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Explainable Artificial Intelligence (XAI) seeks to make complex deep
learning models transparent and understandable. With the increasing
adoption of deep models in critical domains (e.g., healthcare, finance), the
need to interpret model decisions has become crucial. This paper provides an
overview of XAl concepts, surveys prominent interpretability techniques
(intrinsic and post-hoc), and proposes a generic, modular framework for
integrating explainability into the model development lifecycle. The
methodology includes data preprocessing, deep model training, a dedicated
XAI module for local and global explanations, and evaluation using both
computational and human-centered metrics. We include comparative tables
summarizing methods, provide a methodology flowchart, and discuss
challenges and future research directions such as causal explanations, real-
time XAlI, and multimodal interpretability. This expanded framework situates
explainable Al within broader ethical, legal, and practical contexts. We
emphasize that XAl is now widely seen as essential for trustworthy Al
deployment[1][2] . In particular, regulatory guidelines (e.g. GDPR Articles
13-15) mandate “meaningful information about the logic involved” in
automated decisions [3], and Al ethics principles stress transparency and
accountability [2][4]. To address these demands, we augment the original
framework with new sections: Ethical and Legal Implications (examining
fairness, bias, privacy, and accountability), Case Studies in XAl
Implementation (illustrating XAI in healthcare, finance, and autonomous
vehicles [5][6] ), and a Comparative Evaluation of XAI Toolkits (reviewing
libraries such as LIME and SHAP [7][8]and platforms like Google’s What-If
and AWS Clarify[9][10] ). We also survey Emerging Trends in XAI
including the use of large language models to generate intuitive
explanations[11] , integration of causal and counterfactual reasoning [12],
and human centered, interactive explanation approaches[13] .

Keywords: Explainable Al, XAl interpretability, SHAP, LIME, Grad-CAM,
counterfactual explanations, deep learning, model transparency.

1. Introduction

Deep learning has transformed numerous domains by delivering state-of-the-art performance on tasks

such as image recognition,

natural language understanding, and decision support. However, modern

neural networks often act as opaque “black boxes,” making it difficult to understand the reasons behind
specific predictions. This opacity raises ethical, legal, and practical concerns when Al is applied in
high-stakes domains such as healthcare, finance, and autonomous systems, where stakeholders require
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transparent and explainable decision rationales [15], [16], [17]. Explainable Al (XAI) addresses this
need by developing methods and protocols to produce human-understandable explanations of model
behavior, thereby improving trust, enabling audits, and supporting regulatory compliance [15], [16].

Two broad approaches exist: (a) intrinsic interpretability — designing models that are transparent by
design (e.g., linear models, decision trees, GAMs), and (b) post-hoc explainability — deriving
explanations from already-trained black-box models (e.g., SHAP, LIME, gradient-based
visualizations) [15], [17]. This paper surveys these approaches and presents a practical, modular
framework for integrating XAl into deep learning pipelines. The goal is to help practitioners choose
and apply explanation techniques effectively, evaluate explanation quality, and iterate to align models
with human needs and regulatory requirements.

Modern deep learning models achieve remarkable performance but are often opaque, raising concerns
about fairness, accountability, and user trust. Indeed, researchers emphasize that explainability is “a
crucial feature for the practical deployment of Al models” , and that lack of transparency can erode
confidence in Al systems . The tension between accuracy and interpretability is recognized as a central
challenge in responsible Al . In response, the XAl field has produced a rich set of methods to make
complex models understandable, with the ultimate goal of Responsible Al — i.e. the large-scale
deployment of Al with fairness, explainability, and accountability at its core . 1 2 2 Policy and ethical
guidelines increasingly codify these demands. For example, the EU’s Trustworthy AI Ethics
Guidelines explicitly mandate transparency throughout the Al lifecycle and that Al decisions should
be explained in a manner appropriate to the stakeholder . Similarly, GDPR Articles 13—15 give
individuals a right to receive “meaningful information about the logic involved” in automated
decisions . In the US, the White House Al Bill of Rights (2023) includes a “Notice and Explanation”
principle, calling for clear, accessible explanations of Al outcomes[ 18] . These regulations underscore
that XAI is not optional but a legal and ethical imperative, especially in high-stakes domains.
[18][19][4][3] Nevertheless, XAl is not a panacea. Researchers caution that explanations alone do not
automatically ensure fairness or eliminate bias . For instance, Deck et al. note that XAl should be
viewed as one of many tools for addressing fairness, rather than an “ethical panacea” . Effective XAl
must be designed with its end users in mind: explanations should be actionable and contestable,
enabling individuals to challenge algorithmic outcomes . Law and social science scholars argue that
explainability must be coupled with governance and human oversight; otherwise regulations risk
under-enforcement and public distrust [19]. In this paper, we build on the original framework by
explicitly addressing these ethical and legal dimensions of XAl. We also enrich the practical content:
Section 3 presents case studies of XAl systems in healthcare, f inance, and autonomous vehicles;
Section 4 systematically compares popular XAl toolkits and platforms; Section 5 surveys emerging
research trends (e.g. LLM-based explanations, neuro-symbolic methods, counterfactual approaches).
Each addition is supported by recent literature, expanding the reference base to over 40 sources.
Overall, our aim is a comprehensive, up-to-date picture of explainability in Al that is consistent with
current research and professional practice.

2. Literature Review

Explainable Al (XAI) has emerged to address the opacity of deep models, especially in high-stakes
domains such as healthcare, finance, law, and autonomous systems. In these areas, stakeholders
demand justifiable and auditable Al decisions (e.g. clinicians need case-specific rationales, regulators
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need policy-level justification). To meet these needs, numerous XAl techniques have been developed,
broadly categorized as model-specific (using internal model information) or model-agnostic (treating
the model as a black box). Key methods include:

SHapley Additive exPlanations (SHAP): A model-agnostic, game-theoretic method that assigns
each feature a Shapley value representing its contribution to a prediction . SHAP provides local
attributions per instance and, when aggregated, global feature importance profiles. It is widely used
(40 occurrences in one survey) for global interpretability of tabular and textual models . Drawbacks
include high computational cost and sensitivity to feature definitions

LIME (Local Interpretable Model-agnostic Explanations): LIME explains individual predictions
by fitting an interpretable surrogate (e.g. a sparse linear model) around the instance of interest. It
perturbs the input to learn which features drive the output. LIME is popular for local explanations (15
occurrences in a survey), as it works with any data type (tabular, text, images). However, its
explanations are valid only in a local neighborhood and can vary with perturbation strategy

e Grad-CAM (Gradient-weighted Class Activation Mapping): A model-specific technique
for convolutional neural networks that produces a heatmap highlighting image regions most
relevant to a particular class prediction. Grad-CAM backpropagates class gradients to the last
convolutional layers and weights feature maps to yield class-discriminative visualizations. It
provides intuitive visual explanations for vision models (e.g. highlighting tumors or lesions)
but applies only to CNNs and produces coarse, class-specific maps.

o Counterfactual Explanations: These describe how an input would need to change to alter the
model’s decision. For example, “if the loan applicant’s income had been 10% higher, they
would have been approved”. Counterfactuals offer actionable insight by illustrating decision
boundaries. They enhance interpretability by showing minimal feature changes that flip
outcomes. Current research emphasizes their importance for fairness auditing (e.g. checking
how decisions shift across demographics) and for generating contrastive narratives.

o Partial Dependence Plots (PDP) and Individual Conditional Expectation (ICE): PDPs plot
the marginal effect of a feature on the predicted outcome by averaging out other features. They
provide a global view of feature influence. ICE extends this by plotting one curve per instance,
revealing heterogeneity in how different observations respond to a feature. ICE curves make it
possible to spot interactions or non-linear effects that PDPs may mask Both methods assume
feature independence and can be expensive for high dimensions.

o Surrogate Models: These are interpretable models (e.g. decision trees or rule lists) trained to
approximate the behavior of a black-box model. “Model induction” via surrogates involves
building a second, simple model that mimics the original’s input-output mapping. Surrogates
can provide global explanations of complex models, but their fidelity depends on how well
they approximate the original. They offer an “ante hoc” view if built into the workflow.

Comparative studies note that no single method is best for all cases. Surveys have found SHAP and
LIME to dominate usage, with SHAP preferred for comprehensive (global) insight and LIME for
quick local checks. Model-specific methods like Grad-CAM or LRP (Layer-wise Relevance
Propagation) yield detailed visual explanations for images, but they cannot explain, say, financial
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models. Conversely, agnostic tools (SHAP/LIME/PDP) apply broadly (tabular, text, vision) but may
be less fine-grained for images. Recent research has quantitatively compared explainers: e.g. in fraud
detection combining ensemble models with XAI (SHAP, LIME, PDP) yielded both >99% accuracy
and interpretable insights, demonstrating that high performance and transparency are jointly attainable.
Other works systematically evaluate saliency methods, noting that Grad-CAM provides class-
discriminative heatmaps, while SHAP/LIME produce more consistent feature attributions across
modalities. Overall, studies emphasize choosing methods aligned with the task: local vs global needs,
visual vs textual data, and computational constraints.

Domain-specific applications: XAl has been applied across fields. In healthcare, interpretability is
critical for clinician trust. For example, CNN-based diagnostic tools often use Grad-CAM or LRP to
highlight pathological regions in medical images. Tabular models for patient risk prediction use
SHAP/LIME to explain why a patient is flagged (e.g., high cholesterol or blood pressure). These
explanations help doctors validate Al suggestions and comply with medical accountability. In finance,
transparency is needed for credit scoring and fraud monitoring. XAl tools reveal key features driving
credit decisions or flag anomalies — e.g. a fraud-detection pipeline used SHAP for feature selection
and LIME/PDP to explain individual transaction flags. This bridges the gap between regulators’
requirements and model complexity. Autonomous driving systems leverage XAl to validate
perception and planning modules: saliency maps (Grad-CAM variants) can show which parts of a
scene (pedestrian, stop sign) influenced the car’s decision, aiding debugging and safety verification.
In legal tech, the need for “explainable justice” is rising. However, scholars warn that standard XAI
methods may not meet legal standards: for instance, a recent review found that LIME/SHAP often
produce unstable, ad-hoc explanations rather than legally “meaningful” justifications. This has led to
calls for inherently interpretable hybrid models in high-risk legal applications.

Collectively, these examples highlight that XAl performance and utility vary by use-case. Surveys up
to 2023 show that healthcare dominates XAl research (many papers apply XAl to medical data),
with other high-impact areas in finance, autonomous driving, and legal domains. Researchers
emphasize tailoring explanations to domain needs: clinicians may require detailed feature importances
for specific cases, whereas an executive may prefer global model summary. Several reviews point out
that visual explanations (heatmaps, plots) should be complemented by summaries or natural-language
rationales to suit different user expertise

A. Definitions and Taxonomies

XAI encompasses a spectrum of techniques that transform model internals and outputs into
interpretable artifacts. Surveys classify methods along several axes: local vs. global explanations,
model-agnostic vs. model-specific methods, and intrinsic vs. post-hoc interpretability [15], [16], [17].
Local explanations justify individual predictions; global explanations summarize overall model
behavior. Model-agnostic methods (e.g., LIME, SHAP) treat the model as a black box and use input—
output probing, while model-specific methods leverage internal structures (gradients, feature maps)
for deeper insight [15], [17].

B. Intrinsically Interpretable Models

Intrinsic interpretability is achieved when model structure permits direct understanding of decision
logic (e.g., linear/logistic regression, decision trees, Generalized Additive Models (GAMs), rule lists).
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Such models are preferred for domains requiring immediate justification, auditability, or legal
defensibility. However, these models typically trade off expressive power, particularly in high-
dimensional or perceptual tasks (images, raw audio), where deep models outperform simpler
alternatives [15], [17].

C. Post-Hoc Explainability Techniques
Post-hoc methods help explain complex models after training. Prominent techniques include:

e Surrogate models / LIME: Fit a locally interpretable surrogate (e.g., sparse linear model)
around a specific instance by perturbing inputs and observing outputs [20]. LIME is model-
agnostic and useful for case-by-case explanations, though it can be sensitive to the perturbation
strategy.

e Shapley values / SHAP: Based on cooperative game theory, SHAP distributes a prediction
among input features fairly (satisfying consistency and local accuracy). SHAP yields both local
and aggregated global insights, but exact computation can be expensive for high-dimensional
inputs; approximations exist for trees and deep networks [21].

e Gradient-based visualizations (saliency, Integrated Gradients, Grad-CAM): For deep
models (especially CNNs), gradients or relevance propagation identify input regions influential
for a class score. Grad-CAM produces class-discriminative coarse heatmaps from
convolutional activations [22], [23].

o Counterfactual explanations: Provide minimal changes to an input that would change the
model’s decision, offering actionable insights for users (e.g., “increase income by X to
qualify”) [24].

Each method has pros/cons tied to fidelity, computational cost, stability, and human interpretability
[15], [16], [20], [21], [22], [24].

D. Evaluation of Explanations

Assessing explanation quality is multi-dimensional: fidelity (does the explanation reflect model
internals?), stability (consistent across repeated runs), comprehensibility (human-centered
understandability), and usefulness (does it aid decision making?). There is no single accepted
benchmark; evaluating explanations typically combines computational metrics (e.g., feature removal
or insert metrics) with user studies [15], [16], [17].

3. Comparative Summary Tables

To help practitioners choose methods, Tables I-II summarize common XAI techniques and their
properties.

Table I — Summary of Representative XAI Methods

Method Model Key Strengths | Limitations
Scope Specificity
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LIME [20] Local Model-agnostic | Fast local | Instability across
surrogate; simple | runs; local only
explanations

SHAP [21] Local & Global | Model-agnostic | Theoretically Computationally

(variants) grounded; expensive (exact
consistent SHAP)
attributions

Grad-CAM [22] CNN specific Class- Coarse

Local (visual) discriminative r.esc')lution;
heatmaps for | limited to conv
images nets

Integrated Local Dee models Baseline-aware | Baseline choice

Gradients [23] P attributions; path | affects results

(gradients) . .
integration

Counterfactuals | Local Actionable, Finding realistic

[24] Model-agnostic | human-friendly | minimal changes

is hard

Table II — Practical Selection Guide (complexity & compatibility)

Method Typical Complexity Best For Ell:)elementation
LIME Low Tabular/text/image Easy
(local)
SHAP (TreeSHAP) Low—Medium Tree models | Medium
(global/local)
SHAP (Kernel/Deep) | High Any model (approx) | Hard
Grad-CAM Low CNN image models Easy
Counterfactual Medium-High Decision explanation, | Hard
recourse

Ethical and Legal Implications of XAl

Ethical and Legal Implications of XAI Explainability in Al raises profound ethical questions about
fairness, bias, and accountability. On the positive side, XAl can help identify and mitigate biases by
revealing the features driving decisions. For example, highlighting undue reliance on sensitive
attributes can allow developers to correct training data or model logic. However, critics warn that naive
use of XAl can also mislead. Deck et al. argue that many claimed fairness benefits of XAl are vague;
rigorous evaluation is needed to ensure explanations actually reduce discrimination [1. In particular,
simply presenting feature importances may falsely reassure users if the underlying model still embeds
unfair logic. [19] [3] Legally, various frameworks now require or encourage algorithmic transparency.
The EU’s GDPR, for instance, grants a right to “meaningful information about the logic involved” in
automated profiling decisions . Similarly, emerging Al regulations (such as the EU Al Act) and
standards (e.g. IEEE P7001/ P7003) envision that Al systems must provide explanations to comply
with due process and anti discrimination laws. These requirements are echoed in policy documents:
the EU Trustworthy Al Guidelines list transparency and explanation as core requirements , and the
NIST AI Risk Management Framework includes “Explainable and Interpretable” Al as a key attribute
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. Practically, this means Al developers must integrate XAl to fulfill legal obligations and ethical best
practices. For example, in credit scoring or loan applications, institutions use SHAP or LIME
explanations to justify approvals or denials and to demonstrate regulatory compliance [25]. In
healthcare, transparent decision-support is essential so clinicians can trust AI recommendations and
patients can seek second opinions. Moreover, explanations empower affected individuals to contest
decisions: if a patient or applicant sees an explanation, they can verify or dispute it. The UK’s
Information Commissioner’s Office and the EU’s High-Level Expert Group emphasize that
explanations should support actionability and contestability of algorithmic decisions . In summary, the
ethical landscape of XAl involves balancing transparency with practical limitations. Explanations
should promote fairness and trust, but they must be crafted carefully to avoid manipulation.
Interdisciplinary collaboration among Al, legal, and social science experts is needed to design XAl
mechanisms that satisfy human values and legal standards without overpromising beyond what the
models can deliver

Case Studies in XAI Implementation

Case Studies in XAl Implementation XAl has been applied in diverse domains. In healthcare, Gerlings
et al. studied an AI system for ICU triage in a COVID-19 hospital. They found that multiple
stakeholder groups (doctors, data scientists, and administrators) had different needs for explanations.
By tailoring explanations for each audience, the team improved clinicians’ trust and identified model
shortcomings . Their work illustrates that in clinical settings, explanations must align with medical
reasoning (e.g. highlighting vital signs or lab values) to be useful for decision-making and compliance
with medical ethics. In finance, explainability is driven by fairness and regulation. A report from the
CFA Institute notes that credit scoring and loan approvals increasingly rely on XAI: methods like
SHAP and LIME are used to justify Al-driven lending decisions to customers and regulators . These
explanations highlight which f inancial factors (income, credit history) influenced a score, thereby
making automated underwriting more transparent. By revealing and auditing the decision logic, banks
can detect and correct biases before deployment. [6] [26] In autonomous vehicles, XAl supports both
safety and user acceptance. For example, a recent IEEE Spectrum article describes a study where
researchers used XAl queries to pinpoint when a self-driving car’s vision model is likely to err[26] .
By interrogating the model with targeted questions, the team could identify failure points (e.g.
misclassifying a pedestrian in low light) and explain them in human-understandable terms. These
insights can be used to alert passengers when to take control or to refine the system. Other domains
where XAl is deployed include criminal justice (e.g. recidivism risk tools with post-hoc explanations),
human resources (explaining applicant screening), and scientific research (explaining model
predictions in biology or physics). Across these cases, a common lesson is that context matters.
Effective explanations depend on domain knowledge and user expertise. Healthcare and finance
implement robust vetting: they do not just display raw feature importances, but present them with
domain-specific semantics (medical risk factors, financial ratios). The case studies also emphasize the
value of iterative design: explanations often uncover model f laws that prompt developers to improve
training data. In sum, these implementations demonstrate XAI’s potential to enhance real-world Al
use, provided the explanations are engineered to fit the specific application and audience .

Comparative Evaluation of XAI Toolkits
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A variety of software toolkits have been developed to generate explanations. Key open-source libraries
include:

SHAP (SHapley Additive exPlanations): A Python library that uses cooperative game theory
to attribute an importance value to each feature for a prediction. SHAP supports both global
summaries and local explanations, and has efficient implementations for tree-based models.
It’s widely used due to its strong theoretical guarantees (consistency, local accuracy).

LIME (Local Interpretable Model-agnostic Explanations): A framework that approximates
the model locally with an interpretable surrogate (e.g. linear model) to explain individual
predictions. LIME is model-agnostic and easy to apply, but it may vary with different
perturbations. It excels at explaining text and image models by highlighting the most influential
regions or words.

InterpretML: Developed by Microsoft, InterpretML combines glass-box models (e.g.
Explainable Boosting Machine) with post-hoc methods. It integrates LIME, SHAP, and
generalized additive models into an interactive environment[27]. Users can switch between
inherently interpretable models and explanation overlays for black-box models.

IBM AIX360 (AI Explainability 360): A toolkit offering numerous explanation algorithms
(counterfactuals, ProtoDash, etc.) along with metrics to assess explanation quality[28]. It
includes algorithms tailored to fairness and transparency audits, making it suitable for users
concerned with regulatory compliance.

Captum: A PyTorch library providing gradient-based attribution methods like Integrated
Gradients, Saliency Maps, and DeepLIFT[29]. Captum is optimized for deep models and offers
seamless integration with PyTorch architectures. It is particularly effective for vision and NLP
models where gradients can be visualized.

Alibi: An open-source Python library (by Seldon) offering model-agnostic explanation
techniques such as Anchors, counterfactuals, and contrastive explanations[30]. Alibi focuses
on production readiness, supporting streaming data and large-scale pipelines in TensorFlow
and PyTorch environments.

In addition to open-source projects, major cloud providers and research labs have released user-
friendly XAl tools:

Google What-If Tool: A visual, interactive interface (in TensorBoard) that enables users to
generate counterfactual examples, visualize fairness metrics, and test model changes without
coding.

Microsoft Fairlearn: A toolkit and dashboard for fairness-aware machine learning[31]. It
integrates with scikit-learn to evaluate disparities across subgroups and to visualize feature
impacts on predictions.

AWS SageMaker Clarify: An Amazon service that automatically detects bias and generates

SHAP explanations for models deployed on SageMaker[10]. Clarify supports tabular, text, and
image data, and is designed to plug into ML pipelines for compliance reporting.

Each toolkit has strengths and weaknesses. For example, SHAP is accurate but can be computationally
expensive for very large models[32]. LIME is flexible but may produce unstable explanations if
perturbations vary. Evaluating these tools often involves criteria such as fidelity (how well
explanations reflect the true model) and complexity (user interpretability)[33]. Other factors include
stability (consistency over similar inputs) and generalizability (applicability to different model types).
In practice, the choice of toolkit depends on the audience and use case: e.g. a data scientist might
prioritize fidelity and global insights, while an end-user might favor simpler, local explanations. Table
1 (below) summarizes these toolkits and trade-offs.
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Toolkit Approach Model Support Key Features
SHAP Shapley value | Model-agnostic /| Theoretically sound
attributions Trees local/global
explanations
LIME Local surrogate | Model-agnostic Simple local linear
models explanations
InterpretML Glass-box & post- | Scikit-learn, Combines GAMs with
hoc XGBoos LIME/SHAP;
interactive,visualization
AIX360 Multiple  post-hoc | Model-agnostic Includes
methods counterfactuals, metrics
for fairness
Captum Gradient-based PyTorch (DL) Integrated  Gradients,
attributions DeepLIFT for neural
nets
Alibi Anchors, Model-agnostic Production-ready,
counterfactuals supports  TensorFlow/
PyTorch
What-If Counterfactual TensorFlow, generic | GUI  for exploring
testing “what-if”” scenarios
Fairlearn Fairness dashboards | Scikit-learn Assess and mitigate
bias, integrated
dashboards
Clarify Bias detection, SHAP | SageMaker (any | Automated SHAP
DL/ML) explanations in
production

(Table 1: Comparison of popular XAl toolkits. Features and citations indicate sources detailing each.)

Emerging Trends in XAl

Research in XAl is rapidly evolving. One major trend is leveraging large language models (LLMs)
for explanations. Recent surveys note that LLMs can translate complex model outputs into natural
language narratives that are more understandable for users[11]. For example, a model’s decision might
be explained by an LLM as “The loan was denied mainly due to low income and short credit history,”
rather than just numerical feature scores. Future work explores automating human feedback: using
techniques like reinforcement learning from human preferences to refine explanation quality.

Another trend is the integration of causal and counterfactual reasoning. Purely correlational
explanations may be insufficient for understanding “why” decisions occur; causal XAl aims to answer
“what-if” scenarios in a more principled way. Carloni et al. highlight that explainability methods
should incorporate causal assumptions to produce truly insightful explanations. Counterfactual
explanations (showing how minimal changes to input would change the output) have gained popularity
for their intuitive appeal.
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Human-centered and interactive XAl is also growing. Workshops on “Human-Centered XAI”
emphasize that explanations must consider the user’s context, values, and ability to act. For instance,
Upol Ehsan et al. argue that who is providing the explanation matters: a model explaining itself may
be less credible than explanations mediated by a knowledgeable user interface or expert[13].
Accordingly, there is active work on dialogue-based explanations and visualization tools that engage
non-experts.

Finally, standardization and robustness are emerging concerns. Bodies like IEEE and NIST are
formalizing XAl requirements: for example, NIST’s AI RMF explicitly lists explainability as a
trustworthiness characteristic. At the same time, adversarial research shows that explanation methods
themselves can be attacked. Slack ef al. demonstrate that LIME and SHAP can be fooled into giving
innocuous explanations for a malicious classifier. This has led to new research on making explanations
robust against manipulation. Overall, the XAl field is moving toward more human-aligned,
interactive, and secure explanations, reflecting a multidisciplinary effort to make Al transparent and
trustworthy.

4. Methodology — Proposed XAI Integration Framework

To implement the proposed XAl framework, we outline a multi-stage practical process combining
stakeholder understanding, data management, model development, and user-centered deployment. The
key stages are:

1. Stakeholder Analysis: Identify all relevant stakeholders (e.g. model developers, domain
experts, end-users, regulators) and determine their explanation requirements. For each persona,
define what needs to be explained and why. For instance, experts (doctors, engineers) may need
detailed, local explanations, whereas lay users might need high-level overviews. Interviews or
workshops can reveal how different stakeholders form mental models of the Al system. This
analysis guides the choice of explanation types (visual, textual, local, global) and complexity
appropriate for each group. The theoretical framework also suggests setting explainability
objectives at this stage — e.g., ensuring regulatory compliance or user trust building.

2. Data Collection and Annotation: Gather or collate domain-relevant data that reflects the
problem context. Ensure the dataset includes the features most pertinent to stakeholders’
concerns (e.g., medical symptoms, financial indicators). Work with domain experts to annotate
or label any explanatory ground truth if available (for example, highlighting regions of interest
in medical images, or noting known risk factors in records). Address potential biases and ethics
at this stage: verify that training data is balanced and representative to avoid skewed
explanations. Annotated examples can also be used for evaluation of explanations later (e.g.
comparing a model’s feature attributions to expert annotations).

3. Tool and Library Selection: Choose appropriate Al and XAI toolkits that fit the problem. For
deep learning, one might use frameworks like PyTorch or TensorFlow. For XAI, popular
libraries include SHAP and LIME (Python packages), Captum (for PyTorch models), tf-
explain, ELIS, or IBM’s AIX360. For example, in a fraud-detection case study, we used the
SHAP Python library for feature attribution and LIME for instance explanations. We also
planned to use PDP plotting utilities (e.g. from scikit-learn) and built-in Grad-CAM

IJWOS | Vol.2 No.12, December 2025 | https://ijwos.com 62



International Journal of Web of Multidisciplinary Studies
E-ISSN: 3049-2424

implementations for CNNs. The selection should align with model type: e.g. Grad-CAM
requires convolutional layers, whereas SHAP works with any differentiable model. Evaluating
tool maturity, documentation, and integration ease is important.

4. Explanation Module Integration: Integrate the chosen XAI methods into the model pipeline.
In practice, this means applying the explainer to model outputs during validation or inference.
For instance, after training a classifier, compute SHAP values or LIME explanations for each
test instance and store them. For CNNs, hook into the model’s last convolutional layer to
produce Grad-CAM heatmaps on demand. This often involves writing small wrappers or
callbacks: for tabular models, run SHAP on the feature vector to produce an importance ranking
for each prediction; for image models, run Grad-CAM to overlay the heatmap on the input
image. It is important to optimize this stage for efficiency, as on-the-fly explanations can be
costly. Depending on the use case, explanations may be generated offline or in real time. Code
modularity is key: keep the explanation logic separate from training logic but accessible to the
deployment stage.

5. Deployment and Visualization: Finally, deploy the model with integrated explainability, and
present the explanations in a user-friendly manner. This could involve creating dashboards or
interfaces that display, for each model prediction, the corresponding explanation (e.g., feature
importance bar charts for tabular outputs, heatmaps for images, or textual rationales). The
visualization should match stakeholder needs identified earlier: for example, heatmaps might
be shown to clinicians, while a non-expert sees a simple annotated summary. It is important to
provide context (e.g., what does each highlighted feature mean medically or legally).
Throughout deployment, gather user feedback and monitor usage: stakeholders should be able
to challenge or question the model, fostering trust. In regulated domains, ensure the
explanations meet legal standards (the “right to explanation” may require documenting how
features affect outcomes

Methodology Flowchart :

] | Explanation Module
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Generating Explanations in Practice:

Local Surrogates (LIME): Perturb the input near an instance, query the black box, fit an
interpretable model, and present feature weights.

SHAP: Use TreeSHAP for tree ensembles (efficient), DeepSHAP approximations for neural
nets, and Kernel SHAP for model-agnostic needs. Aggregate per-instance attributions to build
global feature insights.

Grad-CAM & IG: For CNNs, produce heatmaps and overlay them on input images to make
salient regions visible to users.

Counterfactuals: Solve a constrained optimization to find minimal feature changes that flip
the label; ensure realism by restricting changes to feasible ranges or using generative models
to produce plausible counterfactuals.

Evaluation Protocols:

Quantitative: fidelity tests (e.g., remove top-k features and measure prediction degradation),
stability metrics (variance across runs), sufficiency and comprehensiveness measures.

Qualitative: human subject studies where participants rate explanation usefulness, clarity, and
trust. Regulatory compliance checks where required.

5. Conclusion and Future Scope

Explainable Al is essential for deploying trustworthy, accountable, and human-centric Al systems. No
single XAl method solves all needs; rather, a layered approach — combining intrinsic interpretability
where feasible and post-hoc explanations otherwise — produces the most pragmatic solution. Future
directions include:

Causal Explanations: Move beyond correlation by integrating causal inference methods into
XAI for more actionable insights.

Real-time XAI: Optimize methods for low latency so that real-time systems (e.g., autonomous
vehicles) can produce explanations on the fly.

Multimodal Explanations: Combine text, visual, and example-based explanations for richer,
user-tailored insights.

Standardized Benchmarks: Community effort toward standardized XAI benchmarks and
evaluation protocols to compare methods fairly.
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