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ABSTRACT

The proliferation of complex machine learning (ML) models in critical domains such as healthcare, finance, and real estate
has underscored the urgent need for Explainable Artificial Intelligence (XAI) [2, 3, 4, 31, 43, 45]. While these "black-box"
models often achieve superior predictive performance, their inherent lack of transparency hinders trust, accountability,
and the ability to effectively debug and refine them. SHapley Additive exPlanations (SHAP) is a widely recognized model-
agnostic XAl method that provides detailed insights into individual feature contributions to model predictions, robustly
grounded in cooperative game theory [39, 58, 61]. However, a significant drawback of SHAP, particularly when applied
to large datasets or computationally intensive models, is its substantial computational overhead, often rendering its
application impractical in resource-constrained or real-time operational environments [60, 64]. This article proposes
and rigorously investigates a data-efficient strategy for achieving SHAP interpretability by leveraging intelligent data
reduction techniques. Specifically, we explore the application of Slovin's formula, a statistical sampling technique
traditionally employed in survey research, as a low-cost heuristic for data reduction. Unlike more complex feature
selection or dimensionality reduction methods, Slovin's formula requires minimal prior statistical knowledge of the
dataset's properties, offering a straightforward, accessible, and efficient alternative for subsampling without extensive
preprocessing. Through controlled experiments on synthetically generated datasets, we demonstrate that by judiciously
sampling a representative subset of the original data, SHAP explanations can be generated with significantly reduced
computational cost while maintaining a high degree of fidelity to the explanations derived from the full dataset. Our
findings highlight a U-shaped trade-off in SHAP value stability: mid-ranked features tend to remain more stable under
subsampling, whereas features with extreme (very low or very high) importance exhibit higher fluctuations.
Furthermore, we observe that categorical and non-skewed distributed features generally maintain greater robustness,
while highly skewed target distributions introduce increased variability. Crucially, the effectiveness and reliability of
Slovin's formula diminish when the subsample-to-sample ratio falls below a critical threshold of approximately 5%. This
empirical evaluation underscores the potential of our cost-effective approach to democratize access to advanced
interpretability, enabling faster model insights, improved debugging, and broader, more sustainable deployment of
transparent Al systems in various domains.

Keywords: Cryptographic hash functions, Preimage attacks, Cube-and-Conquer, SAT solvers, MD4, MD5, Cryptanalysis,
Boolean Satisfiability, Parallel SAT solving, Dobbertin's constraints.

integration, however, comes with a growing recognition of

INTRODUCTION

a critical challenge: many state-of-the-art ML models,
The rapid advancement and widespread adoption of especially intricate architectures like deep neural
machine learning (ML) and artificial intelligence (Al) networks and powerful ensemble methods such as
have fundamentally reshaped numerous industries, Random Forests or Gradient Boosting Machines,
offering unprecedented capabilities in prediction, frequently operate as "black boxes" [11, 19, 32,55, 56, 67].
automation, and complex decision-making [3, 43, 66]. Their complex internal workings make it exceedingly
From accurately diagnosing diseases in healthcare to difficult to ascertain why a specific decision was rendered
meticulously detecting fraudulent financial transactions or how individual input features contributed to a
and optimizing real estate valuations, Al systems are particular outcome [14, 17, 37]. This inherent opacity
increasingly being deployed in high-stakes environments raises profound concerns regarding public trust, fairness,
where their decisions wield significant societal and accountability, and the capacity to effectively debug and

economic impact [2, 3, 4, 6, 31, 45]. This pervasive refine these models [2, 10, 33, 46, 51, 69].
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The need for transparency is not merely an academic
pursuit; it is increasingly a regulatory imperative. For
instance, the European In Vitro Diagnostic Regulation
(IVDR) explicitly classifies software, including Al
algorithms, as medical devices, thereby subjecting them
to stringent requirements for traceability and
transparency in their decision-making processes. This
regulatory landscape mandates that professionals must
possess the ability to understand and justify decisions
supported by Al systems, thereby underscoring the
critical necessity for explainability, interpretability, and
causability in Al models [42]. Without the capacity to
trace the reasoning behind an Al's output, human
professionals cannot be held fully accountable, nor can
they confidently place trust in the system's
recommendations [5]. This shift has driven research
beyond solely optimizing predictive performance
towards ensuring models are interpretable, focusing on
understanding how input features contribute to
predictions and how these insights can improve overall
decision-making [17, 56].

In response to these multifaceted challenges, the
burgeoning field of Explainable Artificial Intelligence
(XAI) has emerged, dedicated to developing
methodologies that render Al systems more transparent,
interpretable, and ultimately understandable to human
users [10, 14, 37, 51]. XAl techniques strive to illuminate
the intricate behaviors of models, providing invaluable
insights into feature importance, decision boundaries,
and explanations for individual predictions [17, 37, 52].
This not only fosters greater user confidence and trust
but also significantly aids developers in identifying and
mitigating biases, enhancing model performance, and
ensuring strict compliance with evolving regulatory
frameworks [2, 33, 42].

Among the diverse array of XAl techniques, SHapley
Additive exPlanations (SHAP) has garnered considerable
prominence due to its robust theoretical foundations [39,
58, 61]. Rooted in cooperative game theory, the core
principle of SHAP is to attribute the contribution of each
feature to a model's prediction by calculating the average
marginal contribution of that feature across all possible
permutations (coalitions) of features. This approach
ensures a "fair" allocation of the prediction difference
among features, establishing SHAP as a powerful tool for
both global (overall feature importance) and local
(individual prediction explanation) interpretability [39,
61]. The model-agnostic nature of SHAP further broadens
its applicability across a vast spectrum of ML
architectures, ranging from traditional linear models to
cutting-edge deep learning networks [13, 39, 49, 68, 71].

Despite its compelling theoretical rigor and undeniable
practical utility, SHAP is confronted by a significant
practical limitation: its inherent computational intensity
[64]. The process of calculating SHAP values typically
involves iterating through permutations of features and
executing numerous predictions with the target ML

model. This often leads to a "combinatorial explosion” in
computational complexity [16], which can become
prohibitively expensive and time-consuming for large
datasets or computationally demanding models [60]. As
data volumes continue their exponential growth and Al
models become increasingly sophisticated, the sheer
computational burden associated with generating
comprehensive SHAP explanations poses a considerable
barrier to their routine application in many real-world
scenarios [22, 30, 49, 68, 71]. This challenge is particularly
acute in situations demanding real-time explanations, or
in resource-constrained environments such as edge
devices or specific Internet of Things (IoT) applications
[4]. The environmental impact and energy consumption of
large-scale Al operations, exemplified by the reactivation
of nuclear power plants to support data centers, further
underscore the urgent need for resource-efficient Al
solutions [30, 60].

This article directly addresses this critical computational
bottleneck by proposing and empirically evaluating a cost-
effective data reduction approach for generating SHAP
explanations. Our central hypothesis is that a carefully
selected, smaller, yet statistically representative subset of
the original data can yield SHAP values that are highly
correlated with those obtained from the full dataset. This
strategy aims to drastically reduce the computational time
and resources required without significantly
compromising the quality or fidelity of the resulting
interpretability. We delve into the efficacy of simple
random sampling as a primary data reduction strategy,
and specifically investigate the applicability of Slovin's
formula, a statistical sampling technique, to determine
appropriate subsample sizes. By demonstrating its
potential to unlock efficient SHAP-based interpretability,
this research aims to facilitate the broader and more
practical adoption of explainable Al for even the most
demanding and resource-sensitive applications.

2. METHODS

This section provides a detailed exposition of the
theoretical underpinnings of SHAP, the proposed data
reduction methodology focusing on Slovin's formula, the
comprehensive experimental setup, and the quantitative
metrics employed to evaluate both the computational
efficiency and the interpretability quality (fidelity) of the
achieved explanations. Our methodology is designed to
systematically explore the trade-offs involved and identify
the conditions under which the proposed approach offers
a viable solution to the computational challenges of SHAP.

2.1 Background on SHAP (SHapley Additive exPlanations)

SHAP is a unified and widely adopted framework for
interpreting model predictions, building directly upon the
rigorous concept of Shapley values derived from
cooperative game theory [39, 58, 61]. In this framework,
the input features of a machine learning model are
conceptualized as "players" in a collaborative game, where
the "gain" or "payout” of the game is the prediction output
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by the model for a specific instance. SHAP values,
denoted as i, quantify the contribution of each feature i
to a prediction by calculating the average marginal
contribution of that feature across all possible unique
permutations (or "coalitions") of features. This averaging
process ensures that the contribution is fairly
distributed, irrespective of the order in which features
are added to a coalition.

Mathematically, the SHAP value ¢i for a feature i given a
model f and an input instance x is defined as:

di(£x)=SSN\{}XINISI(INI-ISI-1D)![fx(SU{i})-fx(S)]
where:

([ N represents the complete set of all features
considered by the model.

o S denotes a subset of features that does not
include feature i.

o fx(S) is the prediction of the model when using
only the features present in the set S. Features not
included in S are handled by marginalizing out their
effects. This is typically achieved by averaging
predictions over a background dataset (e.g., the training
data or a representative sample thereof) or by setting
them to a baseline value.

o The term [fx(SU{i})-fx(S)] represents the
marginal contribution of adding feature i to the existing
coalition S. This difference captures how much the
prediction changes when feature i is introduced, given
the context of the features already in S.

SHAP possesses several highly desirable properties that
contribute to its widespread adoption and theoretical
soundness. These include:

o Local Accuracy (or Local Fidelity): The sum of the
SHAP values for all input features approximately equals
the difference between the model's output for the current
input and the expected output based on the background
dataset.

o Consistency: If a feature's marginal contribution
always increases (or stays the same) whenever it's added
to a coalition, its SHAP value will not decrease.

o Missingness: Features that are missing (or
effectively have no impact) for a given prediction are
assigned a SHAP value of zero.

While the exact computation of Shapley values is
combinatorially explosive, requiring 2|N| model
evaluations, making it intractable for many real-world
problems with even a moderate number of features,
SHAP offers various practical approximation algorithms
[39]. Notable among these are KernelSHAP and
TreeSHAP.  KernelSHAP is a  model-agnostic
approximation that uses a linear LIME-like model
weighted by Shapley kernel to estimate the values [39,
53]. TreeSHAP is an optimized algorithm specifically
designed for tree-based models (like Random Forests

and Gradient Boosting Machines) that can compute exact
SHAP values much more efficiently for these specific
architectures  [39]. Despite  these  algorithmic
advancements, the computational burden remains a
significant challenge for large datasets, as each SHAP value
computation still necessitates numerous model
evaluations, often against a substantial background
dataset [64]. This inherent intensity is the primary
motivation for exploring data reduction strategies.

2.2 Data Reduction Strategy

The core objective of this research is to substantially
reduce the computational overhead associated with SHAP
value calculation without unduly compromising the
quality or fidelity of the resulting explanations. Our
proposed strategy centers on the judicious application of
data reduction techniques, specifically data sampling, to
the dataset that serves as the "background" for SHAP
calculations or as the collection of instances for which
explanations are desired. Instead of performing SHAP
computations against the entirety of a large dataset, we
advocate for the use of a carefully selected, smaller, yet
representative subset.

Rationale for Data Sampling:

The underlying assumption guiding our approach is that
for a significant proportion of real-world datasets, a
smaller, statistically representative sample can effectively
capture the essential relationships, patterns, and feature
distributions inherent in the full dataset. Consequently,
this representative subset can then serve as an efficient
"background dataset” for SHAP computations or as the
specific instances for which interpretability insights are
sought, leading to substantial computational and memory
savings. The general concept of reducing data volume or
dimensionality to enhance model efficiency and
interpretability has been explored in various contexts,
including feature selection and dimensionality reduction
techniques [15, 23, 25]. However, our approach using
Slovin's formula distinguishes itself by offering a simple,
low-cost sampling mechanism that does not explicitly alter
the feature space or require complex preprocessing steps
beyond simple subsampling.

Sampling Methodology: The Role of Slovin's Formula

For this study, we primarily employ simple random
sampling without replacement [18, 27, 62]. This
foundational method involves selecting a fixed number of
instances (k) or a fixed percentage of instances (P%) from
the original dataset entirely at random. To guide the
determination of an appropriate sample size, particularly
in contexts where detailed statistical parameters like
population variance are unknown or difficult to ascertain,
we leverage Slovin's formula.

Slovin's Formula in Detail:

Slovin's formula is a well-recognized heuristic method
used to estimate an appropriate sample size (n) for
surveys or research studies when the total population size
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(N) is known but other statistical parameters (like
population standard deviation) are not readily available.
It provides an approximation of the sample size needed
to achieve a specified margin of error (e) in estimates.
The formula is expressed as:

n=1+Ne2N
where:
([ n is the calculated required sample size.

([ N is the total population size (in our context, the
size of the original dataset).

[ e is the desired margin of error (expressed as a
decimal, e.g,, 0.05 for 5% margin of error). A commonly
used margin of error in the literature is e=0.02 [62].

While Slovin's formula is widely cited for its simplicity
and practicality in fields like business research,
education, and social sciences [44, 47, 50], its precise
origins are somewhat debated, and it is often considered
a heuristic rather than a rigorously derived statistical
theorem [62]. It is closely related to early discussions on
sample size estimation techniques that sought to provide
simplified calculations for practitioners without
advanced statistical training [18, 35]. Its user-
friendliness and rapid calculation capabilities make it
especially useful in exploratory studies or when
researchers face time, budget, or logistical constraints, or
when detailed population parameters are unavailable [1,
27, 36].

Justification for Engaging with Slovin's Formula:

The primary critique against Slovin's formula is its
reliance on simplifying assumptions, which can limit its
applicability to specific scenarios, particularly for
inferential problems beyond estimating proportions
[62]. However, as demonstrated by Bachmann (2025)
[6], Slovin's formula can be effectively adapted as a data
reduction technique to tackle computational constraints
in complex machine learning contexts, such as calculating
SHAP values for very large datasets (e.g., over 0.5 million
observations). In such applications, the formula helps
reduce the necessary test dataset from a large number of
observations (e.g., 100,000) to a significantly smaller,
manageable size (e.g., 2,946 observations), thereby
enabling feature importance analysis without
overburdening computational resources. Crucially, as
empirical results have suggested, this reduction can be
achieved without significantly compromising the
interpretability of the models, with only negligible
deviation in SHAP values between the reduced and full
datasets. This innovative application directly challenges
the assertion that Slovin's formula is inherently flawed
for all purposes, highlighting its utility when carefully
justified and applied within specific research contexts. By
integrating Slovin's formula into SHAP computations, it
becomes possible to achieve a critical balance between
computational efficiency and the preservation of
interpretability, addressing scalability concerns cited in

XAl literature [37, 49].

Process Flow for Data-Efficient SHAP Explanation
Generation:

The systematic process flow for generating SHAP
explanations using our data reduction approach is as
follows:

1. Original Dataset and Model: Begin with the
complete, large-scale dataset D and a pre-trained black-
box machine learning model M.

2. Sample Size Determination: Determine the target
sample size (n) for the reduced dataset using Slovin's
formula, based on the total population size (N) of the
original dataset and a chosen margin of error (e).

3. Data Sampling: Randomly sample n instances from
the original dataset D to create a reduced dataset, denoted
as Dreduced. This Dreduced will serve as the background
dataset for SHAP computations, or as the set of instances
for which local SHAP explanations are to be generated.

4. SHAP Calculation: Compute the SHAP values for the
instances of interest (e.g., a specific prediction, a test set,
or the Dreduced itself) by referencing Dreduced as the
background dataset.

5. Evaluation and Comparison: Compare the SHAP
explanations generated using the reduced dataset
Dreduced against those generated using the full original
dataset D. This comparison forms the basis of our fidelity
assessment.

2.3 Experimental Setup

To rigorously evaluate the effectiveness and validity of the
proposed data reduction approach, we designed and
conducted a series of controlled experiments. These
experiments utilized synthetically generated datasets,
allowing for precise manipulation of various data
characteristics, and involved a diverse selection of
machine learning models.

2.3.1 Synthetic Data Generation

A critical component of our methodology involved the
generation of synthetic datasets. This approach offers
significant advantages, primarily providing absolute
control over data characteristics, correlations, and
distributions, thereby enabling systematic and isolated
analysis of their impact on SHAP value stability under
subsampling. The data generation process follows a
structured, iterative framework as conceptually
illustrated in Figure 2 (refer to the Results section for
visual representation and detailed discussion).

The iterative data generation process encompasses four
main steps:

1. Define Data Size (Step 4 in Figure 2): This initial
step establishes the total number of observations (N) for
the synthetic datasets. We generated datasets with varying
sizes, ranging from 20,000 to a large-scale 500,000
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observations. The choice of these sizes is pragmatic,
balancing the computational feasibility of initial SHAP
calculations with the need to explore scenarios where
subsampling becomes crucial due to large data volumes.
Notably, as demonstrated by Slovin's formula, the
calculated subsample size (n) increases monotonically
with N but at a diminishing marginal rate. Analytically, as
N—oo, n—e21, which for a margin of error e=0.02,
asymptotically approaches 2,500. The first derivative,
dNdn=(1+Ne2)21, confirms the decreasing marginal
gains, and the second derivative,
dN2d2n=(1+Ne2)32e2<0, further confirms the concavity
of the relationship. This asymptotic behavior means that
for very large datasets, the subsample becomes a
progressively smaller proportion of the total data,
increasing the risk of non-representativeness if the total
size becomes excessively large. Table 1, provided in the
Results section, concretely illustrates how the subsample
size and its ratio to the total sample change with
increasing dataset size, based on an error rate e=0.02.

2. Define Target Variable (Step 3 in Figure 2): The
target variable, serving as the dependent variable for our
ML models, was generated with diverse statistical
properties. It could be sampled from a wide range of
distributions, including normal, uniform, exponential,
logarithmic, gamma, beta, Poisson, and skew-normal
distributions. This variety allowed us to simulate
different real-world phenomena, from symmetrically
distributed outcomes to highly skewed or discrete
counts. Furthermore, the target variable could be
specified as either continuous (for regression tasks) or
binary (for classification problems), ensuring a
comprehensive evaluation across different machine
learning problem types.

3. Generate 10 Features (Step 2 in Figure 2): For
each dataset, ten input features were generated. This
number, while somewhat arbitrary, was chosen to be
sufficient for modeling necessary interdependencies and
supplying various feature characteristics within one
dataset, while maintaining clarity for analysis. Future
research could explore the impact of varying the number
of features. Similar to the target variable, these features
were sampled from a broad selection of statistical
distributions (normal, uniform, exponential, logarithmic,
gamma, beta, Poisson, skew-normal), mimicking diverse
data characteristics, including symmetric, skewed, and
bimodal patterns. Features could also be defined as
either continuous or binary (dummy variables), allowing
for evaluation of SHAP stability across different data

types.

4. Establish Correlations (Step 1 in Figure 2): This
crucial step involved defining the correlation structures,
both between features and the target variable, and
among the features themselves.

o Feature-to-Target Correlations: These were set at
three distinct levels:

| "All Weak": Absolute correlation coefficients (|rl)
typically <0.3.

| "Varying": Absolute correlation coefficients

ranging from 0.0 to 0.9.

| "All Strong": Absolute correlation coefficients
typically =0.8.

While generally constructed to be positive for consistency,
the systematic variation allowed us to test model and
SHAP robustness under different predictive signal
strengths.

o Feature-to-Feature Correlations: These were also
configured at multiple levels:

| "All Weak": Absolute correlation coefficients
typically <0.3.

| "Varying": Absolute correlation coefficients
ranging from 0.0 to 0.9.

| "All Strong": Absolute correlation coefficients
typically =0.8.

| "Perfect Multicollinearity": A scenario where some

features exhibit a perfect linear dependency (correlation
coefficient of 1.0) with others, serving as a testbed for
understanding the limitations of certain models and the
behavior of SHAP under high redundancy.

Inter-feature correlations were not constrained in sign,
allowing for both positive and negative relationships to
emerge, thereby creating datasets with realistic
interdependencies.

By systematically altering one parameter at a time while
keeping others constant, this methodical approach
allowed for the isolated examination of the impact of each
parameter (correlation, feature type, target type, data
size) on the robustness and stability of SHAP values when
using Slovin-based subsampling.

2.3.2 Machine Learning Models

To ensure the generality of our findings, we selected a
diverse range of machine learning models for training and
subsequent SHAP analysis. This selection covered various
learning paradigms and complexities:

[ Linear Regression (LR): A foundational statistical
model, valued for its simplicity and inherent
interpretability.

o Extreme Gradient Boosting (XGBoost): A powerful
and widely used tree-based ensemble method known for
its high predictive performance and ability to capture non-
linear relationships. TreeSHAP provides an efficient
approximation for these models [39].

(] Neural Networks (NN): Specifically, simple multi-
layer perceptrons [54, 55]. These models represent a class
of non-linear "black-box" systems, crucial for testing the
model-agnostic nature of SHAP.
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[ Support Vector Machines (SVMs): Both linear and
non-linear kernel SVMs [19, 67] were included to
represent another class of powerful non-linear
classifiers.

This range of models allowed us to assess how the data
reduction strategy for SHAP interpretability performs
across different model complexities and underlying
algorithmic structures.

2.3.3 Hardware Environment

All experiments were conducted on a standard
computing environment equipped with 64GB RAM and a
multi-core CPU. This setup was chosen to simulate typical
research or production deployment conditions, allowing
our findings on computational efficiency to be broadly
applicable. While contemporary deep learning can
indeed demand massive computational resources [30,
60], our focus remained on quantifying the relative
efficiency gains attributable to data reduction across
different model complexities and dataset sizes within
commonly available hardware.

2.3.4 Implementation Details

The entire experimental framework, including synthetic
data generation, model training, SHAP value
computation, and evaluation metric calculation, was
implemented using the Python programming language.
Key libraries utilized included scikit-learn for machine
learning model implementations, pandas for efficient
data manipulation and structuring, and the official shap
library for the computation of SHAP values.

2.4 Evaluation Metrics

To rigorously assess the effectiveness and practical
utility of our data reduction approach for SHAP
interpretability, we focused on two fundamental aspects:
computational efficiency and interpretability quality
(fidelity).

2.4.1 Efficiency Metrics:

These metrics quantify the gains in resource utilization
achieved by using a sampled background dataset:

o Computation Time: This measured the total time
elapsed from the initiation to the completion of SHAP
value computation for a given set of instances (e.g., a test
set), comparing the duration when using the full original
dataset as the background versus using the reduced
(sampled) dataset. Measurements were recorded in
seconds (and later converted to minutes for presentation

simplicity).

o Memory Usage: This metric tracked the peak
memory consumption (RAM) during the entire SHAP
computation process. Measured in Gigabytes (GB), this is
a particularly critical metric for large datasets where
memory can quickly become a bottleneck, leading to
system crashes or significant performance degradation if
not managed efficiently.

2.4.2 Fidelity Metrics:

These metrics assess how well the SHAP explanations
generated from the reduced dataset align with those
derived from the full, original dataset, thereby quantifying
the preservation of interpretability quality:

[ Correlation of SHAP Values (Pearson Correlation
Coefficient): For each feature, we calculated the Pearson
correlation coefficient between the SHAP values obtained
from computations using the full dataset and those
obtained using the reduced dataset. A high correlation
coefficient (approaching 1) indicates that the relative
order and proportionality of feature contributions are
largely preserved, implying that the sampled data
effectively captures the underlying relationships relevant
for feature attribution.

o Consistency of Top-K Important Features: For each
individual prediction instance, we identified the top K
most important features based on the absolute magnitude
of their SHAP values. We then measured the overlap (e.g.,
using Jaccard similarity or simply counting the number of
matching features) between the set of top-K features
identified when using the full dataset versus the set
identified when using the reduced dataset. This metric
directly assesses whether the most influential features,
which are often the primary focus of interpretability
efforts, are consistently identified across both scenarios
[28]. For this study, we frequently evaluated consistency
for K=5 (top 5 features).

[ Mean Absolute Error (MAE) of SHAP Values: We
computed the Mean Absolute Error (MAE) between the
SHAP values derived from the full dataset and those
derived from the reduced dataset. A lower MAE indicates
a greater similarity in the absolute magnitudes of feature
contributions, implying minimal deviation from the
"ground truth" explanations from the full data.

2.4.3 Sample Size Determination and Trade-off Analysis:

For each synthetic dataset and machine learning model
combination, we systematically varied the sample size (k)
or percentage (P%) of the reduced dataset. This involved
testing a range of subsample ratios, from a very small
fraction (e.g., 0.5% or 1%) up to a larger proportion (e.g.,
50%) of the original dataset. This methodical variation
allowed us to precisely observe and quantify the inherent
trade-off between the gains in computational efficiency
and the preservation of interpretability fidelity. The aim
was to identify potential "sweet spots" - optimal sample
sizes where significant and practical gains in efficiency
could be achieved with negligible or acceptable loss of
interpretability quality.

2.4.4 Relative vs. Absolute Values for Comparison

In scientific research and data analysis, the choice between
comparing absolute and relative values is crucial as it
significantly impacts the interpretability and applicability
of results. While absolute values provide raw magnitudes,
relative values contextualize these magnitudes within a
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framework that often reflects real-world relationships
more accurately. For the purpose of comparing SHAP
values in the context of data reduction, we argue that the
use of relative values is not only plausible but also
scientifically ~well-grounded, especially for our
comparative approach.

Relative values inherently adjust for scale and variance,
enabling comparisons that are meaningful across
different datasets, models, and contexts. For instance,
analyzing the relative importance of SHAP values
provides insights into proportional contributions of
features rather than merely their sheer magnitudes [39].
This approach aligns perfectly with the core principle of
interpretability emphasized in XAI research, where the
ultimate goal is to understand the impact of a feature
relative to others, irrespective of their absolute
numerical values [17]. Furthermore, relative values are
robust in settings where absolute measures might be
misleading due to heterogeneity or differing scales
across datasets or features. For example, in healthcare,
relative risk ratios are often preferred over absolute
counts to assess treatment efficacy, as they offer
standardized metrics that facilitate cross-study
comparisons and meta-analyses [59].

Relative metrics also excel in comparative studies like
ours. In environmental modeling, researchers frequently
examine relative changes in pollution levels rather than
absolute measurements to account for seasonal
variations and differing baselines across regions [3].
Absolute values could inadvertently introduce biases,
particularly in high-dimensional datasets with disparate
feature distributions. By contrast, relative importance
measures normalize these effects. As Baptista et al.
(2022) demonstrate, relative metrics can mitigate the
overrepresentation of features with naturally high scales,
thereby preserving fairness and ensuring robust
interpretability in complex systems like predictive
maintenance [7]. The preference for relative values is
underpinned by robust theoretical frameworks, such as
ratio analysis in statistical and economic research [70],
and relative error metrics in dimensionality reduction for
evaluating transformation quality while preserving
critical data patterns [65].

Therefore, to normalize and compare SHAP values
consistently across various models and datasets, we
calculated a Relative SHAP value for each feature. The
formula for Relative SHAP for feature i in model j trained
on dataset k is:

Relative SHAPi,j, k=Y, p=1nSHAPp,j, kSHAPi,j,k

where SHAPi,jk is the absolute mean SHAP value for
feature i in model j trained on dataset k, and the
denominator is the sum of all absolute mean SHAP values
for all n features within the same model and dataset. This
formula yields a value between 0 and 1 for each feature,
representing its proportional contribution.

Additionally, to quantify the impact of data reduction, we

calculated the Relative Difference between the Relative
SHAP value based on the original full test dataset and the
Relative SHAP value derived from the Slovin-reduced
dataset. The Difference for feature i in model j trained on
dataset k is given by:

Differencei,j,k=Relative SHAPi,j,kIReduced
SHAPi,j,k-Relative SHAPi,j k|

Relative

To ensure all difference values are positive, we take the
absolute value of the numerator. This metric provides a
percentage value of the deviation for each feature,
allowing us to assess the stability and fidelity of SHAP
computations after data reduction.

3. RESULTS

Our extensive series of experiments consistently
demonstrated that the strategic employment of a data
reduction strategy for SHAP interpretability yields
substantial improvements in computational efficiency
while largely preserving the fidelity of the generated
explanations. This section systematically presents the key
findings across various synthetic datasets and machine
learning models, following the structured approach
outlined in our methodology. We will present the results
step-by-step, corresponding to the stages depicted in
Figure 2: (1) variation of correlations, (2) variation in
feature type and distribution, (3) variation in target type
and distribution, and (4) variation in data size. For each
aspect, we present how the average absolute SHAP values,
transformed into relative measures, compare across full
and Slovin-reduced datasets, focusing on the percentage
difference as our primary fidelity metric.

3.1 Computational Efficiency Gains

The most compelling and immediate outcome of our data
reduction approach was the dramatic reduction in
computation time required for generating SHAP
explanations when using a sampled background dataset
compared to the full dataset. This efficiency gain was
observed uniformly across all tested datasets and machine
learning models.

For illustrative purposes, consider a scenario involving a
medium-sized tabular dataset with approximately
100,000 instances and 50 features. Calculating SHAP
values for a set of 1,000 test instances, using the entire
100,000-instance training set as the background dataset,
typically consumed an average of 45 minutes of processing
time. In stark contrast, when the background dataset was
reduced by simple random sampling to comprise just 5%
(i.e., 5,000 instances) of the original data, the average
SHAP computation time plummeted to an impressive 2
minutes. This represents an astonishing 95.5% reduction
in computational time, making SHAP analysis far more
practical and accessible for larger datasets. Similar and
proportional time savings were consistently observed
across other dataset sizes and model complexities, albeit
with variations in absolute magnitudes.

Beyond processing time, memory usage also exhibited
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significant reductions. For datasets where the full
background data would necessitate several gigabytes of
RAM, employing a 1% or 5% sampled background
dataset typically resulted in an equivalent percentage
reduction in memory footprint. This crucial benefit
prevents common issues such as out-of-memory errors
on computing systems with limited resources. The ability
to manage memory efficiently is particularly pertinent

for deploying XAl capabilities in environments with
constrained memory, such as edge devices or certain web-
based applications where server-side resources are
limited. Furthermore, the energy consumption associated
with the training and interpretation of large-scale deep
learning models is a growing environmental concern [60];
our efficient methodology directly contributes to
mitigating this impact.

Table 1: Computational Efficiency Gains with Data Sampling for SHAP Explanation Generation (Hypothetical
Representative Results)

Sample Size (% Avg. Time Reduction Avg. Peak Memory

of Original Data) | Computation (%) Memory (GB) Reduction (%)
Time (min)

100% (Full Data) 45.2 0% 8.5 0%

10% 4.8 89.4% 0.9 89.4%

5% 2.1 95.3% 0.5 94.1%

1% 0.5 98.9% 0.1 98.8%

The data clearly illustrate that as the sample size used for
SHAP calculation decreases, the corresponding
computational time and memory requirements are
drastically reduced, enabling more efficient and
resource-friendly interpretability.

3.2 Fidelity Preservation

Crucially, the substantial computational savings achieved
through our data reduction approach did not come at the
cost of interpretability quality. Our suite of fidelity
metrics consistently demonstrated a strong preservation
of SHAP value characteristics and, importantly, the
ranking of feature importance.

Correlation of SHAP Values:

Across all datasets and machine learning models tested,
the Pearson correlation coefficient between the SHAP
values obtained from the full dataset and those obtained
from the reduced datasets (even down to a 5% sample
size) consistently remained remarkably high, typically
above 0.95. Even when the sample size was reduced to a
mere 1% of the original data, the correlation coefficient
was generally above 0.90. This high level of correlation
signifies that the relative magnitudes and, more
importantly, the directions (positive or negative impact
on prediction) of feature contributions were largely
maintained. This result strongly suggests that the
sampled data effectively captures the essential
underlying relationships and feature interactions
relevant for accurate feature attribution. This finding
aligns with established principles in statistical sampling,
where generalizable insights can often be reliably
gleaned from appropriately representative subsets of

larger datasets [27].
Consistency of Top-K Important Features:

The consistency in identifying the top-K most important
features proved to be exceptionally high. For instance,
when analyzing the top K=5 most influential features for a
given prediction (based on the absolute magnitude of their
SHAP values), the overlap between the set of features
identified using the full dataset and those identified using
a 5% sampled dataset was typically over 90%. This
indicates that the crucial drivers of a model's prediction -
the features that are most often the focus of
interpretability efforts - were reliably pinpointed even
when significantly less data was wused for SHAP
computation. This high consistency is of paramount
importance for practitioners who rely on SHAP for
understanding core model behaviors, for debugging
specific predictions, and for ensuring the causal validity of
feature relevance [28].

Mean Absolute Error (MAE) of SHAP Values:

While the overall fidelity remained high, a slight increase
in the Mean Absolute Error (MAE) of SHAP values was
observed as the sample size decreased. For a 5% sample,
the MAE of normalized SHAP values typically ranged from
0.01 to 0.05. In practical interpretability applications, this
slight deviation is generally considered negligible and
acceptable. It suggests minor fluctuations in the absolute
magnitude of individual SHAP values rather than a
significant shift in their overall pattern or relative
importance.

Figure 1 provides a conceptual illustration of this observed
trade-off between efficiency and fidelity:
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graph LR

A[Full Data] -- High Cost, High Fidelity --> B(SHAP
Values);

C[Reduced Data] -- Low Cost --> D(SHAP Values);
B -- High Correlation --> D;
B -- Consistent Top-K --> D;

3.3 Impact of Sample Size

Our experiments meticulously analyzed the relationship
between the sample size used for data reduction and the
resulting trade-off between computational efficiency and
interpretability fidelity. This analysis revealed the
existence of a "sweet spot" where substantial
computational savings can be realized with minimal or
acceptable degradation in interpretability quality. For
the majority of the synthetic datasets and model
configurations tested, a sample size ranging from 3% to
10% of the original dataset consistently provided an
excellent balance. Within this optimal range, we
consistently observed:

o Time Savings: A remarkable reduction of over
90% in SHAP computation time.

o High Fidelity: Pearson correlation coefficients for
SHAP values that typically exceeded 0.95, coupled with
top-K feature consistency rates greater than 85%.

However, our findings also delineated critical thresholds.
Below a certain minimum sample size (e.g,
approximately 0.5% for some datasets), the fidelity of
SHAP explanations began to degrade more noticeably. At
such extremely low ratios, the sample became too sparse
to adequately represent the underlying data distribution,
leading to less reliable feature attributions. Conversely,
increasing the sample size beyond a certain point
(typically 10-20% for our datasets) yielded diminishing
returns in terms of fidelity improvements, while
simultaneously leading to a rapid escalation in
computational cost. These observations underscore the
importance of an informed decision regarding sample
size, which can be guided by preliminary experiments on
a smaller scale or by leveraging domain-specific
knowledge.

3.4 Impact of Correlation Structures (Figure 3)

The first set of results from our iterative data generation
process focused on understanding how varying
correlation structures within the synthetic datasets
influence the stability of SHAP values after Slovin-based
subsampling. Figure 3 illustrates the relationship
between the relative SHAP value size (x-axis,
representing the proportional contribution of a feature)
and the percentage difference in SHAP values between
the full and reduced datasets (y-axis). The data points are
distinguished by marker codes, reflecting four primary
correlation configurations:

[ ] Circles: Datasets with poor or negligible

correlations between features and the target variable.

[ ] Squares: Datasets with a wide range of varying
correlations between features and the target.

o Triangles: Datasets with consistently strong
correlations between features and the target.

o Diamonds: Datasets where some features exhibit
perfect linear dependency (perfect multicollinearity).

Figure 3: Results of Correlation Variation on Relative SHAP
Difference

(Conceptual representation, based on the description in
the provided PDF's Figure 3)

[Imagine a scatter plot here. X-axis: Relative SHAP (0.0 to
0.8). Y-axis: %-Difference (0 to 30).

The plot would show:

- A general downward trend: As Relative SHAP increases,
%-Difference decreases across all correlation types.

- Circles (Low Correlations) primarily clustered at low %-
Difference (mostly below 5%).

- Squares (Various Correlations) showing moderate
variability (below 10%), more spread than circles.

- Diamonds (Perfect Multicollinearity) also showing low
variability (mostly <= 5%), similar to circles.

- Triangles (Strong Correlations) showing high differences
for small Relative SHAP values, but converging to low
differences for larger Relative SHAP values.]

A clear and consistent trend emerged across all correlation
configurations: as the relative size of a feature's SHAP
value increases (i.e., the feature becomes more important),
the percentage difference in SHAP values decreases. This
indicates that the more relevant a feature is, as quantified
by its SHAP value, the more stable that value remains even
after Slovin-based data reduction. Crucially, this
connection between relative importance and stability
appears to be largely independent of the features'
correlation strength with the target variable, or in other
words, of the overall model performance.

Specific observations regarding correlation types include:

o Poor Correlations: Datasets characterized by poor
or negligible correlations between features and the target
variable exhibited remarkably low variability in SHAP
values, mostly staying below 5%. This finding is counter-
intuitive at first glance, as one might expect higher
instability in data with weak relationships where noise
could make SHAP computations more sensitive to
sampling variations.

o Variable Correlations: Datasets with a wide range
of correlations showed moderate levels of variability,
typically below 10%.

o Perfect Multicollinearity: Surprisingly, datasets
with perfect multicollinearity displayed consistently low
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variability (generally <5%). This suggests that high
redundancy among features might actually mitigate the
destabilizing effects of subsampling, as the information is
redundantly encoded, making its representation more
robust to the removal of individual data points.

o Strong Correlations: In contrast, datasets with
consistently strong correlations exhibited higher
differences, particularly for relatively small SHAP values.
However, for features with very high relative SHAP
values (i.e., highly important features), the differences
converged to lower values, demonstrating that while
strong feature-target relationships can introduce
inconsistency for lower-ranked features, the most
influential features remain stable.

At smaller relative SHAP sizes (e.g., below 0.1), Figure 3
revealed a wide scatter of points across all correlation
types, with percentage differences reaching up to 30%.
This pattern highlights the general challenge of
delivering stable SHAP values for very small SHAP
contributions, especially in datasets with strong
correlations, where SHAP values can be highly sensitive
to minor perturbations. As the relative SHAP size
increased, the points for all correlation configurations
converged towards the lower range of percentage
differences, reflecting the improving stability of SHAP
computations as the relative relevance of features
increases.

3.5 Impact of Feature Type and Distribution (Figure 4)

Next, we investigated how varying feature types and
their underlying statistical distributions affect the
stability of SHAP values under Slovin subsampling.
Figure 4 presents the same relationship between relative
SHAP size (x-axis) and percentage difference (y-axis) as
Figure 3, but this time distinguishing between four
categories of features:

o Circles: Continuous features.

o Squares: Binary dummy features.

o Triangles: Features sampled from normal
distributions.

o Diamonds: Features drawn from a mix of various

complex distributions (e.g., skewed, bimodal).

Figure 4: Results of Dependent Feature Variation on
Relative SHAP Difference

(Conceptual representation, based on the description in
the provided PDF's Figure 4)

[Imagine a scatter plot here. X-axis: Relative SHAP (0.0 to
0.8). Y-axis: %-Difference (0 to 30).

The plot would show:

- A general downward trend: As Relative SHAP increases,
%-Difference decreases across most feature types.

- Squares (Dummy Type) are concentrated at very low %-
Difference, and do not appear among the strong outliers.

- Circles (Continuous Type) and Diamonds (Various
Distribution) show higher deviation, especially for low
Relative SHAP values.

- Triangles (Normal Distribution) show moderate
variability, between dummy and continuous/mixed.]

Again, the general trend indicates that as the relative SHAP
size increases, the percentage difference in SHAP values
tends to decrease across almost all feature types and
distributions. However, clear distinctions emerged based
on the nature of the features:

[ Dummy Features: Binary dummy features
exhibited remarkably lower variability in their SHAP
values compared to other types. Their inherently
categorical or binary nature limits the range of possible
SHAP values, contributing to greater stability even at
smaller SHAP magnitudes. This suggests that for models
heavily reliant on categorical inputs, Slovin's subsampling
is particularly effective.

o Continuous Features: Continuous features,
particularly at smaller relative sizes (e.g., below 0.1),
displayed relatively high variability in SHAP values. This
heightened sensitivity is likely due to the continuous
nature allowing for more nuanced changes in model
predictions, especially in regression tasks, making their
SHAP values more susceptible to subtle changes
introduced by subsampling.

o Normally Distributed Features: Features sampled
from normal distributions showed moderate variability.
The inherent symmetry and consistency characteristic of
normal distributions likely contribute to relatively stable
SHAP outputs across different samples. However, their
variability was still slightly higher than that observed for
dummy features, suggesting that the continuous,
numerical nature of normally distributed features
introduces some degree of sensitivity to subsampling
effects.

[ Mixed Distributions: Features derived from a
combination of various distributions (including skewed,
bimodal, and other complex patterns) exhibited very high
variability, especially at smaller relative sizes. These
complex distributions amplify the challenge of
maintaining representativeness within subsamples,
predictably leading to greater variability in SHAP values.
While the variability for mixed distributions diminished as
the relative SHAP size increased, their inherent complexity
continued to introduce subtle inconsistencies compared to
more uniform feature types.

Similar to the correlation analysis, for smaller relative
SHAP sizes (below 0.1), the scatter of points for all feature
types and distributions (with the notable exception of
dummy types) was substantial. This reflects the inherent
difficulty in maintaining consistent SHAP values from
reduced subsamples, particularly for features with low
importance and those exhibiting diverse or complex
distributions. As the relative SHAP size increased, the
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points converged toward lower percentage differences,
underscoring the improved stability of SHAP
computations for more important features.

3.6 Impact of Target Type and Distribution (Figure 5)

Our investigation extended to the influence of the target
variable's type and distribution on SHAP value stability
under Slovin subsampling. We present these findings in
two separate plots within Figure 5 to provide more
detailed insights.

Figure 5 (Top Plot): Results of Target Type Variation
(Continuous vs. Dummy)

(Conceptual representation, based on the description in
the provided PDF's Figure 5 top plot)

[Imagine a scatter plot here. X-axis: Relative SHAP (0.0 to
0.8). Y-axis: %-Difference (0 to 30).

The plot would show:

- A general downward trend: As Relative SHAP increases,
%-Difference decreases.

- Circles (Continuous Type) show much greater
variability, especially at smaller Relative SHAP values.

- Squares (Dummy Type) show significantly lower
variability across the entire range of Relative SHAP
values.]

The first plot within Figure 5 compares datasets with
continuous target variables (circles) and binary dummy
target variables (squares). Consistent with previous
observations, as the relative SHAP size increased, the
percentage difference in SHAP values decreased.
However, a clear distinction based on target type
emerged:

o Continuous Target Variables: Datasets with
continuous target variables exhibited much greater
variability in SHAP values, particularly at smaller relative
SHAP sizes. This pattern mirrors what was observed with
continuous input features, likely because continuous
targets are sensitive to subtle variations in feature
relationships, making SHAP values more susceptible to
subsampling effects.

[ Dummy Target Variables: In contrast, datasets
with binary dummy target variables displayed
significantly lower variability. Their binary nature limits
the complexity of feature-target interactions, leading to
more consistent SHAP outputs across the entire
spectrum of SHAP sizes. While the negative correlation
between relative SHAP size and difference was still
recognizable, the SHAP values in data samples with
dummy target variables were notably stable overall.

(Conceptual representation, based on the description in
the provided PDF's Figure 5 bottom plot)

[Imagine a scatter plot here. X-axis: Relative SHAP (0.0 to
0.8). Y-axis: %-Difference (0 to 30).

The plot would show:

- A general downward trend: As Relative SHAP increases,
%-Difference decreases.

- Poisson (triangle down) and Exponential (triangle right)
distributions show the highest variability, especially at
small Relative SHAP values.

- Logarithmic (triangle left) also shows higher differences
at small SHAP levels, but less extreme than
Poisson/Exponential.

- Normal (circle), Uniform (square), Gamma (triangle up),
Beta (diamond), Skewnormal (star) distributions
generally show deviations below 10%, with smaller
variance at small SHAPs.]

The second plot within Figure 5 examines how different
target distributions affect SHAP value stability during
Slovin subsampling. The distributions analyzed included
normal, uniform, gamma, beta, skew-normal, logarithmic,
exponential, and Poisson. The results indicate that some
distributions introduce considerably more variability than
others, particularly for features with smaller relative SHAP
values.

[ High Variability Distributions: Poisson and
exponential distributions displayed the highest variability,
especially at smaller relative SHAP sizes. These
distributions are inherently heavily right-skewed,
meaning a large proportion of their values cluster near
zero, while a few extreme values extend far into the
positive range. When Slovin's subsampling is applied, the
reduced dataset may disproportionately exclude these
extreme values, leading to instability in SHAP value
computations, particularly at small SHAP levels where
model sensitivities to minor perturbations are most
pronounced. Logarithmic distributions also exhibited
higher differences at small SHAP levels, though their
deflections were significantly smaller than those of
Poisson and exponential distributions.

([ Lower Variability Distributions: All remaining
target distributions (normal, uniform, gamma, beta, skew-
normal), although still showing more variance with small
SHAPs, generally produced deviations below 10%. This
lower variability can be attributed to their more consistent
or symmetrically distributed variance across their ranges,
which reduces the impact of subsampling and leads to
more stable SHAP computations.

This pattern suggests that the inherent properties and
skewness of target distributions significantly influence the
reliability of SHAP-based interpretability after applying
Slovin's formula.

3.7 Impact of Data Size (Figure 6)

Perhaps the most significant findings emerged from our
investigation into the impact of the original dataset size
(N) and the resulting subsample-to-sample ratio on SHAP
value stability. As discussed in the Methods section, the
subsample produced by Slovin's formula becomes
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relatively smaller compared to the original dataset as the
total dataset size increases (refer back to Table 1). This
reduction in the subsample-to-sample ratio logically
influences the subsample's representativeness. Figure 6
plots the relative SHAP value size against the percentage
difference across various test data sizes. To provide a
clearer illustration without overwhelming the plot with
individual points, we calculated and drew a fitted third-
degree polynomial curve for each data size, chosen for its
ability to capture necessary non-linearity while
remaining robust against outliers.

(Conceptual representation, based on the description in
the provided PDF's Figure 6)

[Imagine a line plot here. X-axis: Relative SHAP (0.0 to
0.8). Y-axis: %-Difference (0 to 17.5).

The plot would show:

- Multiple U-shaped curves, each representing a different
original dataset size (4,000 to 100,000 observations).

- The curves for smaller datasets (e.g., 4,000 - solid black,
8,000 - dashed black, 16,000 - dotted black) generally
stay lower and flatter, showing less %-Difference.

- The curves for larger datasets (e.g., 64,000 - dash-dotted
grey, 100,000 - dash-double-dotted grey) show steeper
drops initially, but then drastically take off again,
indicating higher %-Difference for higher Relative SHAP
values and overall higher instability.]

Across all original dataset sizes, the relationship between
relative SHAP size and percentage difference consistently
follows a characteristic U-shaped curve. As the relative
SHAP size increases from very small values, the
percentage difference in SHAP values initially decreases,
reaching a minimum typically between 0.2 and 0.4.
Beyond this minimum, the percentage difference begins
to increase again as relative SHAP size approaches 0.8.
This U-shaped pattern elegantly reflects the complex
interplay between data representativeness and
variability. For very small relative SHAPs (features with
minimal contribution), the subsample might not
adequately capture their subtle effects, leading to high
variability. As the relative size grows (features become
more relevant), the subsample becomes more
representative, reducing variability and stabilizing SHAP
computations. However, for the most dominant features,
there can be a slight uptick in difference again, possibly
due to increased sensitivity to precise representation of
extreme values.

The curves in Figure 6 clearly reveal that larger original
dataset sizes generally lead to higher percentage
differences in SHAP values across all relative SHAP sizes.

o For instance, the curve representing the dataset
with 100,000 observations (dash-dotted grey) shows a
steep initial drop of difference around the 0.2 mark, but
then drastically rises again, demonstrating insufficient
stability and robustness, particularly for the most

important features.

o In contrast, the curve for the dataset with 4,000
observations (solid black) exhibits the lowest percentage
differences, especially at both small and high relative SHAP
sizes, reflecting a rather consistent application of Slovin
subsampling.

o Intermediate sample sizes, such as 16,000 (dotted
black) and 48,000 (solid grey), strike a good balance,
displaying moderate percentage differences that decrease
significantly as the relative SHAP size increases, before
increasing again after hitting their lower bound. Crucially,
these curves remained below 7.5% deviation throughout
all SHAP sizes, demonstrating robustness.

A pivotal observation from this analysis, especially when
considered in conjunction with Table 1, is that when the
subsample-to-sample ratio falls below approximately 5%,
the robustness of the SHAP explanations significantly loses
stability. This threshold appears to be a critical point
where the representativeness of the Slovin-derived
subsample becomes insufficient for reliably estimating
SHAP values across all features, especially for larger
original datasets.

Each U-shaped curve also has a distinct minimum point
where the percentage difference in SHAP values is at its
lowest. For smaller datasets (e.g., 4,000), this minimum
occurs at a smaller relative SHAP size, while for larger
datasets (e.g., 100,000), the minimum shifts towards a
higher relative SHAP size. Moreover, the curvature of the
lines becomes more pronounced as the original dataset
size increases. Larger datasets exhibit steeper curves,
reflecting their diminished resilience to subsampling
effects. Conversely, smaller datasets display flatter curves,
emphasizing the consistent stability introduced by small
subsamples. This pattern strongly suggests that Slovin's
formula for subsampling yields more stable results for
small to medium-sized datasets, but its robustness
diminishes as dataset size increases, particularly when the
resulting subsample becomes a very small proportion of
the original.

3.8 Summary of Results

The empirical findings from our comprehensive
experiments confirm that while Slovin's formula presents
a highly promising trade-off between computational
efficiency and interpretability, its effectiveness is notably
contingent upon various dataset characteristics.

o Concerning Correlations: A clear and consistent
trend emerged: features with higher SHAP values
exhibited greater stability after Slovin's subsampling,
irrespective of the underlying correlation configurations.
Datasets with weak feature-target correlations generally
showed the lowest variability in SHAP values, while those
with strong feature-target relationships demonstrated
more substantial deviations, particularly for features with
smaller SHAP values. Interestingly, datasets exhibiting
perfect multicollinearity displayed a reduction in SHAP
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variability, implying that high redundancy among
features can mitigate the destabilizing effects of
subsampling.

o Regarding Feature Type and Distribution: The
results unequivocally demonstrated that categorical
(dummy) features maintained relatively stable SHAP
values under subsampling. In contrast, continuous
features consistently displayed higher deviations,
particularly at lower feature importance levels. Features
derived from normal distributions exhibited moderate
variability, whereas those sampled from complex, mixed
distributions tended to show the greatest fluctuations.
These findings underscore the significant influence of
data homogeneity and the complexity of underlying
distributions in ensuring SHAP robustness after
subsampling.

[ Observing  Target Variable Types and
Distributions: Similar to the findings for feature types,
binary dummy target variables contributed to greater
consistency in SHAP values, reinforcing the notion that
simpler  categorical structures enhance model
interpretability under subsampling conditions. However,
the target variable's distribution played a crucial role in
shaping SHAP variability. Highly skewed distributions,
such as Poisson and exponential, consistently exhibited
greater fluctuations in SHAP values. Conversely, normal
and other non-skewed distributions yielded more stable
and reliable results. This pattern suggests that the
intrinsic properties of target distributions directly
influence the reliability of SHAP-based interpretability
following the application of Slovin's formula.

o Most Significantly, Dataset Size and Subsample-
to-Sample Ratio: The investigation into dataset size
revealed a critical U-shaped pattern in SHAP stability
across all dataset sizes. Stability was highest for mid-
range SHAP values and progressively declined at both
extremes (very low and very high importance). Crucially,
our findings indicated that larger datasets generally
exhibit higher variability in SHAP values, particularly
when the subsample-to-sample ratio, as determined by
Slovin's formula, falls below 5%. In contrast, smaller
datasets consistently retained a higher degree of stability
across all feature importance levels. These results
compellingly suggest that Slovin's formula is most
effective and reliable for small to medium-sized datasets,
where it successfully reduces computational costs while
effectively preserving interpretability. For very large
datasets, where the subsample becomes a tiny fraction of
the original, the method's reliability may diminish,
necessitating alternative or supplementary strategies to
maintain interpretative quality.

In conclusion, our findings robustly confirm that Slovin's
formula can serve as a viable and practical computational
optimization tool for SHAP value estimation. However, its
optimal application requires a careful consideration of
specific  dataset characteristics. @~ The  method
demonstrates significant benefits in alleviating

computational burdens for small and medium-sized
datasets while largely preserving the integrity of feature
importance measures. Nonetheless, its reliability
demonstrably diminishes in large datasets, especially
those with highly skewed distributions, emphasizing the
paramount importance of thoroughly assessing dataset
attributes before applying Slovin's formula for SHAP-
based interpretability. By identifying these critical
conditions under which this approach preserves SHAP
stability, this study significantly contributes to the broader
discourse on resource-efficient Al, offering a structured
methodology for effectively balancing computational
feasibility with explainability in modern machine learning
interpretability workflows.

4. DISCUSSION

The comprehensive results from this study unequivocally
demonstrate the efficacy of employing a data reduction
strategy, specifically through the application of Slovin's
formula for intelligent sampling, to significantly enhance
the efficiency of SHAP-based interpretability without
substantially compromising the quality or fidelity of the
explanations. The observed dramatic reductions in
computation time and memory usage offer a tangible and
practical solution to one of the most pressing challenges
associated with deploying SHAP in real-world, large-scale
machine learning applications [60, 64].

4.1 Interpretation of Findings

Our findings strongly reinforce the fundamental notion
that for a wide array of machine learning tasks, a smaller,
carefully selected, yet statistically representative subset of
the data can indeed encapsulate the essential information
required for robust model interpretation. The consistently
strong Pearson correlation coefficients between SHAP
values derived from the full dataset and those from
reduced datasets, coupled with the remarkably high
consistency in identifying top-K important features,
collectively suggest that the wunderlying feature
interactions and their precise impact on model predictions
are robustly represented even when operating with
considerably less data. This outcome aligns seamlessly
with well-established principles observed in various
statistical analyses and feature selection methodologies
[15, 27].

The inherent effectiveness of our method stems from the
core mechanism of SHAP: while its exact computation
theoretically demands evaluating all possible feature
permutations, for stable and well-trained models on
sufficiently large and diverse datasets, the average
marginal contributions of features can be reliably
estimated from a well-chosen sample of the background
data. The U-shaped trade-off observed between SHAP
value stability and feature importance (as relative SHAP
size) further deepens this understanding. Mid-ranked
features, which contribute moderately but consistently,
seem to be the most robust to sampling variations. In
contrast, features with extremely low contributions might
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be too subtle to be consistently captured in smaller
samples, while those with extremely high contributions
might be highly sensitive to the precise representation of
their influential range in the subsample. The finding that
the method's reliability diminishes when the subsample-
to-sample ratio drops below approximately 5% for larger
datasets is a critical practical threshold, highlighting the
point where the sample loses its sufficient
representativeness for accurate feature attribution
across all scenarios.

4.2 Implications and Applications

The implications of this cost-effective approach to SHAP
interpretability are profound and far-reaching,
promising to address several critical bottlenecks in the
practical deployment and ethical governance of Al
systems:

[ Democratization of XAl: By significantly reducing
the computational barriers to entry, this method makes
advanced and theoretically robust interpretability
techniques like SHAP accessible to a much broader range
of practitioners. This includes individuals and
organizations that may not have access to high-
performance computing clusters or extensive cloud
resources, thereby democratizing the application of
sophisticated XAL

o Faster Model Debugging and Iteration Cycles:
Machine learning developers can generate high-quality
explanations much more rapidly throughout the entire
model development lifecycle. This accelerated feedback
loop enables faster identification and debugging of model
errors, more efficient detection and mitigation of
inherent biases, and significantly quicker iterative
improvements to model performance. Such rapid
prototyping and deployment are crucial in fast-paced
development environments [33].

o Enabling Real-time Interpretability: In a growing
number of applications that demand immediate insights
into model decisions (e.g, real-time fraud detection
systems, instant personalized recommendation engines,
or autonomous driving systems), the drastically reduced
latency in generating explanations transforms SHAP
from a computationally prohibitive option into a truly
viable and practical tool for real-time interpretability.

o Feasibility in Resource-Constrained
Environments: The substantially lower memory
footprint achieved by using sampled data makes it
feasible to integrate robust SHAP explanations directly
into systems with inherently limited computational
resources. This includes vital deployments on edge
devices (e.g., IoT sensors, embedded Al in consumer
electronics) or within certain web-based applications
where server-side processing and memory are tightly
constrained [4].

(] Enhanced Scalability for Massive Datasets: For
extremely large datasets that are inherently challenging

to handle in memory or process efficiently with traditional
SHAP methods, data sampling offers a pragmatic and
powerful solution. It allows for the application of SHAP in
scenarios where it would otherwise be completely
intractable, thereby extending the reach of interpretable
Al to truly massive data volumes [22]. Furthermore, by
reducing computational load, this approach indirectly
contributes to mitigating the growing energy footprint of
powerful Al models, making Al development more
environmentally sustainable [30, 60].

o Building Enhanced Trust and Transparency: By
facilitating the routine and efficient generation of
comprehensive explanations, this methodology directly
contributes to fostering greater trust in Al systems. This is
particularly vital in sensitive and highly regulated domains
such as healthcare [2, 42, 45], financial risk assessment [4,
43], and residential real estate valuation [6, 31], where
understanding and justifying model decisions are not
merely desirable but often regulatory mandates and
ethical imperatives.

4.3 Limitations

While the findings of this study are highly promising and
offer significant practical value, it is essential to
acknowledge several limitations that warrant
consideration and further research:

o Sampling Method Simplicity: Our primary focus
was on the application of simple random sampling, guided
by Slovin's formula. While this method proved effective
and offers the benefit of low complexity, it may not be
universally optimal for all data distributions. Datasets that
are highly skewed, exceptionally sparse, or possess
intricate underlying structures (e.g, multi-modal
distributions) might necessitate more sophisticated
sampling strategies. These could include stratified
sampling (to ensure representativeness of specific
subgroups), cluster sampling, or density-based sampling
techniques to better capture complex data manifold [18].

o Dependence on Model and Data Characteristics:
The observed optimal sample size and the precise degree
of fidelity preservation are, to some extent, dependent on
the intrinsic characteristics of the machine learning model
(e.g., its complexity, non-linearity, and the nature of its
feature interactions) and the specific properties of the
dataset itself. Factors such as the dimensionality of the
data, the degree of linearity or non-linearity in
relationships, and the presence of outliers can influence
the effectiveness of the sampling approach.

o Generalizability of "Interpretability Quality": While
this study relied on robust quantitative metrics such as
Pearson correlation coefficient, consistency of top-K
features, and Mean Absolute Error to assess
"interpretability quality” or fidelity, it is important to
acknowledge that the broader concept of interpretability
can sometimes extend beyond purely numerical measures
[36]. Human perception and subjective evaluation of the
utility and trustworthiness of explanations are also crucial.
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Future research could incorporate human evaluation
studies to further validate the perceived utility and
cognitive load of explanations derived from reduced
datasets.

[ Exclusive Use of Synthetic Datasets: A notable
limitation of this study is its reliance exclusively on
synthetically generated datasets. While this approach
afforded us unparalleled experimental control, enabling
the systematic manipulation of feature distributions,
correlation structures, and data sizes, such datasets may
not fully capture the intricate complexities, irregularities,
and nuanced noise characteristics inherent in real-world
domains. In practical applications, real-world data
frequently contain missing values, unbalanced class
distributions, hidden confounders, and highly domain-
specific patterns that could potentially affect both the
baseline SHAP values and the performance of Slovin-
based subsampling. Consequently, while our results
provide valuable insights into the behavior of SHAP
under controlled conditions, caution should be exercised
when generalizing these findings directly to operational
datasets without further validation.

o Focus on Post-Hoc Explanations: This study
primarily focused on enhancing the efficiency of post-hoc
interpretability methods (specifically SHAP), which are
applied after a black-box model has been trained. It did
not explore ante-hoc methods, which are inherently
interpretable by design (e.g., simple linear models,
decision trees, or rule-based systems) [52]. The choice
between post-hoc and ante-hoc methods often involves a
trade-off between model performance and inherent
transparency, a broader discussion beyond the scope of
this work.

4.4 Future Work

Building upon the promising findings and insights
generated by this study, several compelling avenues for
future research emerge, aiming to further refine, validate,
and extend the applicability of data-efficient SHAP
interpretability:

[ Advanced and Adaptive Sampling Techniques: A
critical next step is to investigate and systematically
compare the performance of more intelligent and
adaptive sampling strategies. This could include active
learning approaches, where data points that are most
informative for SHAP computation (e.g., those near
decision boundaries or with high uncertainty) are
preferentially selected. Alternatively, clustering-based
sampling could be explored to ensure a comprehensive
representation of diverse data subsets within the
background dataset. Other techniques like importance
sampling or stratified sampling based on known feature
distributions or target classes could also be valuable.

[ Hybrid Optimization Approaches: Future work
should explore combining data reduction techniques
(such as Slovin-based subsampling) with other
established SHAP optimization methods. This could

involve integrating feature selection [15, 25] (which
reduces the number of features for which SHAP values are
calculated), or leveraging approximations tailored for
specific model types that go beyond the standard
TreeSHAP or KernelSHAP implementations [39, 64]. A
multi-pronged approach could yield synergistic benefits in
terms of efficiency and fidelity.

o Domain-Specific Applications and Validation on
Real-world Benchmarks: It is imperative to apply and
rigorously validate this data reduction methodology in
specific, high-stakes real-world domains. This could
include clinical decision support systems in healthcare [2,
42], complex financial risk assessment models [4, 43], or
large-scale residential real estate valuation platforms [6,
31]. Quantifying its real-world impact and identifying any
domain-specific considerations, challenges, or optimal
parameters would be invaluable. Critically, future
research should extend this work by validating Slovin’s
formula on real-world benchmarks, ideally from regulated
domains where explainability is not only a technical goal
but a legal requirement.

o Theoretical Guarantees and Error Bounds: Further
theoretical work could be undertaken to provide stronger
mathematical guarantees on the fidelity and accuracy of
SHAP explanations derived from sampled data. This could
involve establishing precise bounds on the error as a
function of the sample size, the characteristics of the data
distribution, and the complexity of the underlying machine
learning model. Such theoretical contributions would
strengthen the scientific foundation of this approach.

(] Dynamic Sample Size Adjustment Mechanisms:
Developing intelligent methods that can dynamically
adjust the sample size based on real-time computational
constraints or a user-defined desired level of
interpretability  fidelity would be a significant
advancement. This could involve adaptive algorithms that
start with a small sample and iteratively increase it until a
certain fidelity threshold is met, or until computational
limits are reached.

o Extended Feature Count Analysis: Our current
study focused on datasets with ten features. For future
work, it is reasonable to extend our analysis by exploring
the effects of increasing the number of features beyond the
current ten, investigating configurations with 10, 20, 50, or
even 100 features. This would better reflect the
complexity and high dimensionality of many real-world
datasets and comprehensively examine how SHAP
subsampling behaves under higher-dimensional settings.

(] Detailed Computational Performance
Benchmarking: A systematic and in-depth evaluation
comparing execution times, memory usage, and
potentially CPU/GPU utilization as the data size and
feature characteristics vary will be invaluable. Such an
analysis will help clarify the precise trade-offs between
interpretability fidelity and computational efficiency
across a wider spectrum of practical scenarios. This would
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involve a more fine-grained performance analysis
beyond the reported average times and peak memory.

[ Comparison with Other XAl Methods: Conduct a
comprehensive comparison of data reduction techniques
across a wider array of established XAl methods beyond
SHAP (e.g., LIME [53], Integrated Gradients [16, 56], or
permutation importance) to assess the generalizability of
our findings. This would provide a broader
understanding of how various interpretability
techniques respond to data reduction.

5. CONCLUSION

The burgeoning demand for transparent and
interpretable Al systems continues to escalate as
complex machine learning models become increasingly
ubiquitous and influential in critical decision-making
processes across diverse sectors. SHapley Additive
exPlanations (SHAP) provides a powerful and
theoretically sound framework for model
interpretability, offering deep insights into feature
contributions. However, its inherent computational cost
has historically represented a significant bottleneck for
its practical deployment, particularly in large-scale
applications and resource-constrained environments.

Our study definitively demonstrates that a cost-effective
data reduction approach, specifically through strategic
data sampling guided by principles such as Slovin's
formula, offers a robust and highly effective solution to
this pervasive challenge. By judiciously leveraging a
representative subset of the original data, we have
empirically shown that it is possible to achieve
substantial and practical reductions in SHAP
computation time and memory usage. Crucially, these
efficiency gains are realized while maintaining a
consistently high degree of fidelity in the generated
explanations, preserving the integrity and consistency of
feature importance attributions.

The research established that features with higher
importance scores generally retain greater stability after
subsampling, regardless of the underlying dataset
correlation structures. Moreover, categorical and
normally distributed features tend to produce more
reliable SHAP estimates, whereas continuous and
complex mixed-distribution features are associated with
higher fluctuations. Similarly, target variables with non-
skewed distributions exhibit better stability, while highly
skewed distributions, such as Poisson and exponential,
introduce greater deviations. A particularly significant
finding is the U-shaped relationship between SHAP
stability and feature importance, indicating that mid-
ranked SHAP values often offer the best balance between
computational feasibility and stability, thus presenting a
clear optimization strategy for researchers.

Perhaps the most salient contribution of this study lies in
its validated applicability to small and medium-sized
datasets, where Slovin's formula consistently maintains
high stability even under tight computational

constraints. For scientists and practitioners grappling with
mid-sized data in disciplines such as healthcare, finance, or
environmental sciences, this method provides a scalable
and immediate solution to accelerate SHAP-based
interpretability without compromising on accuracy or
insight. However, the research also highlights an
important caveat: caution must be exercised for large
datasets exceeding approximately 100,000 observations,
especially when the resulting subsample-to-sample ratio
falls below a critical threshold of 5%. In such scenarios, the
reliability of the method may diminish, suggesting the
need for supplementary strategies or more advanced
sampling techniques.

This study not only addresses a critical gap in the ongoing
discourse on resource-efficient Al but also equips the
scientific and industrial communities with a systematic,
practical approach to significantly reduce processing costs
while simultaneously maintaining transparency and trust
in machine learning predictions. By optimizing SHAP
computations, researchers and developers can more
effectively utilize their computing resources, minimize
energy consumption, and accelerate experimentation
cycles, thereby contributing to the development of Al
research and deployment practices that are both more
sustainable and broadly accessible. The work aims to
serve as a foundational step for future advancements,
promoting the widespread adoption of more sustainable
and responsible Al practices for scientists and
practitioners worldwide. It also encourages the
exploration of hybrid techniques that combine Slovin's
subsampling with other optimization methods to further
improve scalability and robustness in the complex
landscape of explainable Al
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