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The rapid growth of big data and complex machine learning models—gradient-
boosted trees and deep neural networks—has produced highly accurate but opaque "black-
box" predictors across medicine, finance, and industry, making interpretability a central
concern in data analysis. SHapley Additive exPlanations (SHAP), grounded in cooperative
game theory, has become one of the most influential interpretability methods because it
provides theoretically consistent feature attributions at both the local and global levels. This
paper presents a systematic literature review of SHAP and its role in data analysis. It
synthesizes SHAP's theoretical foundations, its main implementations (TreeSHAP,
KernelSHAP, and DeepSHAP), its visualization toolkit, and its practical applications, and it
reports a compact empirical study comparing the three explainers on a clinical dataset. This
study finds that, although SHAP markedly improves transparency and decision support,
open challenges remain in computational cost, the reliability of explanations under feature
correlation, and consistency across methods. The significance of this work is twofold:
theoretically, it organizes SHAP's variants and properties within a single coherent
framework; practically, it offers data analysts a structured, evidence-based reference for
selecting and applying SHAP appropriately, thereby supporting more transparent, reliable,
and accountable model-driven decisions.

SHAP, Explainable Machine Learning, Data Analysis, Shapley Value, Feature
Attribution

In recent years, the convergence of big data and machine learning has reshaped decision-making in
medicine, finance, urban planning, and industry. High-capacity models such as XGBoost [1],
LightGBM [2], and deep neural networks deliver state-of-the-art accuracy, yet their internal
reasoning is largely inscrutable. Such "black-box" behavior raises concerns about trust, fairness,
regulatory compliance, and error diagnosis, making interpretable machine learning a research
priority [3]. Within this field, SHapley Additive exPlanations (SHAP), proposed by Lundberg and
Lee [4], unifies several earlier attribution methods under a single game-theoretic framework and
yields a unique solution with desirable consistency properties, making it one of the most widely
used explanation tools today.
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Research on SHAP has advanced along three lines: theoretical work refining and extending
Shapley-value estimation, including the exact polynomial-time TreeSHAP algorithm [5]; applied
work using SHAP for feature selection, model debugging, and decision support; and visualization
work developing summary, dependence, and force plots. However, existing studies remain
fragmented, and issues of computational cost, correlated features, and inconsistency across variants
are still unresolved.

To address this gap, this paper reviews SHAP's theoretical basis, implementations, visualization
methods, and applications, and then validates the resulting picture through a compact empirical
study before discussing the open challenges. Theoretically, it organizes SHAP's variants within a
coherent framework; practically, it offers analysts a structured reference for applying SHAP
appropriately, supporting more transparent and accountable model-driven decisions.

2. Research status at home and abroad

Research on SHAP spans three streams—theory, application, and visualization—alongside a
growing critical literature on its limitations.

2.1. Theoretical research on SHAP

SHAP derives from the Shapley value in cooperative game theory, which fairly distributes a
coalition's payoff among players by their marginal contributions [6]. Lundberg and Lee adapted this
idea to machine learning, treating features as players and showing that methods such as LIME [7]
and DeepLIFT form a single class of additive attributions whose unique solution satisfies local
accuracy, missingness, and consistency [4]. Later work improved estimation: TreeSHAP computes
exact Shapley values for tree ensembles in polynomial time [5], while studies of the independence
assumption showed that correlated features can yield misleading attributions, motivating conditional
approaches [8].

2.2. Applied research on SHAP

SHAP has been applied wherever accuracy and interpretability are both required. In medicine, it
explains clinical risk models in real time—for instance, a system predicting intraoperative
hypoxaemia and exposing its contributing factors to support anaesthesiologists [9]. In finance, it aids
credit scoring and fraud detection; in industry, fault diagnosis and quality prediction; and in urban
and environmental analysis, models of traffic, energy demand, and pollution.

2.3. Visualization research on SHAP

Research has also enriched SHAP's visualizations: summary and bar plots give a global importance
view, dependence plots reveal how a feature's effect varies and interacts, and force or waterfall plots
decompose individual predictions [5]. Recent work integrates these into interactive dashboards that
make SHAP accessible to non-specialists.

2.4. Limitations of existing research

Despite this progress, limitations persist. The literature is fragmented, with few integrative reviews
oriented toward general data-analysis practice; the reliability of explanations under feature
correlation is contested because common approximations assume independence [8]; and conceptual
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critiques argue that Shapley-value attributions may not match human-centric explanation goals and
that fixing their shortcomings adds complexity, such as the need for causal reasoning [10].

3. Theoretical foundations of SHAP
3.1. Shapley value and cooperative game theory

The Shapley value allocates the total value created by a coalition among its players [6]. Given M
players and a characteristic function v(S) assigning a worth to each subset S, player i's Shapley

value is the weighted average of its marginal contribution over all coalitions S that exclude 1i:
S|H(M—|S|-1)! \ ;. . ,
Y; = ZSQN\{Z.} % \bzgl[v(S U {z}) - v(S) \bzgr] (1)

It is the unique allocation satisfying efficiency, symmetry, the null-player property, and additivity.

In SHAP, the features are the players, v(S) is the model's expected output given only the features in

S , and the Shapley value ¢; is feature i's contribution to a prediction, distributing the gap
between the prediction and the average prediction exactly among the features [4].

3.2. SHAP explanation mechanism

Additive decomposition of a single prediction with SHAP values (illustrative)
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Figure 1. Conceptual illustration of how SHAP additively decomposes a single prediction into a base
value E[f(x)] and signed feature contributions that sum to the model output f(x). Values are
illustrative

SHAP frames an explanation as an additive feature-attribution model:
9(#’) = 0o+ LMy 127 @)

where ¢o = E[f(x)] is the base value and ¢; is the SHAP value of feature i.Lundberg and Lee
proved that requiring local accuracy, missingness, and consistency singles out the Shapley values as
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the unique solution [4]. This signed, additive decomposition lets a single prediction be read as a base
value plus positive and negative feature contributions, as illustrated in Figure 1.

3.3. Main implementations of SHAP

Since exact computation is exponential in the number of features, SHAP relies on several estimators.
KernelSHAP is model-agnostic, approximating Shapley values via a weighted linear model fitted
over feature subsets, but it is computationally costly and assumes feature independence [4].
TreeSHAP computes exact Shapley values for tree ensembles in polynomial time, making it both
fast and accurate for these widely used models [5]. DeepSHAP adapts the approach to deep neural
networks by combining SHAP with DeepLIFT-style propagation [4]. The choice among them
depends on the model type, the required accuracy, and the available computational budget.

4. Visualization and practical applications of SHAP

Having established the theory, this section turns to how SHAP is used in practice. It is organized
around the logic of tool and value: first, the visualization toolkit that turns raw attributions into
human-readable evidence, then the generic roles SHAP plays in the data-analysis workflow, and
finally its impact in two high-stakes domains.

4.1. Visualization toolkit for multi-level interpretation

SHAP values become actionable only when communicated visually. Four complementary plot
families cover the interpretive questions that arise in practice, ranging from global model
understanding to the explanation of a single decision; Table 1 summarizes what each plot solves and
where it fits best.

Table 1. The four core SHAP visualizations and the interpretive question each one answers

isualization . .
Visualizatio Core Function Adaptable Scenario
Type
Featur lobal model understanding;
. cature Aggregates absolute SHAP values to rank features and show each Glob odel u d.e standing;
importance(bar / , AR o feature screening and
feature's value distribution and effect direction .
beeswarm) reporting
Local - . . e
. Decomposes one prediction from the base value into signed feature Instance-level accountability
explanation(force o L .
contributions in high-stakes decisions
/ waterfall)
Feature Plots a feature's value against its SHAP value, optionally colored by . .
. . . ; . Diagnosing how and why a
relationship(depe ~ a second feature, to expose nonlinear, threshold, and interaction .
feature moves the prediction
ndence) effects
Interacti . . . L Explor nalysis an
te ?Ct Ve Embeds the plots above in filterable, drill-down interfaces linking po at.ory.a aysis a d
explanation(dashb . Do communication with non-
global summaries to individual cases .
oard) specialists

4.2. Generic applications in the data-analysis workflow

Beyond explaining predictions, SHAP serves as an active instrument throughout the analysis
pipeline. In feature engineering, ranking variables by their aggregated contribution guides feature
selection and dimensionality reduction, and redundant variables tend to reveal themselves through
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shared or unstable contributions; this reflects actual model behavior more faithfully than correlation-
based filters, as demonstrated when SHAP-based ranking is used to prune inputs of tree ensembles
without loss of accuracy [5]. In model diagnosis and optimization, inspecting which features drive
predictions exposes bias—such as undue reliance on a sensitive attribute—and anomalous
contributions that signal data leakage or spurious correlations, while the SHAP decomposition of
mispredicted instances helps trace the sources of error [4]. In anomaly detection, SHAP not only
flags a suspicious instance but attributes its deviation to specific features, turning an opaque
anomaly score into an auditable explanation suited to investigation and regulatory review.

4.3. Domain-specific high-stakes scenarios

The value of SHAP is clearest in domains where an unexplained decision is unacceptable. Two
representative high-stakes fields illustrate its practical effect.

Healthcare. Because clinical decisions demand justification, SHAP lets clinicians see the patient-
specific factors behind a risk prediction and weigh them against medical knowledge. In the real-time
hypoxaemia-prevention system of Lundberg et al. [9], SHAP explanations attached to the risk model
raised anaesthesiologists' ability to anticipate intraoperative hypoxaemia and exposed the
contributing factors at the moment of decision, demonstrating that interpretability can improve,
rather than merely document, expert performance.

Finance. Credit scoring, fraud detection, and risk modeling operate under strict transparency and
fairness regulations. Here, SHAP provides per-decision attributions that explain why an individual
application was approved or flagged, supporting adverse-action reasoning and audit while helping
institutions detect when a model leans on proxy or sensitive variables. In both domains, the same
property is decisive: SHAP yields explanations that domain experts can validate against prior
knowledge, which is what enables real-world adoption.

5. Empirical study: comparative analysis of SHAP variants
5.1. Experimental setup

To ground the preceding review in concrete evidence, this section reports a compact, reproducible
case study comparing the three principal SHAP explainers on a representative tabular classification
task. The Breast Cancer Wisconsin (Diagnostic) dataset [11] was used: 569 samples, 30 continuous
morphological features, and a binary (malignant vs. benign) label. The data were split into training
and test subsets with a stratified split and standardized before training. Two models of comparable
quality were trained—a gradient boosting classifier (scikit-learn [12]) and a multilayer perceptron
(PyTorch [13])—so that differences between explainers would not be confounded by differences in
model skill. The tree model was explained with TreeSHAP and the network with DeepSHAP, each
benchmarked against KerneISHAP as a common, model-agnostic reference. A fixed seed of 42, fifty
background instances, and twenty explained test instances were used throughout. The explainers
were assessed on three criteria: runtime (s), local accuracy (mean absolute reconstruction error of
the additive decomposition), and consistency with KernelSHAP (Spearman rank correlation and
Top-5 feature overlap).
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5.2. Results and analysis

Table 2 reports model performance and Table 3 compares the explainers. The two models were
essentially equivalent in predictive quality, so the comparison isolates the behavior of the explainers
themselves. Figure 2 and Figure 3 show, respectively, the global feature-importance ranking and a
representative local explanation for the tree model.

Table 2. Predictive performance of the two models on the test set

Model Accuracy ROC-AUC
GradientBoostingClassifier 0.9580 0.9925
PyTorch MLP 0.9580 0.9884

Table 3. Comparison of the SHAP explainers in runtime, local accuracy, and consistency with

KernelSHAP
Model Explainer Runtime (s)  Local-acc. MAE  Spearman  Top-5 overlap

Tree model TreeSHAP 0.0075 0.0000 — —

Tree model KernelSHAP (on tree) 1.2869 0.0000 — —
Neural network DeepSHAP 0.0405 0.0000 — —
Neural network KernelSHAP (on MLP) 1.4419 0.0000 — —

Tree model TreeSHAP vs. KernelSHAP — — 0.8861 0.8000
Neural network DeepSHAP vs. KernelSHAP — — 0.9021 0.4000

TreeSHAP global importance on the tree model
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Figure 2. TreeSHAP global feature-importance ranking on the gradient boosting model

Three findings stand out. First, the model-specific explainers were dramatically faster: TreeSHAP
ran about 171 times faster than KernelSHAP on the tree model (0.0075 s vs. 1.2869 s) and
DeepSHAP about 36 times faster on the network (0.0405 s vs. 1.4419 s), confirming that exploiting
model structure yields large computational savings [5]. Second, all four explainers achieved a local-
accuracy error of essentially zero, so the additive decomposition faithfully reproduced the model
outputs. Third, the explainers agreed strongly but not perfectly: the tree-model comparison gave a
Spearman correlation of 0.8861 and a top-5 overlap of 0.8000, whereas the network comparison
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gave a higher rank correlation (0.9021) but a lower top-5 overlap (0.4000)—the methods identified
the same principal drivers (worst concave points, worst area) while differing on the ordering of
secondary features. The global and local plots reinforce this reading: both models concentrated
importance on a small set of morphology-related variables consistent with the clinical basis of the
task.

TreeSHAP local explanation for one test instance
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Figure 3. TreeSHAP local explanation for a representative test instance, decomposing the predicted
positive-class probability into individual feature contributions

5.3. Theoretical and practical implications

Theoretically, the experiment confirms the additive-attribution guarantee in practice: zero
reconstruction error across all explainers shows that local accuracy holds empirically, and the strong
cross-method rank agreement supports the claim that the Shapley solution is a stable target that
different estimators approximate rather than redefine. Practically, the results sharpen the central
trade-off of the review. Model-specific explainers (TreeSHAP, and DeepSHAP) should be preferred
whenever the model family supports them because their speed makes repeated or large-scale
interpretation feasible; KernelSHAP remains valuable as a universal baseline but is costly in high-
dimensional or high-throughput settings. The divergence in secondary-feature ranking also warns
that explanation quality cannot be judged by a single global plot: runtime, reconstruction fidelity,
and rank consistency should all inform the choice of an explainer for a given analytical task.

6. Conclusion

This review set out to clarify how SHAP improves the transparency of modern machine-learning
models and where its use remains limited. Drawing the threads together, three core findings emerge.
First, SHAP rests on an unusually firm theoretical footing: by transferring the Shapley value from
cooperative game theory to model interpretation, it produces additive feature attributions that
uniquely satisfy local accuracy, missingness, and consistency, which is what distinguishes it from
earlier, heuristic explanation methods. Second, this single foundation supports a practical ecosystem
—model-agnostic and model-specific estimators paired with a coherent family of visualizations—
that lets the same conceptual explanation serve feature engineering, model diagnosis, anomaly
detection, and high-stakes decision-making in fields such as medicine and finance. Third, our
empirical study showed that these promises hold in practice while exposing meaningful differences
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among variants: the explainers reconstructed model outputs exactly and agreed on the dominant
predictive signals, yet the model-specific methods were one to two orders of magnitude faster than
the model-agnostic baseline and the variants diverged on secondary-feature rankings.

Several challenges nonetheless remain open. Computing exact attributions is expensive for
model-agnostic estimation on high-dimensional data; the common assumption of feature
independence can distort attributions when features are correlated; different variants and background
choices can yield inconsistent results that hinder reproducibility; and Shapley attributions describe
statistical association rather than causal effect, so they may not always match a human user's
intuitive notion of an explanation.

These open problems point to clear directions for future work. Priority should go to more
efficient and dependence-aware estimators that relax the independence assumption without
prohibitive cost, to standardized protocols for evaluating explanation quality so that methods can be
compared on more than visual appeal, and to a closer integration of causal reasoning so that
attributions can speak to intervention rather than mere correlation. Pursued together, these advances
would allow SHAP to deliver explanations that are not only consistent and faithful but also
reproducible and genuinely useful for human decision-making.
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