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Abstract

The deployment of artificial intelligence (Al) in critical decision-making domains—including
healthcare diagnostics, financial risk assessment, and autonomous vehicle navigation—has
intensified the demand for transparency and interpretability in algorithmic reasoning.
Explainable Artificial Intelligence (XAl) has emerged as a pivotal research paradigm aimed
at rendering complex machine learning models comprehensible to human stakeholders
without substantially compromising predictive performance. This paper presents a
comprehensive survey of XAl methodologies, categorizing them into model-agnostic
approaches (LIME, SHAP, Anchors), gradient-based techniques (Grad-CAM, Integrated
Gradients), and inherently interpretable architectures (decision trees, CORELS, Explainable
Boosting Machines). We systematically evaluate these methods across three critical
application domains, comparing their explanation fidelity, computational overhead, and
alignment with regulatory requirements such as the EU Al Act and GDPR's right to
explanation. Our analysis reveals that SHAP achieves the highest average fidelity score
(0.88) across domains, while inherently interpretable models offer superior transparency at
the cost of reduced capacity for modeling complex non-linear relationships. We further
identify key research gaps, including the absence of standardized evaluation benchmarks and
the challenge of balancing faithfulness with human comprehensibility. The findings inform
practical guidelines for selecting XAl techniques appropriate to specific deployment contexts
and regulatory constraints.

Keywords: - Explainable Al, Interpretability, SHAP, LIME, Grad-CAM, Healthcare Al, Trustworthy Al, Algorithmic
Transparency, Critical Systems, Machine Learning

I. INTRODUCTION

The rapid proliferation of deep learning and ensemble methods in high-stakes decision-making environments has
engendered a fundamental tension between predictive accuracy and model interpretability [1]. In healthcare, opaque
neural network architectures increasingly drive diagnostic recommendations for conditions ranging from diabetic
retinopathy to sepsis prediction, yet clinicians are unable to verify the reasoning underlying these outputs [2]. Similarly,
financial institutions deploy complex gradient-boosted ensembles for credit scoring and fraud detection, where regulatory
frameworks mandate that affected individuals receive meaningful explanations for automated decisions [3]. The
autonomous vehicle sector presents yet another dimension of this challenge, as real-time perception systems must not
only classify objects accurately but also provide auditable justifications for safety-critical maneuvers [4].

Explainable Artificial Intelligence (XAI) has emerged as a multidisciplinary research agenda seeking to bridge
this interpretability gap. Arrieta et al. [1] define XAl as encompassing "any technique that produces details or reasons to
make the functioning of Al clear or easy to understand.” This definition spans a spectrum from post-hoc explanation
methods that approximate the behavior of black-box models to inherently transparent architectures that embed
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interpretability within the model structure itself. Ribeiro et al. [5] introduced Local Interpretable Model-agnostic
Explanations (LIME), which generates locally faithful explanations by fitting interpretable surrogate models in the
neighborhood of individual predictions. Lundberg and Lee [6] subsequently proposed SHAP (SHapley Additive
exPlanations), grounding feature attribution in cooperative game theory to provide theoretically consistent importance
values.

Despite substantial progress, the field faces unresolved challenges. Rudin [7] argues provocatively that the XAl
community should "stop explaining black box machine learning models for high-stakes decisions and use interpretable
models instead." This position highlights the philosophical and practical tensions between post-hoc explanation and
inherent transparency. Doshi-Velez and Kim [8] further note the absence of rigorous, standardized evaluation frameworks
for interpretability, complicating systematic comparison across methods. The European Union's Al Act (2024) and the
General Data Protection Regulation (GDPR) Article 22 have introduced regulatory imperatives that elevate XAl from an
academic curiosity to a compliance necessity [9].

This paper contributes a structured taxonomy of XAl methods (Figure 1), a systematic cross-domain fidelity
evaluation (Figure 2), and a critical analysis of adoption patterns in healthcare, finance, and autonomous systems. We
organize the discussion around three research questions:

e How do existing XAl methods compare in terms of explanation fidelity across critical domains?
e What are the computational and practical trade-offs governing method selection?
o How well do current XAl approaches satisfy emerging regulatory requirements?

The remainder of this paper is structured as follows: Section Il reviews related work, Section Il presents the
taxonomy and methodology, Section IV discusses cross-domain evaluation results, and Section V concludes with future
research directions.

Il. RELATED WORK

The intellectual foundations of XAl predate the deep learning revolution. Early expert systems of the 1970s and
1980s incorporated rule-based explanation facilities, and Bayesian networks provided probabilistic reasoning traces that
were inherently interpretable [10]. However, the modern XAl movement gained momentum following the widespread
adoption of deep neural networks, which introduced unprecedented levels of opacity. Lipton [11] distinguished between
transparency—understanding the model's internal mechanics—and post-hoc interpretability—generating explanations
after predictions are made. This distinction remains foundational in organizing the XAl literature.

In the model-agnostic category, LIME [5] pioneered the approach of training local surrogate models on perturbed
instances to approximate black-box decision boundaries. SHAP [6] extended this paradigm by leveraging Shapley values
from cooperative game theory, guaranteeing theoretical properties of local accuracy, missingness, and consistency.
Ribeiro et al. [12] later introduced Anchors, which generate rule-based explanations with probabilistic coverage
guarantees. These methods share the advantage of applicability to any underlying model but vary substantially in
computational cost and faithfulness to the original model's reasoning.

Gradient-based methods have proven particularly effective for explaining deep neural network predictions in
computer vision. Selvaraju et al. [13] proposed Gradient-weighted Class Activation Mapping (Grad-CAM), which utilizes
gradient information flowing into the final convolutional layer to produce coarse localization maps highlighting
discriminative image regions. Sundararajan et al. [14] introduced Integrated Gradients, which satisfies axiomatic
requirements of sensitivity and implementation invariance by accumulating gradients along a path from a baseline input
to the actual input. These methods offer computational efficiency but are restricted to differentiable architectures.

The inherently interpretable paradigm, championed by Rudin [7], advocates designing models whose internal
structure is directly comprehensible. Angelino et al. [15] developed Certifiably Optimal Rule Lists (CORELS), which
optimizes rule lists with formal guarantees of optimality. Nori et al. [16] introduced Explainable Boosting Machines
(EBMs), a modern generalized additive model that achieves accuracy competitive with gradient-boosted ensembles while
maintaining feature-level transparency. These approaches eliminate the need for post-hoc explanations but face scalability
challenges with high-dimensional feature spaces.

Cross-domain evaluation of XAl methods remains sparse. Carvalho et al. [17] surveyed machine learning
interpretability but focused primarily on taxonomic classification rather than empirical comparison. Adadi and Berrada
[18] provided a comprehensive mapping study identifying 381 XAl-related publications, noting that healthcare and
autonomous driving dominate application contexts. Markus et al. [19] specifically examined XAl in medical Al, finding
that SHAP and attention-based methods are most frequently employed. Our work extends these surveys by providing a
unified fidelity evaluation framework across three critical domains.
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I1l. TAXONOMY AND METHODOLOGY
A. XAl Taxonomy

We organize XAl methods into three principal categories based on their relationship to the underlying predictive
model. Figure 1 illustrates this taxonomy with representative methods and their interpretability characteristics. Model-
agnostic methods treat the underlying model as a black box and generate explanations by probing input-output
relationships. Gradient-based methods exploit the differentiable structure of neural networks to compute feature-level
attributions. Inherently interpretable models embed transparency within the model architecture, ensuring that the
reasoning process is directly accessible without auxiliary explanation mechanisms.

Figure 1: Taxonomy of XAl methods categorized by type, with interpretability scores for representative methods in
each category.
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Table 1. Comparison of XAl Techniques by Key Characteristics
Method Type Scope Comp. Cost Faithfulness Year
LIME Model-Agnostic Local Medium Medium 2016
SHAP Model-Agnostic Local/Global High High 2017
Anchors Model-Agnostic Local Medium Medium-High 2018
Grad-CAM Gradient-Based Local Low Medium 2017
Integrated Gradient-Based Local Medium High 2017
Gradients
Decision Trees | Inherently Interp. Global Low High (self) 1986
CORELS Inherently Interp. Global High High (self) 2017
(training)
EBM Inherently Interp. Global Medium High (self) 2019

Table 1 summarizes the key characteristics of the surveyed XAl methods. Notably, model-agnostic approaches
offer the broadest applicability but incur higher computational costs due to repeated model queries. SHAP, while
theoretically grounded, requires exponential computation for exact Shapley values, necessitating approximation
algorithms such as KernelSHAP and TreeSHAP [6]. Gradient-based methods are computationally efficient for neural
networks but cannot be applied to non-differentiable models such as random forests or support vector machines.
Inherently interpretable models achieve high faithfulness by definition—the explanation is the model—but their capacity
to capture complex non-linear interactions is constrained relative to deep architectures [7].
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B. Evaluation Methodology

We evaluate XAl methods using explanation fidelity as the primary metric, defined as the degree to which the
explanation accurately represents the model's true decision process. Following the framework of Alvarez-Melis and
Jaakkola [20], fidelity is quantified by measuring the correlation between feature attributions provided by the explanation
method and the actual impact of feature perturbation on model output. For each domain, we construct representative
classification tasks:

e Healthcare—mortality prediction using the MIMIC-I11 dataset with a gradient-boosted ensemble

e Finance—credit default prediction using the German Credit dataset with a random forest

e Autonomous Systems—object classification using a subset of the KITTI dataset with a convolutional neural
network.

Each XAl method is applied to 1,000 test instances per domain, and fidelity scores are computed as the Spearman
rank correlation between attribution values and actual perturbation impacts.

IV. RESULTS AND DISCUSSION
A. Cross-Domain Fidelity Analysis

Figure 2 presents the explanation fidelity scores for six XAl methods across three critical domains. SHAP
consistently achieves the highest fidelity, with scores of 0.91 in healthcare, 0.88 in finance, and 0.84 in autonomous
systems. This superior performance is attributable to SHAP's theoretical grounding in Shapley values, which guarantees
fair distribution of prediction credit among features [6]. LIME demonstrates competitive performance in healthcare (0.82)
and finance (0.79) but exhibits lower fidelity in autonomous systems (0.74), likely due to the high-dimensional image
feature space that challenges local linear approximation.

Figure 2: XAl Method Fidelity Across Critical Domains
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Explanation fidelity scores of XAl methods across healthcare, finance, and autonomous systems domains. Higher
scores indicate greater faithfulness to the model's true decision process.

Grad-CAM achieves notably high fidelity in autonomous systems (0.86), outperforming LIME and Anchors in
this domain. This result aligns with expectations, as Grad-CAM was specifically designed for convolutional neural
networks and produces spatial attention maps that correspond naturally to object localization tasks [13]. However, its
applicability is limited to vision-based neural architectures, precluding use in tabular data settings prevalent in healthcare
and finance. Integrated Gradients demonstrates balanced performance across domains (0.80, 0.70, 0.83), benefiting from
its axiomatic foundations but occasionally producing noisy attributions for features with complex interaction effects [14].

EBM achieves strong fidelity scores in healthcare (0.88) and finance (0.85), reflecting its effectiveness with
structured tabular data. As an inherently interpretable model, its "explanation" is the model itself, eliminating
approximation error. However, its lower fidelity in autonomous systems (0.77) reflects the challenge inherent
interpretable models face in processing high-dimensional unstructured inputs. Anchors provides moderate fidelity across
domains (0.75, 0.81, 0.72), with its rule-based explanations offering high human comprehensibility but sometimes
oversimplifying complex decision boundaries [12].
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B. Domain-Specific Adoption Patterns

Table Il summarizes the current adoption landscape of XAl methods in critical domains. In healthcare, SHAP has
become the dominant explanation framework for tabular clinical data, with Lundberg et al. [21] demonstrating its utility
in explaining tree-based models for hypoxemia prediction during surgery. Grad-CAM remains the standard for medical
imaging applications, with Selvaraju et al. [13] showing its effectiveness in highlighting pathological regions in chest X-
rays. The finance sector has gravitated toward SHAP and LIME due to regulatory requirements for individual-level
explanations under GDPR Article 22 and the Equal Credit Opportunity Act [22]. In autonomous systems, gradient-based
methods dominate due to the prevalence of deep convolutional architectures in perception pipelines [23].

Table 2. XAl Adoption in Critical Decision-Making Domains

Domain Application XAl Method Key Finding Ref.

Healthcare Sepsis prediction SHAP Identified 5 critical features [21]
driving predictions

Healthcare Chest X-ray Grad-CAM Highlighted pathological [13]

diagnosis regions with 87% precision

Finance Credit scoring LIME Improved model trust among [22]
loan officers by 34%

Finance Fraud detection SHAP Reduced false positive [6]

investigation time by 28%

Autonomous | Object detection Grad-CAM Validated attention on safety- [23]
critical objects

Autonomous | Path planning SHAP Revealed speed feature [24]
dominance in decisions

Healthcare Drug interaction EBM Matched XGBoost accuracy [16]
with full transparency

Finance Risk assessment Anchors Generated auditable rule- [12]
based explanations

C. Computational Trade-offs

Computational cost represents a significant practical consideration in deploying XAl methods. Exact SHAP
computation is NP-hard, with complexity exponential in the number of features [6]. TreeSHAP reduces this to polynomial
time for tree-based models, while KernelSHAP provides a model-agnostic approximation at the cost of introducing
sampling variance. LIME requires generating and querying the model on a neighborhood of perturbed instances, with
typical implementations using 5,000 perturbations per explanation. Grad-CAM and Integrated Gradients are substantially
more efficient, requiring only a single forward and backward pass through the network. For real-time applications such
as autonomous driving, where explanation latency must remain below the system's control loop period, gradient-based
methods offer the most viable path to deployment [4].

The trade-off between computational cost and explanation quality is not merely academic. In a clinical decision
support system processing hundreds of patient records per hour, the choice between SHAP (approximately 2.3 seconds
per explanation for a 50-feature model) and LIME (approximately 1.1 seconds) may determine system throughput and
clinician adoption [21]. Inherently interpretable models like EBMs eliminate this overhead entirely, as the model's
structure is the explanation, but require careful feature engineering to achieve competitive predictive performance [16].
Organizations must therefore balance explanation quality, computational budget, and deployment constraints when
selecting XAl approaches.

D. Regulatory Alignment

The EU Al Act (2024) classifies Al systems used in healthcare, finance, and transportation as high-risk, mandating
that such systems provide sufficient transparency for users to interpret and appropriately use outputs [9]. GDPR Article
22 establishes the right not to be subject to solely automated decisions with legal effects, implicitly requiring some form
of explanation. Our analysis suggests that no single XAl method fully satisfies these regulatory requirements. SHAP
provides mathematically rigorous feature attributions but may not be comprehensible to non-technical end users. LIME
generates more intuitive local explanations but lacks global consistency guarantees. Inherently interpretable models best
align with regulatory intent but may underperform in complex classification tasks. Rudin [7] advocates for regulatory
mandates favoring inherently interpretable models in high-stakes contexts, arguing that the field's reliance on post-hoc
explanations creates a false sense of understanding.
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Recent scholarship has proposed hybrid approaches that combine inherently interpretable components with
targeted use of post-hoc explanations for complex sub-tasks. Chen et al. [25] demonstrated that concept bottleneck
models, which force intermediate representations through human-interpretable concept layers, can achieve competitive
accuracy while providing intrinsic explanations at the concept level. Such architectures represent a promising direction
for regulatory compliance, as they provide both global model transparency and local prediction explanations within a
unified framework.

V. CONCLUSION

This paper has presented a comprehensive survey and cross-domain evaluation of Explainable Artificial
Intelligence methods for critical decision-making systems. Our taxonomy organizes the XAl landscape into model-
agnostic, gradient-based, and inherently interpretable categories, each with distinct strengths and limitations. The
empirical evaluation across healthcare, finance, and autonomous systems reveals that SHAP achieves the highest average
explanation fidelity (0.88), while Grad-CAM excels specifically in vision-based autonomous systems (0.86). Inherently
interpretable models such as EBMs offer the strongest transparency guarantees for tabular data domains but face
scalability challenges with unstructured inputs.

Several critical research gaps warrant attention. First, the field lacks standardized evaluation benchmarks that
enable rigorous comparison across methods and domains, as noted by Doshi-Velez and Kim [8]. Second, the tension
between faithfulness and human comprehensibility remains unresolved—explanations that accurately capture model
behavior may be too complex for end users, while simplified explanations may mislead. Third, the computational
overhead of post-hoc methods presents practical barriers for real-time applications. Fourth, emerging regulatory
frameworks require XAl capabilities that current methods only partially provide.

Future research should prioritize the development of unified evaluation frameworks, the design of explanation
methods that adapt to user expertise levels, and the creation of hybrid architectures that combine inherent interpretability
with the representational capacity of deep learning. As Al systems assume increasingly consequential roles in society, the
ability to explain, audit, and contest algorithmic decisions transitions from a desirable property to a fundamental
requirement for responsible deployment.
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