

• (“Brain decoding” OR “Visual neuroscience” OR “Clinical neuroimaging”
OR “Neurobiologically plausible models” OR “Functional brain connectivity”
OR “Electrophysiological signal modeling” OR “Spatio-temporal neural dynamics”)

• (“Cognitive state prediction” OR “Motor intention decoding”
OR “Neurological disease diagnosis” OR “Psychiatric biomarker extraction”
OR “Brain-computer interface explainability” OR “Neural signal reconstruction”)

• (“EEG” OR “MEG” OR “fMRI” OR “ECoG”
OR “Multimodal neuroimaging” OR “Time-series neural data”)

• (“Feature attribution” OR “SHAP” OR “LRP” OR “Saliency maps”
OR “Concept-based explainability” OR “TCAV” OR “ACE” OR “Causal explanation”
OR “Transformer interpretability” OR “Post-hoc explainable methods”
OR “Benchmarking interpretability metrics”)

• (“Kappa observer agreement for categorical data”)

Searches were conducted individually on each database to maximize breadth and
eliminate indexing limitations.

2.3. Inclusion and Exclusion Criteria

Time windows:

• One study is from 1988, while most are from 2020 to 2025
• Two datasets are from 2000 to 2008, while most are from 2019 to 2025

Inclusion criteria:

• Peer-reviewed journal articles or conference proceedings
• Articles focused on XDL, neuroscience modeling, neuroimaging, or clinical diagnosis
• Research using brain data modalities (EEG, fMRI, MEG, MRI, ECoG)
• Papers on interpretable/explainable brain and cognitive modeling

Exclusion criteria:

• Non-English publications and preprints without peer review
• Editorials, white papers, and non-peer-reviewed articles
• Theoretical AI papers not involving neuroscience/brain data
• Duplicates or articles without full-text access
• Reviews without methodological description or reproducible implementation

2.4. Screening Procedure

All references were managed in order of topics. After importing, duplicate entries
were removed. The Cohen’s Kappa was used to evaluate the screening procedure [45]. Two
reviewers (A.Mehmood. and F.Mehmood.) independently screened titles and abstracts
of 268 records identified from 9 databases for potential inclusion based on predefined
eligibility criteria. Reviewer 1 and reviewer 2 agreed to include 165 and exclude 75 studies.
Whereas the studies over which reviewer 1 included and reviewer 2 excluded are 12,
and which reviewer 1 excluded and reviewer 2 included are 16. Discrepancies between
reviewers were resolved through discussion, and Cohen’s kappa (κ = 0.764) was calculated
to quantify inter-rater agreement, with observed agreement Po = 0.895 and expected
agreement by chance Pe = 0.556.

Figure 2 shows the PRISMA flow diagram detailing the screening and inclusion process
in the computational neuroscience study. In this approach, 347 records were identified
from 9 different indexing databases. After the removing 79 duplicate records and excluding
irrelevant 87 records, 177 studies were included in this literature.
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Figure 2. PRISMA-based systematic study selection for XDL in computational neuroscience.

3. Background and Foundations
In this Section, an overview of the foundations of computational neuroscience and DL

is provided, followed up by the examination of XDL methods involved in aiming to bridge
the gap between performance and interpretability [46].

3.1. Computational Neuroscience: A Brief Overview

Computational neuroscience is an interdisciplinary field that employs mathematical
models, theoretical analysis, and simulations to understand the functions of the nervous
system. It bridges the gap between experimental neuroscience and theoretical modeling,
providing insights into how neural circuits process information.

The nominal research in computational neuroscience includes Dayan and Abbott’s
Theoretical Neuroscience [47]. This work offers a comprehensive introduction to modeling
neural systems mathematically. In addition, methods for neuronal modeling by Koch
and Segev et al. [48] put their primary focus on delving into the bio-physical modeling
of neurons and networks. The model presented in Izhikevich et al.’s work focuses on
the analysis of balancing between biological plausibility and computational efficiency,
which makes it suitable for extensive simulations [49]. The above-mentioned models act
as foundations that have initiated the way for more complicated simulative experiments,
thus, improving and advancing the understanding of neural dynamics.

Table 2 summarizes a comparison of various brain data modalies’ temporal and spatial
resolutions. The provided statistics depict the invasiveness and applicability of various DL
applications. These characteristics highlight why fMRI could be a considerable modality in
computational neuroscience research because of the higher spatial resolution. In contrast,
the EEG can not be neglected, as it is considered best due to its applicability in real-time
systems. The ECoG is also a modality with high temporal and spatial resolution but is less
preferable in practice as compared to the former because it requires surgery to the surface
of the brain [50].



Mathematics 2025, 13, 3286 10 of 38

Table 2. Comparison of brain data modalities and their suitability. Modalities such as EEG, MEG,
fMRI, fNIRS [51], and ECoG [52] depict their characteristics for DL applications.

Modality Temporal Resolution Spatial Resolution Invasiveness Suitability for DL

EEG High (1–5 ms) Low (~11 mm) Non-invasive High
MEG High (<1 ms) Medium (2–4 mm) Non-invasive Medium–High
fMRI Low (500–2000 ms) High (1.5–3.5 mm) Non-invasive High
ECoG High (~1 ms) High (1–4 mm) Invasive (minimal) High
fNIRS Medium (>100 ms) Low (~10 mm) Non-invasive Medium

3.2. Deep Learning Models in Neuroscience

The field of neuroscience has been made technologically advanced by leveraging the
DL models, by enabling the analysis of sophisticated, multi-dimensional data. DL models,
particularly CNNs and RNNs, have been applied to various neuroimaging modalities,
including MRI, fMRI, and EEG. More recently, transformers [17] have gained traction
due to their powerful attention mechanisms and scalability, especially in applications
requiring long-range dependencies across time or space, such as predicting brain responses
to naturalistic stimuli. Transformers, originally developed for NLP tasks, are being widely
adopted for complicated data in the biological domain, i.e., genomics [53].

For instance, Plis et al. demonstrated the efficacy of DL in classifying brain states from
fMRI data [54], while Storrs and Kriegeskorte explored the use of DL models to simulate
cognitive processes [55]. Livezey and Glaser reviewed DL architectures for decoding
neural signals [56], highlighting their potential in translating brain activity into behavioral
predictions. Despite these advancements, challenges remain, such as the need for large
datasets [57], model interpretability [8], and generalizability across subjects and tasks.

Figure 3 illustrates a typical DL pipeline for neuroimaging data, showcasing the flow
from raw data input through preprocessing, feature extraction using CNNs or RNNs, and
finally classification or regression outputs. This figure highlights several modalities used
in neuroscience. It includes fMRI, EEG, MEG, DTI, MRI, etc. The corresponding tasks
shown are motion correction, artifact removal, and noise reduction, which are associated
with cognitive or clinical neuroscience. In a typical experimental design, the raw data is
processed to normalize it, which is further sent to convolutional layers to extract features
such that the model is able to learn patterns from it and make associations leveraging
the layers and mechanisms defined with respect to the associated model architecture.
In the final layer of DL architecture, the outcomes are normalized and converted into a
human-readable form dependent on the use case.

To enable robust modeling of brain structure, function, and pathology, DL in com-
putational neuroscience heavily relies on large-scale, well-annotated datasets. Table 3
presents a curated selection of representative brain datasets frequently used in both visual
and clinical neuroscience applications. These datasets span a wide range of imaging and
electrophysiological modalities, including MRI, PET, EEG, MEG, and EOG, and support
diverse tasks such as Alzheimer’s diagnosis, e.g., ADNI [58,59], OASIS-3 [42], brain con-
nectivity mapping, e.g., HCP [60], motor imagery decoding (e.g., BCI Competition) [61,62],
and tumor segmentation (e.g., BraTS) [63–65]. In contrast to physiological modalities,
PPG-based non-neuro but biologically meaningful signals like pulse wave velocity are
also utilized to enrich systematic modeling and neural interaction [66,67]. Some datasets,
like UK Biobank [68] and OpenNeuro [43], also offer extensive metadata or multi-domain
recordings, making them particularly valuable for developing generalizable models. The
variability in sample size and data richness across datasets reflects both their specialized
use cases and the ongoing need for harmonization in benchmarking and evaluation. These
datasets form the empirical foundation for advancing XDL approaches in neuroscience by
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supporting reproducibility, enabling comparative studies, and grounding interpretability
in biologically and clinically meaningful patterns.

Table 3. Representative brain datasets used in DL for visual and clinical neuroscience applications.

Dataset (Modality) Application Domain Sample Size General Remarks
& Bias/Harmonization Notes

ADNI (MRI, PET) [57] Alzheimer’s Disease diagnosis 1000 subjects Widely used, multi-modal neuroimaging.
Multi-site variability and intensity
normalization applied [69].
Recent works leverage MRI and PET for
Alzheimer diagnosis [70]

OASIS-3 (MRI) [42] Aging and dementia studies 1098 subjects Longitudinal, includes cognitive scores.
Demographic imbalance (age/sex) and
preprocessing harmonized across scans [71].

HCP (fMRI, DWI,
MEG) [60,72]

Brain connectivity
and functional mapping

1200 subjects High-quality, useful for deep encoding.
Scanner differences mitigated and standardized
preprocessing pipelines [73].
Multimodal combinations (e.g., EEG and fMRI)
explored in epilepsy studies [74].

CamCAN
(MEG, MRI) [75]

Lifespan cognitive aging 650 subjects Broad age range, resting-state and task.
Age distribution bias and artifact removal and
normalization applied [76].

OpenNeuro
(fMRI, EEG) [43]

Cognitive tasks and perception 23 subjects (median)
928 subjects (largest)

Open-access, highly diverse tasks.
Small sample bias for some tasks and task stan-
dardization recommended [43].

BCI Competition IV
(EEG) [61,77]

Motor imagery 9 subjects Standard benchmark for BCI modeling.
Very small sample, class imbalance, and cross-
subject normalization suggested [78].

TUH EEG Corpus [79] Epilepsy detection 24,000 records Largest public clinical EEG dataset.
Multi-center recordings, site-specific variations,
and preprocessing standardization applied [80].

Sleep-EDF Expanded
(EEG, EOG) [41]

Sleep staging 197 records Used for sleep research and BCI studies.
Limited sample, demographic bias, artifact cor-
rection applied [81].

UK Biobank
(MRI Genetics) [68,82]

Population-level analysis 500,000 records Imaging data with extensive phenotypic,
genetic, and clinical metadata.
Multimodal neuroimaging-genomics used for
dementia prediction [83].
Site differences, large demographic variability,
harmonized preprocessing and QC pipeline [84].

BraTS (MRI) [64,85] Brain tumor segmentation 800 cases Challenge dataset, used in DL segmentation.
Recent multimodal MRI+genomics frameworks
extend brain tumor applications [86].
Multi-institutional variability, intensity normal-
ization, and augmentation applied [87].
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Figure 3. DL architecture for neuroimaging or brain signals.

3.3. Explainable Deep Learning: Concepts and Techniques

As DL models become increasingly prevalent in neuroscience, the need for inter-
pretability has grown [8]. The XAI aims to make DL models transparent, ensuring that their
decisions can be understood and trusted. Such models are termed XDL, which includes the
development of techniques such as LRP [88], saliency maps [12], and concept activation
vectors [89] to provide insights into model decisions.

Samek et al. introduced methods like LRP to visualize DL decisions, enhancing
interpretability [90]. Schwalbe et al. provided a taxonomy of explainable methods, guiding
practitioners in selecting appropriate techniques [37]. Ramachandram et al. explored
the relationship between interpretability and trust in DL models, emphasizing the need
for reliable explanations [91]. However, challenges persist, including trade-offs between
accuracy and interpretability, computational complexity, and the lack of standardized
evaluation metrics.

Multimodal explainability in DL, is another aspect to be considered while discussing
the feature attribution and attention mechanisms, which are able to provide interpretable
insights across multiple data modalities [92]. Another example of multimodal, which aligns
with the current study methodologically, showcases the human activity recognition with
RGB, skeletal tracking, and pose estimation [93], which provides a blueprint for combining
neural modalities such as EEG, fMRI, and fNIRS.

Table 4 summarizes four major explainable methods. It highlights the attributes of each
in terms of its interpretability and limitations along with their respective focal application
areas. Saliency methods are usually found to visualize the model’s performance but only
through the correlations, whereas perturbation methods provide feature importance, which
is found to be highly interpretable but comes with a cost. The concept-based method
requires human efforts in preparing data needing semantics and is found to be highly
interpretable. Intrinsic explainable methods use specialized techniques such as attentions
that offer transparency of the model to the stakeholder, which is also known to be efficient
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and highly interpretable. Saliency maps enable the provision of correlational insights but
are not able to provide causal links between features and outcomes. Due to this limitation of
not being able to provision causal links, concept-based approaches allow testing the model
performance (sensitivity) in accordance with the human-defined concepts. While causal
validation methods like perturbation assess whether the highlighted regions (predictions)
are true and valid. Overall, each method is unique in its role and applications. By keeping
the given aspects of each category in mind, it makes it easier to choose the most suitable
candidate method.

Table 4. Categories of XDL methods, their interpretability levels, and application areas, along
with the limitations in computational neuroscience (further methodological details are illustrated in
Section 5.3).

Category Techniques Interpretable Application Areas Limitations

Saliency [12] LRP, Grad-CAM [94] Medium Visualizing model atten-
tion

Highlights correlation only,
not causal

Perbutation [95] LIME, SHAP High Feature importance anal-
ysis

Computationally expensive,
post-hoc

Concept [96] TCAV, ACE High Understanding concepts Requires semantic definition

Causal valida-
tion [97]

MR analysis, ablation,
counterfactuals,
interventions

High Testing causal contribu-
tion of features

Complex to design, limited
scalability

Intrinsic
XDL [98]

Attention mechanisms,
interpretable architec-
tures

High Model transparency Architectural limits accuracy

This comprehensive overview of computational neuroscience, DL applications, and
explainable AI techniques sets the foundation for understanding the integration of these
domains. The subsequent sections will delve deeper into specific applications in visual and
clinical neuroscience, addressing the challenges and future directions in the field.

3.4. Comparison with Existing Surveys

Table 5 compares our review with existing surveys in the field. Previous works
include explainability application in neurostimulation [99], in cognitive functions and
dysfunctions [100], and in healthcare for general interpretable systems [101]. Each of the
surveys depicted is either too broad in topic or puts its focus on explainability only in a
specific area. These studies direct our research somehow to support explainable models
specific to computational neuroscience. Unlike prior surveys, our work is the first sys-
tematic PRISMA-guided review for the visual and clinical computational neuroscience
domain and the second systematic PRISMA-guided review for neuroscience in general.
It specifically focuses on the integration of XDL into computational neuroscience. More-
over, this study identifies the research gaps, proposes a structured future direction, and
highlights the key challenges in provisioning explainable and interpretable systems in
computational neuroscience.
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Table 5. Comparison of existing surveys in neuroscience.

Survey Focus Methodology Applications Explainable? Datasets Novelty Limitations Our Review

Application of explainability
in neurostimulation [99]

Literature-based
conceptual overview, and
no formal/PRISMA
analysis

DBS, computational
psychiatry, broader
potential in other medical
fields

Yes
(mechanistic,
functional)

neural,
behavioral,
imaging

Framework for
integrating
Explainability.
Discussion on
closed-loop behavioral
modulation

Lacks structured evidence
synthesis and fewer
technical insights. Mainly
focused on what is needed
rather than solutions.

Provides structured and
technical evidence, and covers
visual & clinical domains.
Addresses explainability
trade-offs & need for
benchmarks

Focuses on explainability
applied to cognitive
functions and
dysfunctions [100]

Joanna Briggs and
PRISMA

Normal cognition and
impaired cognition

Yes (good) Anatomical
datasets.
Emphasis on
correlation
finding

Qualitative framework
to evaluate
explainability in
cognitive neuroscience

Limited number of studies
(12). Oversimplification

Larger evidence studies (177),
discussed key issues,
explainability trade-offs, and
biological priors integration

Broad application of DL in
medical imaging [102]

Narrative review of 300+
studies

Cancer,
radiology,
pathology

No Imaging
datasets
-MRI
-CT
-PET

Comprehensive early
review of DL in
medicine

Lack of interpretability.
Minimal focus on
neuroscience

Extends DL towards
neuroscience with
explainability

DL in fMRI Neuroimaging
[103]

Systematic DL function
survey of neuroimaging

Cognitive neuroscience,
brain state decoding

Limited fMRI datasets Highlights DL potential
in functional brain
mapping

Does not cover
explainable AI approaches

Integrates multimodal datasets
and explainable tools

DL for structural and
functional brain MRI [104]

Summarized DL pipelines Alzheimer’s, Multiple
sclerosis, tumor
segmentation

No MRI datasets Overview of DL
pipelines in
neuroimaging

No interpretability focus.
Clinical translation briefly
discussed

Focuses on explainable clinical
trust and pipelines

DL across biomedical signals
and health data [105]

Review over EEG, MRI,
EHR, multimodal

EEG, electronic health
records, wearable signals

Minimal EEG, MRI,
multimodal
data

Broad biomedical scope
including signals

Not neuroscience-specific.
Lacks transparency
discussion

Centers on neuroscience with
interpretability emphasis

DL applied to EEG
data [106]

Focused review on DL
models

BCI, seizure prediction Limited EEG datasets Detailed DL coverage in
EEG domain

No significant focus on
XDL techniques

Part of broader multimodal
explainable DL perspective

CNN applications in neural
imaging [107]

Overview of CNN
methods

Object recognition, vision
tasks, neuropathology

No MRI, histology Early CNN-centric
neuroimaging focus

Excludes transformer and
XDL methods

Covers CNN, RNN,
Transformers with
explainability

Interpretability and
explainability in healthcare
AI [101]

Narrative and taxonomy
of LIME, SHAP

Healthcare broadly, not
neuroscience-specific

Yes Clinical
datasets (EHR,
imaging)

Defines interpretability
frameworks in AI

Not neuroscience-centric Bridges XDL specifically into
visual and clinical
neuroscience
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4. XDL in Visual Computational Neuroscience
4.1. Modeling Visual Attention and Categorization

This subsection explores how DL models are employed to simulate and understand the
neural mechanisms of visual attention and object categorization, two fundamental cognitive
processes governed by the visual system. The CNNs and ViTs are particularly instrumental
in modeling how the brain processes visual stimuli, replicating hierarchical patterns seen
in the human visual cortex. These models are trained on tasks such as scene recognition,
saliency detection, and object categorization, thereby providing computational analogues
to cognitive processes like selective attention and feature binding. For example, recent
developments in wearable devices (for eye-tracking) [108] provide tools for validating and
standardizing DL models for real-time environments.

Recent innovations in attention mechanisms within DL architectures (e.g., self-
attention in ViTs) serve as bridges between artificial and biological vision systems. These
mechanisms enable offering meaningful associations of data relevant to biological systems
that require a deep focus. This feature distinguishes between top-down and bottom-up
attentional processes, for example, objective-driven and stimulus-driven, respectively. Spe-
cific to visual attention, hardware innovations are also being advanced, including the study
on the integration of a real-time eye tracker with in-pixel IP, where authors explore the neu-
ral mechanisms of attention, further supporting the explainability in visual computational
neuroscience [109].

To illustrate the mechanisms applied for explainability, Figure 4 depicts how the
generated attention maps based on saliency methods are prioritized by the model when
processing visuals. This prioritization is because these methods proviide better insights into
the data, which play a key role in making categorical decisions. These methods are used
as validating tools or hypothesis-generating tools in the domain of neuroscience. Though
with some limitations, the mentioned techniques show comparisons to other techniques
depicted in tables provided beside Figure 4a–d.

4.2. XDL for Interpreting Visual Models

As DL models achieve remarkable accuracy on visual perception tasks, their explain-
ability becomes essential for neuroscientific interpretation and validation. This subsection
focuses on the application of XDL tools to interpret these models in visual neuroscience
contexts. Saliency maps, CAM, integrated gradients, and concept-based explanations such
as TCAV are among the key interpretability tools that reveal which spatial or semantic
features contribute to a model’s output.

These methods make it possible to align DL behavior with biological plausibility,
assessing whether models rely on the same image features that human vision systems
prioritize. For instance, comparing CAM-generated heatmaps with fMRI activation regions
allows researchers to evaluate how closely artificial networks mirror brain processing.
Moreover, concept attribution tools help isolate abstract semantic categories that models
use internally, paralleling the brain’s hierarchical feature representations.

Graphical summaries of visual XDL approaches are shown in Figure 5. X-axis depicts
the model families, while the y-axis depicts the visual tasks. Each study’s respective
brain-data alignment, XDL method, and selection criteria are comprehensively highlighted.
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CNN-DecNN Performance
Dataset F-M MAE

HKUIS 85.57 7.03
ECSSD 87.81 8.12
SED2 85.35 9.29

(a) Qualitative saliency results.
(Reprinted from ’Recurrent attentional networks for saliency detection,’ arXiv:1604.03227, under the CC BY 4.0.)

Dataset Enhanced Performance

MSRA-B

Precision: 86.4%
Recall: 87.0%
↑ F-M: 5.0%
↓ MAE: 5.7%

HKUIS

↑ Precision by: 9%
↑ Recall: 5.7%
↑ F-M: 13.2%
↓ MAE: 35.1%

SOD ↓ MAE: 17.1%

iCoSeg ↓ MAE: 26.3%

(b) Visual comparison of saliency maps. ↓ denotes an increase, whereas ↓ denotes decrease. wCtr* refers to optimized weighted contrast.
(Reprinted from ’Visual saliency based on multiscale deep features,’ arXiv:1503.08663, under the CC BY 4.0.)

PAD Classification Error Rates
Metric Values

APCERaverage 24.14%
BPCER 8.61%
ACER 16.37%

(c) Human saliency maps.
(Reprinted from ’Human-aided saliency maps improve generalization of deep learning,’ arXiv:2105.03492, under the CC BY 4.0.)

Saliency model performance
Model NMM (unit-less)

DeepGaze 1.66
SAM 1.25
DVA 1.19
GBVS 2.57
BMS 3.65

(d) Activation maps and synthetic search arrays.
(Reprinted from ’Understanding and visualizing deep visual saliency models,’ arXiv:1903.02501, under the CC BY 4.0.)

Figure 4. Saliency/attention maps from DL in visual tasks with accompanying faithfulness evalua-
tions [110–113].
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Figure 5. Comparison of visual XDL approaches: model families and visual tasks.

Table 6 is provided with a comparison of visual XDL approaches, mentioning the
model type, task, interpretability tool, and their outcome. This table categorizes recent
studies by the DL architecture used (e.g., CNN, ViT), task domain (e.g., object recognition,
Image saliency prediction), XDL-based interpretability technique applied (e.g., Saliency
maps, CAM, Layer-wise feature attribution), and the outcome or neuroscientific insight
gained (e.g., feature correspondence with visual cortex, improved transparency for down-
stream analysis). The comparative view helps assess the effectiveness of different XDL
techniques in contributing to visual neuroscience. By analysis of the attributes of each
reference in this table, it can be concluded that the research work by Kubilius et al., Dobs
et al. [114], Chefer et al. [115], Golan et al. [116], Khosla et al. [117], and Ramaswamy
et al. [96] triumph, as each directly links model type, task, interpretability tool, and the
respective associated outcome.

Table 6. Comparison of visual XDL approaches: model, task, interpretability, outcome, criteria, and
brain-data alignment.

Reference DL Model Type Visual Task XDL Method Outcome/Neuroscientific Insight

Kubilius [118] CNN (CORnet-S) Object recognition Saliency maps,
CAM Layer-wise features map to ventral stream

hierarchy.
Selection criteria: Anatomical mapping and recurrence
Brain-data alignment: Composite Brain-Score (V4, IT, behavior)

Dobs [114] CNN Face detection
Object detection

Lesion
experiments Networks spontaneously segregate face

and object processing similar to brain
functional specialization. Dual-task net-
works resemble human visual behavior.

Selection criteria: Chosen to test dual-task demands and emergence of specialized subsystems
Brain-data alignment: Aligned CNN representations with fMRI/behavioral face–object patterns
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Table 6. Cont.

Reference DL Model Type Visual Task XDL Method Outcome/Neuroscientific Insight

Chefer [115] Vision
transformer

Image
classification

Attention
visualization Attention heads correlate with semantic

segment boundaries and objects. This aids
in transformer interpretability.

Selection criteria: Selected for benchmark performance and interpretability
Brain-data alignment: Aligned attention maps with cortical object-selective activations

Shahriar [119] CNN
(lightweight)

Image
classification

Performance
benchmarking Transfer learning enhances CNNs for

memory-limited devices via accuracy-
efficiency trade-offs.

Selection criteria: Selected for low parameters and efficiency
Brain-data alignment: Feature similarity with early visual cortex

Cichy [120] CNN (AlexNet) Brain–DL
model alignment

Layer-wise feature
attribution Temporal dynamics of brain activity

matched CNN layer activation.
Selection criteria: Pre-trained CNN on image recognition benchmarks
Brain-data alignment: RSA between CNN layers and MEG data

Golan [116] CNN (VGG-16) Visual
categorization

Integrated
gradients Feature importance maps show overlap

with IT cortex response patterns.
Selection criteria: High-performing CNN trained on object recognition
Brain-data alignment: Correlation of saliency maps with primate IT activity

Khosla [117] Vision
transformer

Image saliency
prediction

Self-attention
visualization Predictive saliency regions correspond

with human fixation maps.
Selection criteria: Alignment with human eye-tracking datasets
Brain-data alignment: Correlation with fixation distributions

Alain [121] Shallow networks Feature
visualization (class)

Feature
importance Reveals shallow network focus on high-

frequency, edge-related features.
Selection criteria: Early convolutional layers with clear feature localization
Brain-data alignment: Feature activations compared with early visual cortex (V1).

Ramaswamy [96] CNN and TCAV Concept learning
in vision tasks

Concept
activation vectors Extracted abstract concepts matched la-

beled categories, e.g., striped patterns.
Selection criteria: Predefined visual concepts with clear semantic labels
Brain-data alignment: Learned concept vectors compared with labeled categories

Together, the advancements in modeling visual attention and categorization using
DL, and the corresponding developments in explainable techniques, underscore a pow-
erful convergence between computational modeling and neuroscience. By replicating
the hierarchical and attention-driven mechanisms of the visual system, models such as
CNNs and vision transformers offer valuable insights into how the brain processes complex
visual environments. However, it is through XDL methods, ranging from saliency maps
to concept-based explanations, that these models become more than just high-performing
predictors. They transform into tools for scientific discovery, enabling researchers to link
artificial visual computations with biologically plausible mechanisms. These explainability
tools are not only able to improve the interpretability of neural models but are also capable
of enhancing their credibility, facilitating their hypothesis, and promoting their trust in
various domain applications. As we move forward, it will be necessary to integrate the
performance-driven modeling and interpretability-driven analysis because enabling fair
understanding of the brain through visual processing systems is vital in driving the future
of neuroscience.
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5. XDL in Clinical Computational Neuroscience
5.1. Clinical Use Cases of DL Models

The DL has emerged as a valuable tool in neuroscience, specifically clinical, as it offers
substantial improvements in the diagnosis and recovery of neurological and psychiatric
conditions. Models trained on neuroimaging-based datasets, including MRI [122], PET,
EEG, and retinal scans, have always achieved a higher accuracy in pattern detection of
various diseases like alzheimer [58], epilepsy [123], retinal degenerative [124], and major de-
pressive disorder [125,126]. Multimodal approaches to provide richer clinical insights exist,
which are able to capture complementary signals from different modalities. This approach
enables a more comprehensive understanding of the neuron-based mechanisms [127]. Its
importance can not be neglected, as it plays a key role in several applications such as
alzheimer (MRI and PET) [70], epilepsy (EEG and fMRI) [74], brain tumors (MRI and
genomics) [86], parkinson disease (MRI and clinical scores) [128], population densities
(MRI and genetics) [83].

Among neurodegenerative disorders, neuroimaging has also been utilized for predict-
ing Alzheimer’s disease [129]. For instance, ensemble learning approaches suggest clock
drawing tests that leverage the fusion of EEG signals and cognitive assessment data, which
show satisfactory performance in alzheimer disease classification [130]. Another example
of its usage is to train a CNN for classifying structural brain images, further allowing the
detection of early alzheimer referring to an increasing sensitivity and specificity. Similarly,
multi-scale CNN models for SaMD have proven to be effective in translational potential in
clinical diagnostics, specifically the multi-class brain MRI classification [131], although the
requirement for interpretability remains limited, which drives the necessity for adopting
XDL approaches [131]. Apart from this, DL models trained on EEG data have been used to
detect epileptic seizures with real-time performance [132], and generative models trained
on MRI data have been utilized to synthesize missing brain data [133].

In addition to diagnostic applications, DL models are increasingly employed in pre-
dictive modeling and outcome forecasting. Recurrent and temporal models have been
used to anticipate the progression of neurodegenerative diseases, predict response to treat-
ment in depression, or forecast seizure likelihood in epilepsy patients. These predictive
capabilities offer a new paradigm in clinical care, transitioning from retrospective to proac-
tive and personalized interventions. For example, a recent article explores how hybrid
anomaly detection approaches can be used to improve the predictability in rehabilitation
by highlighting the key roles of explainable systems [134].

A recent study on MRI-based alternating magnetic field treatment systems discusses
the role and impact of neuroimaging beyond diagnostics towards therapeutics [135]. An-
other example of applying DL over fNIRS signals is demonstrated to classify the disease
of anesthesia showing the impact of neuroimaging [136] applications. We emphasize in-
tegrating the XDL approaches to support such systems, which can significantly enhance
the treatment planning and monitoring, leveraging its explainable attributes by enabling
safety validation.

Figure 6 presents a pipeline of a clinical XDL system, mapping the workflow from raw
imaging input (e.g., brain MRI, retinal scan), through a DL model (e.g., CNN, transformer),
to an explainable output that highlights relevant biomarkers or risk indicators. This pipeline
emphasizes where and how explainability tools are integrated, such as feature attribution
maps or concept-based justifications used by clinicians.
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Figure 6. Clinical XDL pipeline: imaging -> model -> explanation.

5.2. Enhancing Trust in Clinical Models with XDL

While DL models have shown promise, their “uninterpretable” nature presents critical
barriers in clinical settings where decisions must be interpretable, auditable, and ethically
sound. The XDL addresses this concern by making model outputs transparent and com-
prehensible to both clinicians and patients. Methods such as LRP, SHAP, saliency maps,
and rule-based surrogate models are increasingly used in clinical DL systems. These tools
help identify which input features, like specific brain regions or image patterns, played
the biggest role in guiding a diagnosis or prediction. These approaches also support
patient-centered healthcare, and also enable the ethical deployment of AI systems [137].

Interpretability plays a key role in building trust, especially in sensitive fields like
medical healthcare [138]. It goes beyond just technical insight, clear, explainable models
also help meet growing legal and regulatory expectations, such as those set by the EU AI
Act and FDA guidelines. From a practical standpoint, interpretability allows clinicians
to better understand, challenge, or confirm model decisions, ultimately supporting more
confident use in real settings.

OCTNet is another example of attention-based DL architectural enhancement, which
demonstrates the optimization of interpretability and performance leveraging the retinal
imaging, thus, aligns with the XDL goals for clinical neuroscience [139].

To offer a snapshot of how these ideas are being applied, Table 7 outlines recent clinical
DL studies, along with the XDL methods used and the insights they provided. Among all
references, the most applicable are He et al. [140], Zhang et al. [141], and Yang et al. [142],
due to their ability to provide interpretable insights into functional brain connectivity with
a higher accuracy and to provide tangible and explainable outcomes relevant to the retinal
regions for diabetic retinopathy, respectively.

Table 7. Clinical DL applications: XDL methods and interpretability outcomes.

Reference Clinical Domain DL Model XDL Method Interpretability Outcome

Lundervold [143] Alzheimer CNN (3D-MRI) Saliency map,
LRP

Identified hippocampal and cortical atrophy as
key-markers.

External Validation: Reported performance drop on external datasets [144]
Calibration: Matched predicted with actual outcome rates [145]
Uncertainty Quantification: Aleatoric and epistemic uncertainties estimated [145]

Roy [146] Epilepsy, EEG RNN, 1D-CNN Feature
attribution

Revealed seizure-indicative frequency-bands.

External Validation: Not performed
Calibration: Not specifically reported
Uncertainty Quantification: Not quantified
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Table 7. Cont.

Reference Clinical Domain DL Model XDL Method Interpretability Outcome

Zhang [141] Retinal disease RetinaNet,
ResNet

Grad-CAM Highlighted retinal areas most associated with
diabetic retinopathy through visual mapping.

External Validation: Tested on external datasets from EyePACS and Messidor-2
Calibration: Not explicitly reported
Uncertainty Quantification: Not performed

He. [140] Depression, fMRI Deep
graph CNN

SortPooling
layer

Achieved 72.1% classification accuracy on large
multi-site MDD dataset. Improved interpretabil-
ity by identifying salient brain regions through
graph vertex sorting and functional connectivity
patterns.

External Validation: 10-fold cross-validation on large multi-site REST-meta-MDD dataset
Calibration: Not explicitly reported
Uncertainty Quantification: Not performed

Ahmed [147] Brain tumor, MRI ViT with GRU Extracted essential features via ViT and captured
feature relationships via GRU for classification.

External Validation: Validated on Brain Tumor Kaggle Dataset alongside primary MRI data from BSMMCH, Faridpur, Bangladesh
Calibration: Calibration achieved with cross-entropy loss and performance curves
Uncertainty Quantification: Uncertainty assessed through confidence scores and model robustness checks

Jiang [148] Glioma Diagnosis,
Molecular Marker
Discovery

Transformer Attention maps,
Saliency maps,
Feature attribution

Visual explanations of tumor regions and molec-
ular marker associations.

External Validation: Yes, tested on independent datasets (TCGA and Xiangya)
Calibration: Not explicitly reported
Uncertainty Quantification: Not explicitly reported

5.3. Salient, Concept, and Causal-Based Validation in Clinical XDL

This section highlights the saliency, concept, and causal-based techniques utilized in
clinical neuroscience. Figure 7 depicts the techniques, involving both XDL and heuristic
types, which are considered for the evaluation of biological priors in clinical neuroscience.
The techniques like saliency are evaluated on the basis of correlations (positive and nega-
tive) in terms of theta, beta, and gamma coherence. Other techniques like concept-based
explanations, are useful in quantifying human-interpretable attributes that influence the
performance of models. While causal validation approaches include MR analysis, ablation,
and counterfactuals. Although MR analysis is not based on DL but serves as a power-
ful causal inference technique. The salient, conceptual, and causal-based validations are
depicted in Figure 7a. In addition, the concept-based explainable technique is shown in
Figure 7b, which explains the TCAV technique applied for DR level 4 and level 1, along
with the depiction of the HMA distribution.

In Table 8, the results of MR analysis are shown. These were derived from the IVW
method. The number of SNPs is shown, which are depicted in red dots, i.e., point estimates.
Each exposure metric is listed to show its specific contribution to the causal estimate. The
findings of MR analysis identify fresh fruit intake as a protective factor. In addition, it
identifies lamb intake to be a risk factor. While most dietaries do not show significant
causal effects.

In short, XDL has brought major advancements to clinical neuroscience, especially
in diagnosing conditions and predicting outcomes. But despite these benefits, a lack of
transparency can limit how these models are used in real-world care. To enable transparency
of models, XDL plays a helping role in bridging this gap, which further encourages the trust,
supports the ethical standards, and aligns with the regulatory needs. All the developments
related to explainability in various domains are driving the future systems to make more
reliable, focused, and explainable decision-making.
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(a) Significant positive and negative correlations in view of theta, beta, gamma coherence.
(Reprinted from ’Differences in EEG functional connectivity in the dorsal and ventral attentional and salience networks
across multiple subtypes of depression,’ Appl. Sci. 2025, 15, 1459, under the CC BY 4.0.)

Top For DR level 4 images, the TCAVQ scores are high for
features that are relevant to this severity level (high-
lighted in green), while features unrelated to DR are
scored low (highlighted in red).

Middle For DR level 1 (mild) cases, TCAV reveals that the
model sometimes confuses level 1 with level 2. This
misclassification can be better understood through
TCAV: features typically associated with level 1 (green,
MA) show high TCAVQS, but features related to level
2 (red, HMA) also contribute, indicating the model’s
overlapping attention.

Bottom The HMA feature appears more frequently in DR level
2 images than in level 1, helping to explain why the
model occasionally predicts a higher severity than the
ground truth.

(b) DR level 4 image and TCAV results.
(Reprinted from ’Interpretability Beyond Feature Attribution: Quantitative TCAV,’ arXiv:1711.11279v5, under the CC BY 4.0.)

Figure 7. Salient, concept, and causal-based validations in clinical XDL [149,150].
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Figure 8. Triangle plot of accuracy, complexity, and explainability trade-offs.

Table 8. The MR analysis using the IVW method. The red dots depict the point estimate [151]. (Reprinted
from ‘The Causal Relationship Between Dietary Factors and the Risk of Intracranial Aneurysms: A
Mendelian Randomization Analysis,’ Biomedicines 2025, 13, 533, under the CC BY 4.0).

Exposure SNPs Odds Ratio (95%CI) Odds Ratio
(95%CI)

p Value Significant

Alcoholic drinks per week 34 1.057 (0.788∼1.42) 0.711 No
Alcoholic intake frequency 96 1.084 (0.909∼1.29) 0.369 No
Processed meat intake 23 1.354 (0.55664∼3.29) 0.504 No
Poultry intake 7 1.06 (0.157∼7.19) 0.949 No
Beef intake 14 0.5945 (0.114∼3.1) 0.537 No
Non-oily fish intake 11 0.72101 (0.156∼3.34) 0.676 No
Oily fish intake 61 0.815 (0.4796∼1.39) 0.45 No
Pork intake 14 4.375 (0.717∼26.7) 0.11 No
Lamb/mutton intake 31 2.831 (1.0304∼7.78) 0.044 Yes
Bread intake 30 1.097 (0.518∼2.32) 0.81 No
Cheese intake 61 1.21 (0.697∼2.1) 0.499 No
Cooked vegetable intake 17 0.66 (0.18357∼2.37) 0.524 No
Tea intake 39 1.086 (0.66∼1.79) 0.745 No
Fresh fruit intake 53 0.209 (0.0893∼0.491) 0.000327 Yes
Cereal intake 38 0.591 (0.3001∼1.17) 0.129 No
Salad/raw vegetable
intake 19 0.807 (0.1841∼3.54) 0.776 No

Coffee intake 38 1.149 (0.575∼2.3) 0.694 No
Dried fruit intake 40 0.734 (0.3367∼1.6) 0.437 No

0 5 · 10−1 1 1.5 2 2.5 3 3.5 4 4.5 5 5.5 6

6. Discussion and Future Directions
This section highlights the basic hurdles and emerging opportunities in utilizing the

XDL for solving computational neuroscience problems. As XDL tools have recently become
widely adopted in both visual and clinical domain applications, carefully assessing where
they fall short and where they hold the most promise has become even more crucial.

6.1. Key Challenges in XDL for Neuroscience

While XDL has made significant progress in this domain, a variety of key issues
still exist and need to be addressed, as they limit the capabilities and advancement of
neuroscience. The issues are as follows:
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1. Balancing accuracy and clarity: Some of the most accurate models, like deep CNNs
and transformers, and are often difficult to interpret. On the other hand, models
that are easier to explain typically do not perform as well as the complex models.
Therefore, trading off between these two goals is a major challenge in computational
neuroscience, especially when considering the critical clinical decisions. Beyond
individual strengths, these XDL methods have some limitations that need to be ad-
dressed. These limitations include instability, reproducibility, and clinical adaptability.
Computational cost is another big challenge, as high-dimensional neuroscientific
imaging data requires improved models for producing better results. The techniques
mentioned in this survey are domain-dependent, making the current explainable
systems unable to solve a problem in a generalized way as the real-world demands.

2. Missing evaluation standards: Currently, there is no widely accepted approach or
method for measuring or validating the ability of a model to explain its outcome. Tools
vary in what they aim to show significantly, some focus on pixel-level importance,
others on broader concepts, making it hard to evaluate results or reproduce findings
across studies.

3. Issues with generalization and real-time use: Many models work well on specific
datasets but do not hold up when tested across different groups, imaging types, or
use cases. Real-time performance is also a problem, especially in clinical areas like
brain-computer interfaces. On top of that, we still do not fully understand how robust
these models are to noise or unexpected input changes. Recent studies also show that
hybrid anomaly detection strategies can improve robustness by the removal of noise
in data and by the regularization of data. This work highlights the importance of
resilience in clinical XDL systems [152].

4. Dataset characteristics can introduce biases. These properties can affect the XDL
model’s interpretability and generalization. The most common issues are class imbal-
ance, local-specific variations, and demographic disparities. To tackle these challenges,
various harmonization strategies could be applied. Preprocessing normalization, do-
main adaptation, class balancing, and multimodal feature standardization are a few
strategies that can be applied. Being aware of such strategies and reporting them
are both crucial. These steps need to be taken to ensure reliable and generalizable
explanations in computational neuroscience. Recent multimodal studies still demand
enhancements in several aspects for addressing clinical challenges for alzheimer (MRI
and PET) [70], epilepsy (EEG and fMRI) [74], brain tumors (MRI and genomics) [86],
parkinson disease (MRI and clinical scores) [128], population densities (MRI and
genetics) [83] problem domains. Identified gaps of each multimodal research work
mentioned here are discussed, along with their proposed solutions, in Section 6.3.

To visually capture the relationship among these challenges, Figure 8 presents a
triangle plot illustrating the trade-offs between the model’s three metrics [153,154], i.e.,
accuracy, complexity, and explainability. This highlights the tensions faced in XDL model
design. The closer the value moves towards a corner, the more that the associated metric
(be it accuracy, explainability, or complexity) will be maximized. So, overall, moving
towards one corner affects the other inversely proportionally. Hence, central regions
suggest a compromise zone. In this zone model can moderate the trade-off for accuracy,
explainability, and complexity. Altogether, the decision is left to the decision-maker so that
the requirement of a case-specific scenario is fulfilled.

6.2. Future Research Directions

To address these limitations, several research directions offer promise for advancing
XDL in neuroscience:
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1. Integration of biological priors into model architectures: Embedding anatomical,
functional, or physiological knowledge (sEMG-based muscle fatigue detection [155])
into DL models can enhance alignment with neural mechanisms and improve both
interpretability and generalization. Another innovative advancement is the integra-
tion of ultra-high-frequency biosignal retrieval [156], which enhances the systems to
show real-time interpretable DL. Further details on biological priors are depicted in
Section 6.2.1.

2. Standardized frameworks for XDL evaluation: Developing rigorous benchmarks,
grounded in neuroscientific and clinical relevance, will facilitate objective assessment
of explainability methods and model comparisons across studies. Recent works
that utilize transformer-based clinical emotion classification emphasize the need to
incorporate evaluation pipelines to enable trustworthy deployment [157].

3. Human-in-the-loop and neuro-symbolic models: Combining human domain expertise
with automated learning systems can improve interpretability and trust. Neuro-
symbolic approaches, which integrate symbolic reasoning with neural representations,
offer a promising hybrid paradigm.

4. Collaborative and interdisciplinary research models: Progress in XDL will require
active collaboration between AI researchers, neuroscientists, clinicians, and ethicists.
Such partnerships can accelerate development while ensuring ethical deployment
and practical utility.

6.2.1. Integration of Biological Priors in XDL

This Subsection discusses the future directions relevant to the integration of XDL
techniques that can opt for biological priors for advancing and enhancing computational
neuroscience. The knowledge derived from the structure, function, and organization of
the neurons in the brain drives the modeling and design of computational models. This
approach also includes the anatomical constraints, neurophysiological attributes, and more.
Innovating the DL models to adopt this approach enhances interpretability via ensuring
the model design alignment is similar to the neurological principles. This also improves
generalization across modalities and increases the plausibility of model outcomes, both in
clinical and visual neuroscience applications.

We discuss the necessary techniques that need to be incorporated in order to appropri-
ately opt for the biological priors.

• Architectural constraints: The biological constraints are a key part in modeling neuro-
scientific models. A recent research focuses on the necessity of integration of biological
priors into current DL model designs. Authors propose a brain-constrained model-
ing approach to incorporate the principles of brain structure internals like synaptic
plasticity, local and long-range connectivity, and area-specific compositions into the
design of the model [158]. This can lead to significant improvements in current DL
techniques to improve the accuracy and explanatory abilities of such models for
neuroscience applications.
Another study investigates DL based networks in which hidden layers correspond
to and mimic the structure of a biological entity, i.e., genes, pathways, and their
connections, to encode the relationships of brain-mimicking nodes [159].
Another study emphasizes leveraging the biological implausibility in backpropagation.
The updating of errors while training these models is inspired by the actual human
behavior when correcting mistakes [160].
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• Regularization and loss functions: The enhancements in regularization and loss func-
tions are a necessity for minimizing the prediction errors considering the integration
of biological priors in both visual and clinical neuroscience [161]. Experiments in this
work show that utilizing the structured loss can improve the MCTs like incremental
learning, few-shot learning, and long-tailed classification.
Another study proposes a model named bio-RNN that is trained with multiple loss
terms [162], e.g., neuron-level loss, trial-matching loss, and regularization loss. These
losses jointly optimize the updating weights of the model network.

• Data augmentation with priors: Data augmentation improves and extends the existing
dataset, and is much needed, as the clinical datasets, specifically, are very limited in
size. A study on one such augmentation technique called phylogenetic is applied,
which is homologous sequence from related species [163]. This is particularly the best
technique for small datasets.

• Architectural Hybrid neuro-symbolic models: Neuro-symbolic models are enabled
with the ability to reason [164]. This property is embedded into models by combin-
ing NN components with symbolic reasoning components. Reasoning components
include logic, rules, planning, high-level intents in hierarchical form.
Another study presents a hybrid architecture to combine deep neural components.
This work emphasizes the integration of pattern recognition extraction components
with symbolic reasoning, leveraging the medical ontologies, rule-based inference, and
statistics and probabilities [165].
Another study on enforcing structural priors involves the embedding of symbolic
modules in the form of known anatomical circuits and functional hierarchies into the
model architecture [166].

The integration of the above-mentioned biological prior techniques is much needed,
as they allow combining data-driven feature extraction better in performance and make
the clinical systems able to interpret and explain their outcomes clearly and efficiently, due
to the nature of such models mimicking neuroscience.

Despite the techniques’ promising results, integrating biological priors also presents
challenges and remains ever-evolving due to the never-ending upgrades caused by the
technological advancements. Over-constraining is another aspect to analyze, as it may
lead to reduced flexibility and may compromise the predictive performance. Trading off
between biological realism and model explainability is still a challenge that will definitely
require important steps to be taken in advance. Future directions in computational neuro-
science are never-ending but require the aforementioned proposed techniques, which are
comprehensively concluded in the following sections.

6.2.2. Strategic Directions for Advancing XDL

This Subsection discusses the strategic directions for advancing XDL in the domain
of computational neuroscience. Table 9 outlines four strategic research directions aimed
at addressing current limitations in the use of XDL in computational neuroscience. These
directions reflect a cross-cutting emphasis on biological plausibility, evaluation consis-
tency, human-in-the-loop design, and interdisciplinary integration. Each of the directions
contributes to the robust application of XDL across visual and clinical neuroscience.
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Table 9. Strategic directions for advancing XDL in computational neuroscience.

Research Direction Objective Primary Appl. Domain Key Challenges

Integration of
biological priors

Enhance model fidelity by embed-
ding anatomical, physiological, or func-
tional constraints into DL architectures

Visual attention modeling,
brain-signal decoding,
neural encoding

Balancing realism and flexibil-
ity. Limited availability of de-
tailed neural priors

Standardized frameworks
for XDL evaluation

Establish consistent benchmarks for as-
sessing interpretability and trustwor-
thiness of XDL models

Clinical diagnostics,
regulatory validation,
cross-study comparisons

Metric inconsistency. Data
heterogeneity. Lack of com-
munity consensus

Human-in-the-loop and
neuro-symbolic systems

Combine expert knowledge with ma-
chine learning to enhance interpretabil-
ity and domain relevance

Interactive BCIs,
explainable clinical
decision-support tools

Real-time integration, hybrid
model design complexity

Collaborative
interdisciplinary
research models

Foster synergy among AI, neuro-
science, clinical, and ethical domains
for responsible innovation

Translational neuroscience,
XDL healthcare deployment

Communication barriers. Dif-
fering research cultures and
standards

6.3. Research Gaps and Proposed Approaches

Table 10 provides a summary of the major research gaps identified in the surveyed
literature and highlights the proposed approaches and their potential impacts. Standard
evaluation metrics, biologically integrated DL models, transparent and interpretable clinical
adoption frameworks, scalable real-time XDL methods, and interpretable visual and clinical
neuroscience integration are all comprehensively depicted in this section. The aim is to
provide a roadmap to further explore and advance XDL in computational neuroscience.

Table 10. Research gaps, proposed approaches, and their potential impacts.

Identified Gap Proposed Approach (References) Potential Impact

Lack of standardized evaluation
metrics for XDL (EEG-based BCI) in
neuroscience.

Development of unified benchmark
datasets and evaluation pipelines,
acceleration of benchmarking practice
adoption across the field [167].

Ensures reproducibility and comparability
across XDL pipelines. Standard reporting
evaluation. metrics for BCI/EEG based
XDL studies.

Limited integration of biological
priors into DL models.

Exploration of knowledge-informed and
neurobiological-constrained cognitive
systems (e.g., brain-inspired models, neural
priors) [168].

Improves biological plausibility and
interpretability of models.

Insufficient trust in clinical adoption
of XDL models.

Human-in-the-loop systems,
clinician-centered interpretability studies,
regulatory frameworks to achieve safety
and transparency [169].

Builds trust, facilitates clinical integration,
and ensures ethical deployment.

Limited real-world applicability
(multimodal) [70].

Thorough real-world clinical evaluation
with large multi-site longitudinal datasets.

Enhanced clinical decision-making
reliability.

Optimal integration challenge [74]
(multimodal). Advanced algorithm development. Enhanced clinical insights.

Limited interpretability
transparency [86] (multimodal). Integrate explainable AI techniques. Improves clinical trust and

decision-making.

Limited clinical interpretability [128]
(multimodal).

Integrate advanced explainable AI
techniques for clearer clinical insights.

Improved diagnostic trust and clinical
decision-making.

Limited clinical explainability [83]
(multimodal).

Integrate tailored imputation and nuanced
interpretation

Enhance personalized and effective clinical
decisions
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Table 10. Cont.

Identified Gap Proposed Approach (References) Potential Impact

Lack of real-time, scalable XDL
methods for large datasets.

Efficient model architectures for
multimodal fusion (coupled SSM model)
hardware-aware XDL techniques. This
approach uses an inter-modal hidden states
transition scheme for efficiency, and
formulates a global convolution kernel for
enabling parallelism [170].

Enables deployment in time-sensitive
neuroscience and clinical applications for
provisioning real-time and scalable XDL
models.
Another study demonstrates deployable
XDL for portable clinical neuroscience with
limited resources, much needed for
real-time and scalable systems [171].

Fragmented research between visual
and clinical neuroscience.

Interdisciplinary frameworks combining
cognitive neuroscience, clinical practice,
personalized treatment through and
XDL [172].

Encourages holistic, cross-domain
advancements for the XDL the
neuroscience.

The proposed XDL benchmark framework details are shown in Table 11 for the
purpose of promoting reproducibility and standardization. This includes the tasks, datasets
(curated), metrics (quantifiable), and mechanisms to govern. Classification, prognosis, and
other tasks are depicted to illustrate various domain problems like disease vs. control
and disease progression. Benchmark datasets, including the ADNI, UK Biobank, and
OpenNeuro, are essential to ensure multimodal and multi-domain coverage. Evaluation
metrics, including faithfulness, sensitivity, calibration, and clinical utilization support, are
used in quantifying the qualitative metrics, such as interpretability, reliability, and relevance.
These metrics are crucial for neuroscience applications. Data sharing standards among the
business stakeholders, open code, and checklists built through community participation
ensure the transparent comparison across the studies. Overall, this provides the necessary
steps given in a structured direction to the visual and clinical application developers and
the stakeholders.

Table 11. Proposed XDL benchmark framework.

Component Purpose Illustrative Examples

Task Define evaluation
objectives

Classification, prognosis. Benchmarks supervised learning tasks (classification,
prognosis) using clinical/biomedical tabular datasets [173]. Evaluates AI
benchmarking for predictive modeling (object detection/classification), applicable
to clinical differentiation tasks [174].

Dataset Ensure multimodal
coverage

ADNI, UK Biobank, OpenNeuro. Demonstrates use of diverse biomedical
datasets for benchmarking and generalization [173]. Uses electrophysiological
datasets from multiple sources to ensure multimodal, multi-site evaluations [175].

Metrics Quantify
interpretability

Faithfulness, sensitivity, calibration, and clinical utility. Proposes a benchmarking
framework for XAI, focusing on interpretability, faithfulness, and clinical
relevance [176]. Benchmarks frameworks with a focus on accuracy, reliability,
robustness, including calibration and sensitivity [177].

Governance Promote
reproducibility

Open code/data, reporting standards. Advocates open data/code, reproducible
evaluation protocols, and reporting standards in benchmarking studies [173].
Discusses transparency, standardized evaluation, and community-driven
checklists for reproducibility and governance [176].

7. Conclusions
The XDL has emerged as a pivotal approach in advancing computational neuroscience,

particularly in the domains of visual processing and clinical applications. This review has
explored how DL models, especially convolutional neural networks and vision transform-
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ers, are being employed to simulate mechanisms of visual attention and categorization,
offering computational analogues to brain processes. In visual neuroscience, XDL tech-
niques such as saliency mapping, class activation, and concept-based explanations not only
enhance our interpretability of models but also deepen our scientific understanding of
visual perception in the brain.

In clinical neuroscience, DL models are being applied to diagnose neurological and
psychiatric disorders, forecast patient outcomes, and support precision medicine. However,
given the high-stakes nature of clinical decision-making, the need for explainable models
is not merely academic but essential for building trust, ensuring regulatory compliance,
and facilitating ethical deployment. XDL plays a critical role here by enabling clinicians
and researchers to validate model predictions, identify potential biases, and improve
transparency in diagnosis and treatment.

Across both domains, the review emphasizes the core limitations and challenges facing
XDL, particularly the trade-offs between performance and interpretability, the lack of stan-
dardized evaluation frameworks, and difficulties in generalizing across populations and
modalities. Future progress lies in embedding biological priors into model architectures,
advancing neuro-symbolic and human-in-the-loop approaches, and fostering stronger
interdisciplinary collaboration among AI researchers, neuroscientists, and clinicians.

Ultimately, XDL is not just a technical advancement but a paradigm shift towards
responsible, transparent, and impactful neuroscience. As the field evolves, interpretable
DL models will be foundational to bridging computational tools with scientific discovery
and real-world healthcare transformation.
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Abbreviations

ACE Automated Concept-based Explanation
ACER Average Classification Error Rate
ADNI Alzheimer’s Disease Neuroimaging Initiative
APCER Attack Presentation Classification Error Rate
BCI Brain-Computer Interface
BMS Bayesian Model Selection
BPCER Bona Fide Presentation Classification Error Rate
BraTS Brain Tumor Segmentation
BSMMCH Bangabandhu Sheikh Mujib Medical College Hospital
CAM Class Activation Map
CAMCAN Cambridge Centre for Ageing and Neuroscience
CI Confidence Interval
CNN Convolutional Neural Network
CORnet-S Core Object Recognition Network Shallow
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DBS Deep Brain Stimulation
DL Deep Learning
DR Diabetic Retinopathy
DTI Diffusion Tensor Imaging
DVA Deep Visual Analytics
DWI Diffusion-Weighted Imaging
ECoG Electrocorticography
ECSSD Extended Complex Scene Saliency Dataset
EDF European Data Format
EEG Electroencephalography
EHR Electronic Health Records
EM Electron Microscopy
EOG Electrooculography
F-M F-measure
fMRI Functional Magnetic Resonance Imaging
fNIRS Functional Near-Infrared Spectroscopy
GANs Generative Adversarial Networks
GBVS Graph-Based Visual Saliency
HCP Human Connectome Project
HGC High-Grade Condition
HKUIS Hong Kong University Image Saliency
HMA Hard Exudate Microaneurysms
iCoSeg Interactive Co-segmentation
IoT Internet of Things
IP Image Processing
IT Inferior Temporal cortex
IVW Inverse-Variance Weighted
LGC Low-Grade Condition
LRP Layer-wise Relevance Propagation
MA Exudate Microaneurysms
MAE Mean Absolute Error
MCT Machine-challenging Task
MDD Major Depressive Disorder
MEG Magnetoencephalography
MR Mendelian Randomization
MRI Magnetic Resonance Imaging
MSRA-B Microsoft Research Asia (version B)
NLP Natural Language Processing
NMM Normalized Mean value under the annotated Mask
NN Neural Network
NST Non-Specific Tumor
NTL Normal Tissue Label
OASIS Open Access Series of Imaging Studies
OCTNet Optical Coherence Tomography Network
PAD Presentation Attack Detection
PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses
PET Positron Emission Tomography
REST Resting-State
PPG Photoplethysmogram
RNN Recurrent Neural Network
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RSA Representational Similarity Analysis
SAM Segment Anything Model
SaMD Software as a Medical Device
SED Social Event Detection
sEMG Surface Electromyography
SNP Single Nucleotide Polymorphism
SOD Salient Object Detection
SSM State Space Model
TCAV Testing with Concept Activation Vectors
TCGA The Cancer Genome Atlas
TUH Temple University Hospital
V1/V4 Visual Cortex Area 1/Visual Cortex Area 4
ViT Vision Transformer
VAE Variational Autoencoder
VGG Visual Geometry Group
XAI Explainable Artificial Intelligence
XDL Explainable Deep Learning
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