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Abstract  

 

Decision Support Systems (DSS) in healthcare and finance increasingly rely on SHAP 

and LIME to mitigate the "black box" problem of machine learning models. While 

traditional research focuses on algorithmic mechanics, this paper provides a data-

centric literature review. It shifts the focus from the internal logic of the explainer to how 

intrinsic data characteristics and preprocessing decisions shape the resulting output. 

The review identifies critical vulnerabilities linked to feature dependence, where 

collinearity leads to marginalization failures and "attribution splitting". It further examines 

data quality gaps, specifically how imputation artifacts act as confounding factors that 

can lead explainers to highlight reconstructed values rather than observed evidence. 

Additionally, the paper addresses how class imbalance and synthetic resampling distort 

decision boundaries, while sampling stochasticity introduces instability through out-of-

distribution perturbations. Security and privacy concerns are also explored, including 

adversarial manipulation and membership inference attacks facilitated by specific 

attribution patterns. 

Understanding these data-driven limitations is particularly essential for data scientists 

and AI practitioners to interpret models outputs reliably before deployment. 

Ultimately, this work argues that the fidelity of an explanation is inextricably linked to the 

underlying data distribution. Achieving robust and trustworthy explainability is a 

fundamentally data-driven challenge that requires the development of data-aware XAI 

methods and standardized evaluation protocols. 

To understand this shift, consider that a machine learning explanation is like a 

photograph of a landscape; its clarity depends less on the camera's brand (the 

algorithm) and more on the weather conditions and terrain (the data) being captured.  

                   Keywords: Explainable AI (XAI), SHAP and LIME, Data-Centric Review, 
Tabular Data, Decision Support Systems (DSS) 
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1.0 Introduction 

Decision Support Systems (DSS) rely heavily on structured and semi-structured data stored in 

tables, spreadsheets, databases, and data warehouses. Across domains such as healthcare, 

finance, and business, tabular data serve as the backbone of DSS operations, enabling 

informed decision-making and predictive analytics (Guan et al. 2025). The adoption of machine 

learning (ML) models in high-stakes DSS has been rapidly increasing, particularly in data-rich 

sectors like healthcare and finance, where predictive insights can have critical consequences 

(Batko and Ślęzak 2022; Černevičienė and Kabašinskas 2024; Weber et al. 2024). 

However, the growing complexity of AI models often leads to the "black box" problem, where 

the internal logic behind predictions is opaque to human users. This lack of transparency 

undermines trust, accountability, and regulatory compliance, posing a major barrier to broader 

adoption in clinical and financial contexts (Kabir et al. 2025). 

To address this challenge, Explainable AI (XAI) techniques have been developed to illuminate 

the decision-making processes of complex models. Among these, SHAP (SHapley Additive 

exPlanations) and LIME (Local Interpretable Model-agnostic Explanations) are the most widely 

used. As model-agnostic, post-hoc explanation methods, they are valued for their flexibility and 

are commonly applied to models trained on tabular data (Salih et al. 2025; Martens et al. 2025). 

Despite the prevalence of tabular data in DSS, most XAI methods—including SHAP and 

LIME—are not specifically designed for this data type (O’Brien Quinn et al. 2024). Unlike 

reviews that focus primarily on algorithmic innovations, this work adopts a data-centric 

perspective to address a central yet often overlooked question: How do the inherent 

characteristics of tabular data—and the preprocessing decisions made by practitioners—affect 

the reliability, stability, and interpretability of SHAP and LIME explanations? By examining 

features such as correlations, sparsity, and preprocessing choices, this review highlights data-

related limitations that purely algorithm-focused studies often overlook. 

This paper proceeds by defining the data-centric approach and outlining its scope, followed by 

a detailed examination of the methodological foundations of SHAP and LIME. It then 

systematically analyzes key data-related challenges, including feature dependence, data 

quality, and class imbalance, before presenting a comparative evaluation and summarizing 

common evaluation frameworks. Finally, the review concludes with key findings and directions 

for future research, emphasizing that the fidelity of an explanation depends not only on the 

algorithm but also on the characteristics of the data it interprets. 

1.1 What We Mean by a Data-Centric Review 

This review adopts a data-centric perspective, diverging from a method-centric approach that 

prioritizes algorithmic variations, computational performance, or visualization techniques. The 



 

3 

 

focus is shifted from “How does the explainer work?” to “How does the data shape the 

explainer’s output?” 

The analysis is structured along three axes: 

• Data Properties: How do intrinsic data characteristics such as feature dependence, 
class imbalance, and overall data quality influence the stability and faithfulness of 
SHAP and LIME explanations? 

• Preprocessing Choices: What is the impact of common data handling strategies, 
including missing value imputation, on the resulting explanations? 

• Sampling Strategies: Impact of perturbation and neighborhood generation—the core 
techniques in LIME and KernelSHAP—on explanation fidelity and robustness. 

The following table provides a clear contrast between a traditional method-centric review and 

the data-centric focus of this paper. 

Table 1. Method-Centric vs. Data-Centric Perspectives in XAI Literature Reviews 

Data-Centric Review (This 

Paper) 
Method-Centric Review Axis 

Properties of input data and 

interactions 

Variants of SHAP/LIME 

algorithms and their 

mathematics 

Unit of 

Analysis 

How does the data shape the 

explainer’s output? 

How does the explainer 

algorithm work? 

Central 

Question 

Explanation stability, 

reliability, robustness to data 

shifts 

Computational performance, 

algorithmic efficiency 

Evaluation 

Focus 

Preprocessing pipelines, data 

sampling strategies 

Algorithm pseudocode, 

performance benchmarks 
Key Artifacts 

 

1.2 Review Scope and Methodology 

This paper presents a narrative, targeted literature review aimed to synthesize key themes, 

challenges, and insights from existing research on SHAP and LIME applied to tabular data 

within Decision Support Systems (DSS), with a focus on healthcare and finance, where 

explainability is a critical requirement. The scope is deliberately narrow to ensure depth, 

emphasizing post-hoc explanation methods rather than algorithmic variants or performing an 

exhaustive systematic search. 

Relevant literature was selected through a structured methodology applied to peer-reviewed 

articles, conference proceedings, and influential pre-prints. Sources were drawn from Google 
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Scholar, IEEE Xplore, ACM Digital Library, PubMed, Scopus, and ScienceDirect, using 

keywords such as “Explainable Artificial Intelligence,” “XAI,” “survey,” and “tabular data”. 

Inclusion criteria prioritized studies that applied SHAP or LIME to real-world or realistic 

synthetic tabular datasets, particularly in healthcare and finance, or critically evaluated these 

methods with respect to input data characteristics. 

 
2.0 Methodological Foundations of SHAP and LIME 

To fully comprehend the data-centric challenges that SHAP and LIME face in real-world 

Decision Support Systems (DSS), it is strategically important to first understand their core 

mechanics. Both methods aim to explain black-box model predictions but rely on distinct 

theoretical frameworks that introduce specific vulnerabilities when applied to complex tabular 

data. 

2.1 LIME: Local Interpretable Model-agnostic Explanations 

LIME (Local Interpretable Model-agnostic Explanations) explains individual predictions by 

approximating the black-box model locally with an interpretable surrogate, typically a linear 

model (Arunraju Chinnaraju 2025; Amith Kumar Reddy 2024). It generates a neighborhood of 

perturbed samples around the instance, predicts outcomes using the original model, weights 

samples by proximity, fits a simple model to derive feature contributions, and the explanation 

for the resulting prediction is derived from the coefficients or rules of this local surrogate model 

(Wehner et al. 2025).  

LIME’s model-agnostic nature has valued it as being broadly applicable to any underlying ML 

model (Amith Kumar Reddy 2024), but its reliance on random perturbations can lead to 

unstable explanations, posing challenges for reliability in high-stakes DSS (Arunraju Chinnaraju 

2025). 

2.2 SHAP: SHapley Additive exPlanations 

SHAP (SHapley Additive exPlanations) uses cooperative game theory to assign each feature a 

Shapley value representing its contribution to a prediction relative to a baseline (Amith Kumar 

Reddy 2024). Its key properties—local accuracy, missingness, and consistency—ensure 

theoretically sound and reliable explanations (Suffian et al. 2022). 

Exact Shapley value computation is NP-hard; practical approximations, such as KernelSHAP, 

apply a weighted linear regression based on the Shapley kernel. This approach preserves 

theoretical guarantees while remaining model-agnostic, but computational complexity and 

sensitivity to feature correlations can challenge its application in DSS with tabular data 

(Kolpaczki et al. 2025; Janzing et al. 2019). 

2.3 Summary 

Both LIME and SHAP offer interpretable insights for complex models, yet their operational 

assumptions—local linearity for LIME and additive feature contributions for SHAP—can 
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exacerbate challenges inherent in real-world tabular DSS (Amith Kumar Reddy 2024; Salih 

2024b). 

 

3.0 Data-Centric Vulnerabilities in SHAP and LIME Explanations 

While the methodological foundations of SHAP and LIME are theoretically grounded in game 

theory and local surrogacy respectively, their practical reliability is heavily mediated by the 

characteristics of the input data (Arunraju Chinnaraju 2025; Ahmed et al. 2025). An explanation 

method cannot be evaluated in a vacuum; its performance is inextricably linked to the data 

distribution it seeks to interpret. This section systematically categorizes how common properties 

of data—ranging from structural dependencies to quality degradation—introduce instability, 

unreliability, and potentially misleading interpretations (Arunraju Chinnaraju 2025; Slack et al. 

2020; Mesinovic et al. 2023; Carmichael and Scheirer 2023; Roberts et al. 2022). 

3.1 Feature Dependence and the Collinearity Trap 

A fundamental vulnerability of both SHAP and LIME is the assumption of feature independence, 

which is rarely met in real-world observational data (Ortigossa et al. 2024). Marginalization 

Failure occurs because KernelSHAP simulates a feature’s "absence" by sampling from its 

marginal distribution, which is valid only when features are uncorrelated. In the presence of 

collinearity—such as between systolic and diastolic blood pressure—this process generates 

unrealistic, off-manifold instances within the coalitions (Salih et al. 2025; Mesinovic et al. 2023; 

Ortigossa et al. 2024; Kumar et al., n.d.). Attribution Splitting arises when collinearity causes 

SHAP to divide importance scores among correlated variables, obscuring the true influence of a 

single driver. In contrast, LIME’s local linear model interprets feature weights as isolated 

effects, assuming other features remain constant—an assumption violated in highly dependent 

feature spaces where variables co-vary (Salih 2024b; 2024a; Ning et al. 2022). Instability 

Metrics such as the Normalized Movement Rate (NMR) and Modified Index Position (MIP) 

have been proposed to measure how collinearity induces fluctuations or inconsistent reordering 

of feature rankings across models (Ahmed et al. 2025; Kumar, n.d.; Doumard et al., n.d.). 

3.2 Imputation Artifacts and Missing Data Mechanisms 

The interpretability process is often a "black box" that includes the model-imputer pipeline, yet 

explanations are frequently misinterpreted as being of the model alone (Rudin 2019; Cappiello 

et al., n.d.). From a data centric perspective, missing data handling alters the statistical identity 

of the dataset by reshaping variance, dependencies, and latent structure. These data-level 

transformations act as confounding factors for explainability, as imputation methods attribute 

importance to patterns that may originate from reconstructed or inferred values rather than 

observed evidence. The Confounding Variable arises from the choice of imputation (Mean, 

MICE, or Deep Learning), which can influence the decision boundaries perceived by the 

explainer  (Golchian and Wright 2025). Mean imputation may reduce variance and make 

informative features appear less important, MICE generally preserves inter-feature relationships 
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but introduces some uncertainty, and deep learning – based imputers can create synthetic 

patterns that might be highlighted by XAI (Cappiello et al., n.d.). If a dataset does not account 

for complex missingness mechanisms like Missing Not At Random (MNAR), the resulting 

explanations may reflect proxies for missingness rather than the underlying predictive 

relationships (Thomas et al. 2022). Quality Gaps are evident in surveys showing that many 

studies across clinical research, finance, and AI fail to report or justify missing data and rarely 

document their handling strategies. This lack of  detailed dataset descriptions and explanation 

protocols compromise the generalizability and faithfulness of the subsequent explanations (Xin 

et al. 2025). 

3.3 Class Imbalance and Decision Boundary Distortion 

When the data distribution is imbalanced, models often underperform on the minority class, a 

common issue in fraud detection and rare disease diagnosis. This prompts the use of 

resampling techniques (e.g., SMOTE), which fundamentally reshape the data landscape and 

affect XAI interpretations (Ahmed et al. 2025; 2025; Keerthana et al. 2025; Vivek et al. 2024). 

These synthetic boundary shifts introduce artificial examples that modify the model’s 

decision boundaries, causing feature attributions or explanations to reflect patterns learned 

from the synthetic data rather than the original imbalanced distribution, which can mislead 

interpretation and downstream decision-making (Li et al. 2022; Shuvo et al. 2025). 

3.4 Sampling Stochasticity and OOD Perturbations 

The reliability of explanations is highly sensitive to the sampling strategy used to define the 

"local neighborhood" (Amparore et al. 2021; Jesus et al. 2021). LIME, in particular, is affected 

by randomized sampling variance, where minor changes in the random seed or the number 

of perturbed samples can produce substantially different feature importance rankings for the 

same instance (Ortigossa et al. 2024; Slack et al. 2021). Moreover, off-manifold 

perturbations, such as graying out pixels or mean-imputing tabular cells, generate out-of-

distribution (OOD) input. As a result, the model’s responses to these unrealistic points can be 

unpredictable, causing the explainer to highlight artifacts that do not reflect the true reasoning 

process (Beechey et al. 2023; Ademi et al., n.d.). 

3.5 Modality-Specific Gaps 

Across data modalities, structural characteristics routinely undermine the assumptions of 

traditional XAI methods, leading to explanations that are misleading, non-credible, or 

contextually invalid (Abbas et al. 2025; Nascita et al. 2025). 

Temporal data such as ECG signals or financial time series are often ignored when features 

are treated independently, thereby breaking temporal logic (Mesinovic et al. 2023; Abbas et al. 

2025); textual data for example in NLP suffers from the loss of syntactic and contextual 

meaning due to bag-of-words–based or overly fragmented attribution methods (Lyu et al. 2024; 

Sakai and Lam 2025); spatial data such as in Medical Images explanations ignore spatial 

autocorrelation and fail to capture coherent physical structures (Aysel et al. 2025); graph data 
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(e.g., Social Networks, Molecules) is inadequately explained when relational edges and 

topological dependencies are overlooked (Doumard et al., n.d.); multicollinear tabular data 

leads perturbation-based methods to generate implausible instances; multimodal  (e.g., 

images + text) systems fail to isolate the specific contribution of each modality, often completely 

obscuring non-visual signals (Pahud De Mortanges et al. 2024; Multimodal Intelligence as the 

Dominant Paradigm in 2026 AI Systems, n.d.; Silva and Keller 2024); longitudinal data (e.g., 

Health Records) is reduced to isolated snapshots that neglect trend-dependent semantics 

which cause failing to capture the diagnostic importance of shifting values over time (Lyu et al. 

2024; Sakai and Lam 2025; Pahud De Mortanges et al. 2024); omics or high-dimensional 

data (e.g., Genomics) limit the capacity of standard XAI methods to represent complex 

biological pathways, leading to feature attributions that are formally correct but biologically 

uninformative or implausible (Pahud De Mortanges et al. 2024); audio data is misrepresented 

when harmonic superposition is flattened into static representations(Das and Rad 2020; 

Frommholz et al. 2023); and hierarchical or nested data - where data is usually grouped - is 

explained at the instance level without accounting for higher-level contextual dependencies 

(Sakai and Lam 2025; Dubey et al. 2024) . Collectively, these limitations demonstrate a 

fundamental misalignment between generic XAI assumptions and modality-specific data 

structures. 

3.6 Security and Privacy Considerations in Data-Centric Explanations 

From a data-centric view, explainability methods, such as SHAP and LIME, introduce notable 

security and privacy vulnerabilities beyond conventional statistical concerns (Mia and Pritom 

2025). Perturbation-based sampling exposes a surface for adversarial manipulation, enabling 

“fairwashing” attacks where models behave benignly on out-of-distribution (OOD) perturbed 

points while maintaining biased logic on real data, thereby concealing discriminatory patterns 

from auditors (Hegde et al. 2024). High-fidelity explanations can also leak sensitive information: 

stable feature attribution patterns may reveal individual behavioral or physiological routines 

(property inference) (Ezzeddine 2024), and low-entropy attributions can facilitate membership 

inference attacks, revealing whether specific records were used in training (Sharma et al. 2025; 

Shokri et al. 2017). Furthermore, the stochastic nature of sampling introduces integrity risks, as 

attackers can perform explanation poisoning by subtly altering the background dataset used in 

KernelSHAP, thereby shifting feature importance and misleading the explainer regarding the 

model’s true reliance on features (Hwang et al. 2025). These vulnerabilities highlight the 

necessity of integrating privacy-preserving mechanisms, such as differential privacy or entropy 

regularization, within the explanation process to safeguard both individual data contributions 

and the integrity of model interpretations. 
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Table 2. Summary Taxonomy of Data-Centric Failures 

Resulting XAI Failure 
Primary Data-Centric 

Cause 

Vulnerability 

Category 

Misleading importance; split 

attributions. 

Multicollinearity / Interaction 

neglect 
Dependency 

Confounded model-imputer 

pipeline. 

MNAR Missingness / 

Imputation bias 
Quality 

Explanation of synthetic 

boundaries. 

Class Imbalance / SMOTE 

artifacts 
Distribution 

Unstable, non-deterministic 

explanations. 

Stochasticity / Off-manifold 

sampling 
Integrity 

Violation of data semantics 

(ECG/NLP). 
Temporal / Sequential links Modality 

Concealment of model bias 

from auditors. 

OOD Scaffolding / 

Fairwashing 
Security 

Membership/Property 

inference leakage. 

Memorized attribution 

patterns 
Privacy 

 

In practice, SHAP tends to provide more stable and theoretically consistent explanations, 

especially when aggregating local attributions for global insights, making it preferable in high-

stakes tabular DSS like healthcare or finance (Arunraju Chinnaraju 2025). LIME, while faster 

and conceptually simpler, exhibits higher sensitivity to sampling and feature correlations, which 

necessitates careful interpretation when used in decision-critical contexts (Mesinovic et al. 

2023). 

 

4.0 Evaluation Frameworks and Practices 

Evaluating the credibility of SHAP and LIME explanations requires both quantitative and 

qualitative perspectives. Key quantitative metrics include fidelity, stability, robustness, 

completeness, and simplicity, which measure how well the explanations reflect the model’s 

decision process (Amparore et al. 2021; 2021; Qureshi et al., n.d.; Nazat et al. 2024; Nakanishi 

2026). Qualitative and human-centered assessments focus on trust, usefulness, and 
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comprehensibility, ensuring that explanations are actionable for domain experts in DSS 

contexts (Kabir et al. 2025; Arunraju Chinnaraju 2025; Amith Kumar Reddy 2024). 

Importantly, a data-centric lens emphasizes that these evaluation metrics must consider data 

properties—such as feature correlation, missingness, class imbalance, and preprocessing 

choices—as these factors directly influence explanation reliability. Standardized protocols 

combining computational metrics with user-centered assessment remain an open challenge for 

achieving reproducible and practical explainability. 

 

5.0 Conclusion and Future Directions 

This data-centric literature review has examined SHAP and LIME, two of the most influential 

post-hoc explanation methods for tabular data in Decision Support Systems. The analysis 

reveals that while these methods are widely used for interpreting complex machine learning 

models, their reliability is highly dependent on the characteristics of the underlying data. 

Challenges such as feature correlation, data quality, class imbalance, and sampling instability 

are central determinants of explanation fidelity. In practice, SHAP generally provides more 

stable and theoretically consistent explanations, particularly when aggregating local attributions 

to obtain global insights, whereas LIME offers computational efficiency and intuitive local 

explanations but is more sensitive to sampling variability and feature dependencies. 

Collectively, these findings underscore that achieving robust and trustworthy explainability in 

tabular DSS requires careful attention to data preprocessing and management in addition to the 

selection of the explanation method itself. 

To advance practically reliable explainers, several directions emerge from the literature: 

• Development of Data-Aware Explanation Methods: Future research should focus on 
designing XAI techniques that explicitly account for feature dependencies, class 
imbalance, and preprocessing-induced uncertainties. Data-aware explainers would 
contextualize model predictions relative to the properties and limitations of the dataset, 
thereby improving the fidelity and interpretability of explanations in applied DSS. 

 

• Establishment of Standardized, Data-Centric Evaluation Protocols: Evaluation 
frameworks should integrate quantitative metrics—such as fidelity, stability, robustness, 
and completeness—with human-centered assessments that consider the influence of 
data characteristics on explanation reliability. Standardized, data-aware protocols are 
essential for reproducible and actionable evaluation of XAI methods across domains. 

 

• Addressing Security and Robustness: As XAI becomes embedded in decision-critical 
pipelines, it is important to develop methods resilient to adversarial manipulation, model 
inversion, or fairwashing. Ensuring that explanations accurately reflect model behavior 
without concealing biases or vulnerabilities is crucial for maintaining trust in high-stakes 
DSS. 
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• Enhancing Scalability for Real-World Deployment: Computational demands, 
particularly for methods like KernelSHAP, remain a barrier to real-time deployment in 
large-scale DSS environments. Research into efficient, scalable, and accurate 
approximations is necessary to enable timely and transparent explanations in 
applications requiring low-latency decisions, such as dynamic clinical monitoring or 
fraud detection. 

By highlighting the interplay between data characteristics and explanation methods, this review 

highlights that effective, reliable, and actionable explainability in tabular DSS is fundamentally a 

data-driven challenge. Future work that synthesizes algorithmic innovation with rigorous data-

centric considerations will be critical to advancing trustworthy AI in real-world decision-making 

contexts. 
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