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ABSTRACT. The feature attribution methods have become central to explain-
able artificial intelligence (XAI), providing critical insights into how machine
learning (ML) models make individual and aggregate decisions. This survey
presents a complete taxonomy of feature attribution techniques, organizing
them into model-agnostic and model-specific categories while highlighting ex-
tensions such as rule-based and attention-based explanations. We analyze for-
mal definitions of each method, mathematical formulations, application con-
texts, strengths, and limitations. A comparative analysis highlights key trade-
offs among model flexibility, computational cost, explanation fidelity, and in-
terpretability. In addition to theoretical perspectives, we provide practical
comparisons of selected methods on benchmark tasks to guide real-world ap-
plicability. The emerging trends toward global interpretability, hybrid attri-
bution approaches, and human-centered evaluation frameworks are discussed.
This survey synthesizes current advancements and presents future directions
for developing scalable, robust, and user-aligned feature attribution methods
to advance responsible and transparent Al.
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1. INTRODUCTION

Over the last decade, explainable AT (XAI) has increasingly focused on methods
that shed light on the inner workings of complex black-box machine learning
(ML) models [1]. One of the most influential directions within XAI is feature
attribution, which assigns an importance score to each input feature for a specific
prediction [11]. The principal goal of these approaches is to clarify how much
each feature has contributed to the final model output for a given test instance.
Most feature attribution methods are post-hoc, applied after model training,
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and local, targeting individual predictions and typically producing feature-based
explanatory summaries for user inspection [2].

While local feature attribution methods focus on explaining individual model
predictions, broader understanding often requires global explanations that sum-
marize feature importance or decision behavior across an entire dataset. Overall
explanations, such as global substitute models and aggregated feature importance
scores, help uncover general model behavior. This can promote institutional trust
and ensure adherence to ethical or regulatory frameworks.

Despite substantial progress, feature attribution remains an open research chal-
lenge. The current methods suffer from instability under input perturbations,
high computational overhead for complex models, and sensitivity to feature cor-
relations. Moreover, there is a lack of standardized evaluation criteria to assess
explanation quality. A further challenge is designing explanations that are techni-
cally rigorous, intuitive, and accessible to diverse end-users. These concerns are
especially critical in high-stakes domains such as healthcare, finance, and law,
where transparent and accountable Al decision-making is essential.

Beyond these domains, feature attribution methods hold substantial promise
across core areas of computer science. In software engineering, they support de-
bugging and model auditing by identifying failure-inducing inputs. In cybersecu-
rity, attribution techniques help localize anomalous patterns in intrusion detection
systems. Natural language processing (NLP) applications benefit from feature at-
tribution in tasks such as sentiment analysis, named entity recognition (NER),
and question answering, where token-level relevance enhances interpretability. In
computer vision, techniques such as Grad-CAM and Layer-Wise Relevance Prop-
agation (LRP) facilitate visual validation in medical diagnostics, surveillance, and
autonomous systems. These applications highlight the growing role of attribution
methods in building responsible, traceable, and human-aligned Al systems.

Explanation from AI systems forms the foundation for accountability, trans-
parency, and ultimately, trust. Without trust, the deployment of Al systems
risks limited adoption and potential misuse. Recognizing this critical concern,
this paper surveys the current state of practice in XAI, with a particular focus on
feature attribution methods as a cornerstone of interpretable machine learning.

In this survey, we systematically organize feature attribution techniques into a
comprehensive taxonomy of model-agnostic and model-specific approaches. We
analyze the formal foundations, mathematical formulations, strengths, limita-
tions, and application contexts associated with each method. Finally, we highlight
key trade-offs in explainability research and propose future directions to advance
the development of practical, scalable, and user-centered attribution techniques.

2. PROPOSED TAXONOMY OF FEATURE ATTRIBUTION METHODS

The feature attribution methods in XAI can be systematically organized under
two primary dimensions: model-agnostic and model-specific approaches. The
grouping of attribution techniques along these axes is crucial for understanding
their trade-offs in generality, computational efficiency, explanation fidelity, and
scalability.
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The model-agnostic methods prioritize flexibility by treating the model as a
black-box oracle, depending solely on input-output queries to generate expla-
nations. In contrast, model-specific methods utilize internal gradients, reference-
based comparisons, or specialized architectural structures (often within deep neu-
ral networks (DNN)) to produce more direct, architecture-aware attributions.

This organization is visually presented in Figure 1, which highlights the pri-
mary categories and subcategories of feature attribution methods. Within model-
agnostic approaches, methods such as Local Interpretable Model-Agnostic Expla-
nations (LIME) and Shapley Additive exPlanations (SHAP) show local surrogate
modeling and Shapley-value-based attribution, respectively. Also, high-precision
rule-based methods such as Anchors [9] extend the model-agnostic paradigm by
generating decision rules that reliably capture local model behavior.
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F1GURE 1. Hierarchical taxonomy of feature attribution methods,
divided into model-agnostic and model-specific approaches.

The model-specific category covers gradient-based saliency maps, reference-
based backpropagation methods (e.g., Integrated Gradients and DeepLIFT), Layer-
Wise Relevance Propagation (LRP), Grad-CAM for convolutional neural net-
works (CNNs), and activation-based attention explanations used extensively in
transformer models. It is important to note, however, that attention-based ex-
planations remain a subject of debate regarding their reliability and interpretive
validity [13, 14].

While Figure 1 presents a strict hierarchical organization, Figure 2 comple-
ments it by showing conceptual overlaps between model-agnostic and model-
specific methods. In particular, certain gradient-based attribution techniques,
such as Integrated Gradients and DeepLIFT, show characteristics that link both
categories, blending theoretical properties from model-agnostic approaches with
operational mechanisms from model-specific methods.

Although this taxonomy primarily focuses on local, instance-specific expla-
nation techniques, broader global interpretability strategies, capturing general
model behaviors, are also a critical area of research and are discussed in subse-
quent sections.
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FiGure 2. Conceptual relationships among feature attribution
methods. Overlaps highlight hybrid characteristics between model-
agnostic and model-specific approaches.

3. MODEL-AGNOSTIC METHODS

The model-agnostic feature attribution methods intend to explain model pre-
dictions without requiring access to internal model parameters or architectures.
By depending solely on the input-output behavior of the model, these methods
offer broad applicability across diverse model types, including black-box systems.
However, this flexibility often comes at the cost of computational efficiency and
may introduce stability challenges due to sampling-based approximations.

Figure 3 shows the operational workflows fundamental several major feature
attribution methods discussed in the following sections, including LIME, SHAP,
Saliency Maps, and Grad-CAM.

3.1. LIME: Local Interpretable Model-Agnostic Explanations. One of
the best-known model-agnostic methods is LIME [3]. LIME explains individual
predictions by approximating the local decision boundary of a complex classifier
or regressor with an interpretable substitute model. Formally, for a black-box
model f and an instance z, LIME fits a simpler model g € G (often a sparse
linear model) that optimizes a locality-weighted loss function plus a complexity
penalty:

{(z) = arg rgréig L(f, g,m) + Q(g),

where 7, defines a locality kernel around z, and €2(g) penalizes model complexity.

In practice, LIME proceeds by randomly varying the features of = to generate
a synthetic neighborhood of samples, querying the black-box model f to obtain
predictions, weighting them by their similarity to x, and fitting an interpretable
substitute model to approximate f locally. The feature coefficients of the substi-
tute model are then interpreted as feature importances for the prediction.
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F1GURE 3. Operational Frameworks of Major Feature Attribution
Methods: Processes for Model-Agnostic and Model-Specific Tech-
niques.

LIME works well with different types of data: tables, text (by changing words),
and images (by changing groups of pixels). It is considered highly interpretable,
as explanations typically highlight a small set of influential features [2]. However,
LIME can suffer from instability due to its random sampling strategy, and its
local linear approximations may fail to capture highly nonlinear decision bound-
aries. Also, its computational cost grows with the complexity of the model and
the number of samples needed for reliable approximation, presenting scalability
challenges for large datasets and deep architectures. The extensions, such as An-
chors [9], have been proposed to improve stability and precision by producing
high-confidence if-then rule explanations.

Despite its popularity, evaluating the fidelity and robustness of LIME explana-
tions remains an open challenge, motivating ongoing research into more principled
evaluation metrics [15].

3.2. SHAP: Shapley Additive Explanations. Another widely adopted model-
agnostic framework is SHAP [4], which unifies several feature attribution methods
under the theoretical umbrella of Shapley values from cooperative game theory.
The Shapley values provide a principled way to distribute a payout (the prediction
of the model) among all input features by averaging each marginal contribution
of the feature across all possible feature subsets. SHAP frames the explanation
as an additive model:

M
9() = o0+ 67,
=1

where 2’ is a binary vector indicating the presence or absence of features, and
¢; denotes the Shapley value corresponding to feature ¢. Formally, the Shapley
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value for feature 7 is defined as:

o= Y BREIZDN G g0 - 109),
SCN\{i}

where N is the complete feature set, and f,(S) denotes the model output when
only features in S are present.

SHAP provides strong theoretical guarantees, including properties such as local
accuracy, missingness, and consistency [2]. Multiple specialized SHAP variants
have been proposed: KernelSHAP for general models via sampling, TreeSHAP for
exact computations in tree ensembles [16], DeepSHAP for DNN, and LinearSHAP
for linear models.

Despite its theoretical strengths, SHAP suffers from high computational com-
plexity, particularly when applied to models with large feature spaces. The ap-
proximate techniques, such as Kernel SHAP, still demand numerous model evalua-
tions, and naive sampling can produce unrealistic feature combinations. However,
optimizations such as TreeSHAP [16] have dramatically improved the feasibility
of SHAP for specific model classes such as gradient-boosted trees.

Moreover, SHAP values can be sensitive to feature correlations, sometimes
leading to unintuitive or misleading attributions. Addressing this sensitivity re-
mains an active research topic. As with LIME, the objective evaluation of SHAP
explanations, particularly under criteria such as stability, informativeness, and
user trust, continues to present significant challenges for the explainable Al com-
munity [15].

4. MODEL-SPECIFIC METHODS

While model-agnostic methods offer broad applicability across arbitrary model
types, model-specific approaches exploit internal gradients, activations, or ar-
chitectural features to produce more efficient and faithful explanations. These
methods often require significantly fewer model evaluations and produce insights
more directly tied to the inner workings of the model. However, their reliance on
model internals limits their generalizability across different architectures. Most
model-specific techniques focus primarily on local, instance-specific explanations,
although emerging adaptations seek to extend them toward global interpretabil-

ity.

4.1. Gradient-Based Saliency Maps. Saliency maps, first introduced by Si-
monyan et al. [12], explain CNN-based image classifiers by computing the gradient
of a specific output class score with respect to the input features. Let S.(z) be
the score for class ¢ and x; be the i-th feature. The saliency map at feature z; is
given by
0S.(z)

8@- ’
A large gradient magnitude indicates that small changes in z; substantially affect
the class score, implying that x; is important. These gradients are visualized as
heatmaps over image pixels or as importance overlays in text embeddings [12].

Ri:
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Saliency maps are computationally efficient, typically requiring only a single
backward pass. However, they reflect only local sensitivity and are often highly
noisy. Saturated regions can result in misleadingly low gradients for important
features [12]. Refinements such as SmoothGrad [17] (noise-averaged gradients)
and Guided Backpropagation [18] (selective gradient flow) attempt to improve
clarity. Nevertheless, vanilla saliency maps lack completeness and can fail to
capture global feature interactions.

4.2. Integrated Gradients. Integrated Gradients (IG) [5] addresses shortcom-
ings of plain gradients by integrating the gradient along a linear path from a
baseline input (9 to the actual input z. For a model F and feature i:

1Gi(2) = (21 — %(-0)) y /1 OF (20 + a(z — 2©))

do.
a=0 a.fEZ @

This integral is numerically approximated (e.g., via Riemann sums). IG satisfies
completeness: the total attributions sum to F(x) — F (). However, the robust-
ness of the method depends on an appropriate choice of baseline, which remains
an open research problem.

4.3. DeepLIFT. DeepLIFT [6] decomposes the difference between the output
at = and at a reference (¥ into contributions from each input feature:

Z C; = F(z) — F(z©).

Instead of integrating gradients, DeepLIFT propagates contribution scores using
rules such as Rescale and RevealCancel, handling nonlinearities effectively. Al-
though DeepLIFT is efficient and intuitive, it is not implementation-invariant,
meaning mathematically equivalent networks can produce different attributions.
Despite this, it has shown strong practical performance, particularly in sensitive
domains such as genomics [6].

4.4. Layer-Wise Relevance Propagation (LRP). Layer-Wise Relevance Prop-
agation (LRP) [7] traces a model’s prediction backward through the network lay-
ers by distributing relevance scores. For a neuron k receiving inputs from neurons
7, the relevance is computed as:

Zik
R=Y <2 R,
J gz.ﬂ Z]/k+€

where z;, = xjwj;, and e stabilizes the denominator. LRP conserves total rele-
vance across layers, making it interpretable and suitable for visual tasks. How-
ever, different propagation rules (e.g., a-f) and network variants can affect the
resulting heatmaps.

4.5. Grad-CAM: Gradient-Weighted Class Activation Mapping. Grad-
CAM [8] explains CNN decisions using heatmaps that highlight important image
regions. It computes the gradient of the target class score for the activations Afj
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of a convolutional layer, averages these gradients globally to obtain weights oy,
and computes:

Lérad—CAM@? j) = ReLU <Z akAZ) :
k

Grad-CAM highlights spatial regions most influential for predictions but pro-
vides low-resolution outputs tied to the convolutional feature map’s granularity.
It remains architecture-specific (CNNs) and primarily emphasizes positively con-
tributing regions.

4.6. Attention-Based Explanations. Attention mechanisms, prevalent in mod-
ern natural language processing (NLP) and vision models, naturally suggest in-
terpretability by weighting input tokens or regions. It is tempting to interpret
raw attention scores as feature importance indicators. However, as emphasized
in Attention Is Not Explanation [13], attention weights may not reliably reflect
causal influence: different attention configurations can produce identical outputs.
Belinkov [10] offers a more precise view, suggesting that attention mechanisms
can sometimes serve as an approximation.

Recent research proposes hybrid approaches that combine attention with at-
tribution methods, such as gradient-attention products or attention-weighted
saliency, to improve faithfulness. As exploratory tools, attention-based expla-
nations offer insights into model behavior but should not be considered definitive
proof of the model’s reasoning process.

Despite their strengths, model-specific explanation methods also face chal-
lenges, including sensitivity to model modifications, instability under input changes,
and the lack of standardized evaluation criteria. Developing robust, human-
centered evaluation metrics remains a key area of future research.

5. COMPARATIVE ANALYSIS AND DISCUSSION

Table 1 compares major feature attribution methods according to their model-
agnosticism, explanation form, computational cost, and fidelity to the underlying
model.

The trade-offs among these methods reflect fundamental tensions in XAI re-
search: balancing interpretability, computational efficiency, and fidelity to model
internals. For tabular data, additive substitute models, such as LIME and SHAP
are often preferred due to their intuitive outputs. In computer vision, gradient-
based and relevance propagation methods, such as Saliency Maps, LRP, and
Grad-CAM, provide spatially meaningful heatmaps. In NLP, attention-based
methods offer lightweight interpretability, albeit with caution regarding their re-
liability.

While model-agnostic methods offer broad applicability, they are often com-
putationally expensive and sensitive to sampling variations. The model-specific
methods utilize architectural insights for efficient, faithful explanations, but are
tied to particular model types.

The future work should focus on integrating local and global explanations,
enhancing robustness against input changes, developing standardized evaluation
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TABLE 1. Comparison of feature attribution methods across key dimensions.

Method Model- Explanation Form Comp Cost  Fidelity to Model
Agnostic?

LIME Yes Local substitute Medium Moderate: depends

model (linear) on local linearity and
sampling [?]
SHAP Yes Shapley values High High: strong theoreti-
cal guarantees [2]

Saliency No Gradients as impor- Low Low: sensitive to local

(Gradient) tance scores gradients [12]

Integrated No Path-integrated gradi- Medium High: satisfies com-

Gradients ents pleteness [5]

DeepLIFT No Difference-from- Low High: decomposes
baseline attribution output differences [(]

LRP No Layer-wise relevance Low High: conserves rele-
heatmap vance [19]

Grad- No (CNN- Spatial heatmap (pos- Low Moderate: coarse but

CAM specific) itive regions) intuitive [3]

Attention  No Attention distribution Very Low  Low: proxy for feature

Weights (Transformer- importance [13]

specific)

metrics for interpretability, and designing user-centered visualization techniques

that foster trust and accessibility in Al explanations.

6. PRACTICAL COMPARISON OF SELECTED FEATURE ATTRIBUTION

METHODS

While theoretical properties of feature attribution methods are well-studied,

practical behavior often varies depending on task characteristics, model architec-
tures, and user expectations. To enhance the applied relevance of this survey,
we briefly compare selected pairs of attribution methods based on commonly
observed patterns in benchmark tasks such as text and image classification.

6.1. SHAP vs. LIME: Model-Agnostic Local Explanations. SHAP [/]
and LIME [3] are two of the most widely adopted model-agnostic methods for
explaining individual predictions.

SHAP provides theoretically grounded attributions by computing Shapley val-
ues, ensuring properties such as local accuracy and consistency. In practice,
SHAP explanations tend to be more stable across variations and better cap-
ture feature interactions, especially when applied to text or tabular classification
tasks [4, 2]. However, SHAP often experiences significant computational over-
head due to the combinatorial nature of Shapley value estimation, particularly in
high-dimensional spaces. LIME approximates local decision boundaries using a
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simpler, interpretable model, often a sparse linear regressor. While computation-
ally efficient and providing intuitive explanations, LIME can be unstable, produc-
ing varying feature importance across repeated runs on the same instance [3, 15].
Also, the fidelity of LIME depends on the local linearity assumption, which may
not hold in highly nonlinear models. On benchmark datasets such as the IMDB
Sentiment Analysis [3], SHAP produces smoother, more consistent feature im-
portance profiles than LIME, although at a greater computational cost.

6.2. Integrated Gradients vs. DeepLIFT: Deep Model Interpretability.
IG [5] and DeepLIFT [6] are two model-specific methods designed to explain
predictions of DNN through baseline comparisons.

IG computes feature attributions by integrating gradients along a straight-line
path from a baseline input to the actual input, ensuring axiomatic properties such
as completeness. While IG is theoretically robust, the quality of explanations
depends critically on the choice of baseline; inappropriate baselines can result in
misleading attributions [5].

DeepLIFT, in contrast, propagates activation differences through the network
using specific rules, avoiding the need for numerical integration. It provides effi-
cient and stable attributions but sacrifices implementation invariance: equivalent
network representations may produce different explanations [6].

In image classification benchmarks such as MNIST and CIFAR-10 [17], DeepLIFT
tends to generate sharper, more localized heatmaps, while IGs often produce
smoother, more distributed attribution patterns. Both methods offer strong fi-
delity to model behavior but differ in computational demands and sensitivity to
network structure.

6.3. Practical Implications and Future Directions. These practical com-
parisons show that no single feature attribution method universally dominates
across tasks and domains. The researchers and practitioners must balance fac-
tors such as explanation fidelity, computational cost, stability, and interpretability
requirements when selecting appropriate methods. In high-stakes applications,
cross-validating insights using multiple attribution techniques is advisable to mit-
igate risks associated with instability or incomplete explanations. A complete em-
pirical benchmarking of attribution methods across diverse models and datasets
remains an important direction for future work, further bridging theoretical guar-
antees and practical usability in explainable Al.

7. CONCLUSION

The feature attribution methods have become essential tools for understand-
ing the decision-making processes of machine learning (ML) models, particularly
as these models are increasingly deployed in sensitive domains requiring trans-
parency and accountability. The model-agnostic approaches, such as LIME [3]
and SHAP [4], have placed the groundwork for local explanations by relying
solely on input-output behavior. Meanwhile, model-specific techniques, includ-
ing saliency maps, Integrated Gradients [5], DeepLIFT [6], Layer-Wise Relevance
Propagation [7], and Grad-CAM [8], have utilized internal network structures
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to provide more efficient and faithful attributions. The attention-based expla-
nations [13] offer an additional interpretability perspective, though their validity
remains a topic of active debate.

In practice, the choice of attribution method should be guided by domain re-
quirements, data modality, computational constraints, and desired explanation fi-
delity. In high-stakes settings, cross-validating explanations using multiple meth-
ods is advisable to mitigate the risks of instability, incompleteness, or misleading
attributions. As discussed in this survey, both theoretical trade-offs and practical
behaviors, such as those observed in benchmark comparisons of SHAP vs. LIME
and Integrated Gradients vs. DeepLIFT, must inform method selection.

While progress has been made, unifying local and global explanations remains
key to complete transparency. Standardized, rigorous evaluation metrics are also
needed to assess explanation fidelity, stability, and usability across diverse users
and contexts. Ultimately, human-centered interpretability is paramount, ensuring
explanations are accessible, actionable, and meaningful to all stakeholders.

The continued advances in attribution techniques, evaluation frameworks, and
user-centered design practices will cement feature attribution as a cornerstone for
building Al systems that are not only powerful but also responsible, trustworthy,
and aligned with societal values.
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