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Explainable Artificial Intelligence (XAI) has become a critical area of research, particularly in ensuring transparency and
trustworthiness in machine learning (ML) models. In this context SHAP (SHapley Additive exPlanations) is widely recognized
as a robust method for feature attribution, yet its computational cost poses significant challenges, especially for large datasets.
This study explores a novel approach to optimizing SHAP computations by leveraging Slovin’s formula, a statistical sampling
technique traditionally used in survey research. Unlike feature selection or dimensionality reduction methods, Slovin’s formula
requires minimal prior knowledge of the dataset’s statistical properties while providing an efficient, heuristic-based alternative
for data reduction. It offers a straightforward, low-cost sampling approach that can be applied without extensive preprocessing,
making it accessible for computationally constrained environments. Through controlled experiments on synthetic datasets,
we analyze the stability of SHAP values under Slovin-based subsampling across varying data characteristics, including
feature and target types and distributions, and dataset sizes. Our findings reveal a U-shaped trade-off: SHAP values for mid-
ranked features remain stable, whereas extreme values exhibit higher fluctuations. Additionally, categorical and non-skewed
distributed features maintain greater robustness, while highly skewed target distributions introduce variability. Importantly,
the effectiveness of Slovin’s formula diminishes when the subsample-to-sample ratio falls below 5%. By integrating Slovin’s
formula into SHAP workflows, we demonstrate a practical solution for balancing interpretability and computational efficiency
in machine learning. This method reduces processing costs while retaining key feature attributions, making it particularly
valuable for researchers and practitioners working with resource-constrained environments. Our study contributes to the
broader discourse on sustainable Al, offering a scalable and interpretable framework for advancing explainability in modern
machine learning systems.
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1 Introduction

Artificial intelligence (AI) has emerged as one of the most transformative forces in modern technology, revolution-
izing industries ranging from healthcare and finance to autonomous systems and scientific research. However,
as Al models grow in complexity and capability, they also demand ever-increasing amounts of computational
power and energy. This rapid escalation of resource consumption has reached a critical juncture, as exemplified
by Microsoft’s recent decision to reactivate an entire nuclear power plant solely to sustain its Al operations
[30]. The sheer scale of this investment highlights the immense energy requirements of state-of-the-art machine
learning (ML) systems and underscores the urgent need for resource-efficient Al solutions [13, 60].

A critical aspect of this challenge is to ensure interpretability in machine learning models while maintaining
computational feasibility. The increasing complexity of Al systems has made them more opaque, raising concerns
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about trust, fairness, and accountability [5]. The opacity of black-box models poses critical challenges to the safe
and ethical deployment of Al systems, particularly in high-stakes environments such as healthcare, finance, and
justice. Without the ability to trace how decisions are made, professionals cannot be held accountable nor can
they confidently trust the outcomes. This has driven not only academic but also regulatory efforts to demand
greater transparency and interpretability in Al systems. A compelling example is found in the European In Vitro
Diagnostic Regulation (IVDR), which explicitly recognizes software including Al algorithms as medical devices,
thus subjecting them to strict requirements for traceability and transparency. This regulation mandates that
professionals must be able to understand and justify decisions made with the aid of Al systems, underscoring the
need for explainability, interpretability, and causability in Al models. As Miiller et al. (2022) argue, explainable Al
is not only a scientific challenge, but increasingly a legal and ethical necessity in regulated domains.

Explainable AT (XAI) seeks to address this issue by developing methods that allow users to understand and
interpret model decisions [51]. It has evolved into a dynamic and well-established field that addresses the pressing
need for transparency, accountability, and trust in machine learning systems. A wide variety of approaches have
emerged, including inherently interpretable models such as decision trees and rule-based systems, as well as
post-hoc explanation techniques that can be applied to any model. Among the most prominent of the latter are
Local Interpretable Model-agnostic Explanations (LIME) and SHapley Additive exPlanations (SHAP).

While SHAP has gained considerable traction for its theoretical rigor and practical utility in feature attribution,
it is just one of many viable tools within the explainability toolkit. For a comprehensive and current overview
of XAI techniques including comparative discussions on their applicability across domains readers are referred
to Bennetot et al. (2024), who offer an extensive survey of the field’s development and practical challenges.
Despite its effectiveness, SHAP is computationally expensive, particularly for large-scale datasets. Calculating
them requires generating multiple model permutations, making it an impractical solution for many real-world
applications [64].

This study explores an alternative approach to balancing computational efficiency and interpretability by
applying Slovin’s formula, a statistical sampling method traditionally used in survey research, to SHAP-based
machine learning interpretability. Unlike feature selection or dimensionality reduction techniques that explicitly
alter dataset structures, Slovin’s formula provides a straightforward, low-cost sampling approach that can be
applied without extensive preprocessing, making it accessible for computationally constrained environments
[44]. By reducing the volume of data used in SHAP calculations, it becomes possible to alleviate computational
burdens while preserving the interpretability of machine learning models under certain conditions.

The results of this study reveal that Slovin’s formula offers a promising trade-off between computational
efficiency and interpretability. Across various experimental conditions, the findings indicate that as the relative
size of a feature’s SHAP value increases, its stability after subsampling improves with an optimum for middle
ranked SHAP values resulting in a U-shaped trade-off. Features with strong correlations to the target variable
tend to exhibit greater fluctuations, whereas weak and moderate correlated features remain more stable, where
feature correlation is a proxy for model performance. Additionally, datasets with normally or little-skewed
distributed features and target variables benefit from Slovin’s method, whereas highly skewed distributions
introduce more variation. The same holds for feature and target types, as dummy types show less variation than
continuous variables. The study also highlights the importance of dataset size in determining the effectiveness
of Slovin’s formula. While it proves to be a viable strategy for small and medium-sized datasets, its reliability
diminishes when the subsample-to-sample ratio drops below 5%, particularly in large datasets exceeding 100,000
observations.

Despite variability in SHAP values, particularly for lower-ranked features, Slovin’s formula emerges as a viable
tool for computational optimization in machine learning interpretability under certain conditions. This study
highlights the conditions to be met. While it does not eliminate all computational challenges associated with
SHAP, it provides a structured and resource-friendly alternative that can significantly reduce processing costs.
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These findings contribute to the broader discourse on sustainable Al, emphasizing that even in the absence
of quantum computing, practical solutions exist to make AI more efficient and accessible. By integrating data
reduction techniques such as Slovin’s formula into explainability frameworks, Al researchers and practitioners
can develop models that are not only powerful and interpretable but also computationally and environmentally
sustainable.

The paper’s structure is as follows. After reviewing relevant literature on machine learning, explainability, and
computational constraints, the methodology section details the experimental framework. The data section then
outlines the generation of synthetic datasets in detail. The results section systematically presents findings on
SHAP stability across varying dataset characteristics after implementation of Slovin’s formula.

2 Literature Review

The evolution of ML has been marked by rapid innovation and increasing complexity, necessitating a growing
emphasis on interpretability, scalability, and computational feasibility. In response to concerns around the opaque
nature of black-box models and the rising resource demands of advanced algorithms, the field of XAI has emerged
as a critical area of inquiry. This chapter reviews the conceptual foundations and current research in machine
learning, interpretability, computational constraints, and data reduction strategies culminating in a focused
discussion on Slovin’s formula as a low-cost alternative in the XAl space.

2.1 Machine Learning and Black Box Explaining

Machine Learning has undergone a transformative evolution, starting from its theoretical roots and advancing
into a powerful toolkit for solving complex real-world problems. The journey of ML began with foundational
work by researchers such as Alan Turing, who speculated about machines learning from data [63]. This was
followed by the creation of early models like the Perceptron, developed by Frank Rosenblatt in 1958, which served
as one of the first algorithms for binary classification tasks. Despite their advances, the field struggled during the
"Al winter," a period marked by computational and theoretical challenges, including the inability of single-layer
perceptrons to handle non-linear problems [40].

The 1980s and 1990s saw a revival of ML research with the development of the backpropagation algorithm,
enabling effective training of multi-layer neural networks [55]. Alternative methods like support vector machines
[19] and decision trees [41, 48] emerged, enhancing predictive capabilities across tasks. This era also introduced
ensemble methods such as random forests [11] and boosting [57, 12], alongside advances in statistical learning
theory [67].

The early 21st century witnessed a major leap with deep learning’s rise, fueled by GPU’s computational
power [32]. Innovations like convolutional neural networks and long short-term memory networks transformed
image classification and sequence data modeling, respectively [32, 26]. Recent years have seen natural language
processing revolutionized by transformer-based architectures [68], leading to models like GPT and BERT that
excel in text generation and comprehension. As ML has advanced, its applications have proliferated across diverse
fields, such as financial forecasting, healthcare diagnostics, and environmental modeling [3, 66, 21]. Comparative
studies across industries consistently reveal that ML methods outperform linear approaches in capturing nuanced
patterns in data.

Despite their effectiveness, the "black box" nature of many ML models has sparked concerns about transparency
and accountability. According to Athey and Imbens (2019) the emphasis in the ML literature has primarily been on
evaluating out-of-sample performance, neglecting a traditional focus of the statistics and econometrics literatures,
the capacity for inference. Addressing these concerns, researchers have shifted focus from solely optimizing
predictive performance to ensuring models are interpretable, addressing the need to understand how input
features contribute to predictions and improve decision-making [17, 56].
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This has led to the evolution of Explainable Artificial Intelligence. A foundational distinction in the XAI
field is between ante-hoc and post-hoc interpretability methods. Ante-hoc models such as rule-based expert
systems and decision trees [20] are inherently interpretable by design, meaning their internal logic can be directly
examined and understood. In contrast, post-hoc methods aim to explain complex, black-box models after training
by approximating or attributing feature importance. This distinction is critical when evaluating transparency
needs versus model performance trade-offs. A recent comprehensive study by Retzlaff et al. (2024) provides a
comparative framework between these approaches and introduces design guidelines to help practitioners choose
suitable explainability methods for their tasks.

The rapid growth of complex models like deep neural networks made traditional interpretability methods
insufficient, spurring the development of novel post-hoc XAI techniques. Among these, model-agnostic methods
such as LIME [53] and SHAP [39] emerged as powerful tools for generating post-hoc explanations [14].

SHAP values, based on cooperative game theory [58], offer a particularly strong approach to model inter-
pretability. Unlike LIME that only provides heuristic or locally valid explanations, SHAP values attribute the
contribution of each feature to the model’s prediction in a theoretically sound manner, ensuring consistency
and additivity [39, 61]. This makes SHAP highly advantageous for understanding complex models, as it offers a
global view of feature importance while also providing individual-level explanations. This versatility has led
to widespread adoption of SHAP in fields such as finance, healthcare, and automated decision systems, where
understanding feature contributions is essential for regulatory compliance and user trust [33, 69, 4, 2, 46].

2.2 Computational Constraints

Despite advances, challenges remain. The SHAP method is computationally intensive, especially for high-
dimensional datasets and complex models, creating barriers to its practical application [39]. The exponential
scaling of SHAP calculations with the number of features leads to a "combinatorial explosion” that hinders
scalability [16]. Van den Broeck et al. (2022) analyze the computational constraints of SHAP and propose
tractability optimizations, yet these solutions do not fully address scalability concerns in large-scale datasets,
which we tackle using Slovin’s formula. This issue is particularly problematic for real-time systems or large
datasets, where the computational overhead of SHAP values makes their use impractical. For example, tasks
such as model training and inference in state-of-the-art models like GPT-3 require vast computational resources,
posing significant challenges for smaller organizations [13]. Studies on the energy consumption of NLP models
highlight these constraints, further emphasizing the need for efficient solutions [60].

To address these challenges, researchers have explored multiple strategies. Hybrid and approximation methods
are techniques, which combine methods like Permutation Feature Importance (PFI) with SHAP, or use Accu-
mulated Local Effects (ALE) plots, in order to reduce computational demands while preserving interpretability
[31]. Dimensionality reduction and feature selection techniques such as Principal Component Analysis (PCA)
and model pruning effectively streamline computational tasks [28, 24]. Distributed and scalable computing
frameworks like Apache Spark parallelize tasks, enabling the handling of large datasets and complex models [22].
These frameworks, combined with energy-efficient hardware innovations, offer promising solutions to scalability
challenges [34].

2.3 Data Reduction

Among these strategies, data reduction methods stand out as particularly promising for addressing computational
constraints. By systematically reducing the volume of data, these approaches mitigate the resource demands
of high-dimensional datasets, ensuring computational feasibility without compromising model interpretability
[25, 65]. Data reduction techniques sometimes include dimensionality reduction methods, feature selection in
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addition to data sampling, and data compression. In order to sharply distinguish our field of study from feature
selection and dimensionality reduction, we exclude those two from the field of data reduction.

While these techniques can lead to significant benefits, applying them effectively is complex and time-
consuming for several reasons.

Nature and Complexity of the Data: Data often contains many features and samples with potential noise,
missing values, or redundancies. High-dimensional data is particularly challenging, as described by Bellman (1961)
in the concept of the "curse of dimensionality," which indicates that the computational and analytical complexity
of data increases exponentially with the number of features. Reducing dimensionality can lead to the loss of
potentially valuable information if not done carefully. PCA and t-distributed Stochastic Neighbor Embedding
(t-SNE) are popular dimensionality reduction techniques but selecting an appropriate number of components and
interpreting results requires expertise and can lead to suboptimal reductions [65].

Selection and Optimization Challenges: Selecting the most appropriate data reduction technique is not straight-
forward and often depends on the specific characteristics of the dataset and the intended use case. Feature selection
methods, such as wrapper, filter, and embedded approaches, need to be carefully tailored to the model and problem
domain [25]. The selection process can involve exhaustive search, requiring significant computational resources,
especially for large datasets. Even methods like PCA require fine-tuning, such as deciding on the number of
principal components to retain [29].

Preservation of Data Integrity: Reducing the dimensionality or volume of data must be done without compro-
mising data integrity and interpretability. Inadequate application of reduction methods may lead to biased or
misleading insights, as highlighted by Chandrashekar and Sahin (2014). Moreover, data transformation tech-
niques, such as scaling and normalization, often need to be performed before reduction to ensure meaningful
results. Preserving relationships between features and the underlying data structure adds an additional layer of
complexity to the process.

In summary, applying data reduction techniques requires an in-depth understanding of statistical and mathe-
matical principles, familiarity with domain-specific knowledge, and skillful use of tools. This complexity often
makes it challenging for non-experts to implement data reduction without making mistakes, thereby necessitating
substantial training and experience [23].

2.4 Slovin Formula

Slovin’s formula is a widely recognized method to estimate an appropriate sample size for surveys or research
studies. It is particularly useful when the population size (N) is known, but other statistical parameters such as
variance or standard deviation are unavailable or difficult to determine. The formula provides an approximation
of the sample size required to achieve a specified level of precision (e) in estimates, especially when researchers
aim to draw inferences about a population while operating under resource constraints. The formula is:

N
n= ———
1+ Ne?

(1)

where:

e n is the required sample size,
e N is the population size,
e ¢ is the margin of error (expressed as a decimal)

Slovin’s formula is frequently discussed in statistical and educational literature [44, 47], although its precise
origins remain unclear. The formula is often cited as a heuristic tool rather than a rigorously derived statistical
theorem. It is closely related to early discussions on sample size estimation techniques outlined by Cochran (1977)
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and similar works, which emphasize simplified calculations for practitioners without advanced statistical training
[35].

While the formula lacks a concrete attribution, its adoption in fields like business research, education, and
social sciences can be attributed to its user-friendliness [50]. It is favored for its straightforward implementation,
which eliminates the need for complex statistical computations. Designed for rapid calculation, Slovin’s formula is
especially useful in exploratory studies where precision is secondary [1]. It is also well suited for initial inquiries
where detailed precision is unnecessary [36], researchers constrained by time, budget, or logistical factors, when
variance or other population parameters are unavailable [27]. It is also appropriate for populations with minimal
variability (homogeneous populations) and most effective when each individual has an equal probability of
selection.

2.5 Why it is Reasonable to Engage with Slovin’s Formula

The core critique against Slovin’s formula is its reliance on simplifying assumptions. Tejada and Punzalan (2012)
argue that Slovin’s formula, derived under strict assumptions, is narrowly applicable to specific scenarios, such as
estimating population proportions with a 95% confidence level and a maximum heterogeneity of 0.5. They suggest
that these limitations make the formula unsuitable for inferential problems beyond estimating proportions. They
further argue that its simplicity leads to widespread misuse, particularly in cases where researchers fail to justify
its application or consider its underlying assumptions. While these criticisms are valid in scenarios where the
formula is applied uncritically, they do not categorically invalidate its use. In fact, Slovin’s formula can address
specific research challenges effectively, as demonstrated by Bachmann (2025). In the study Slovin’s formula is
employed as a data reduction technique to tackle computational constraints in calculating SHAP values for over
0.5 million observations. By applying the formula, the researcher reduces the necessary test dataset from 100,000
to 2,946 observations, enabling them to conduct SHAP-based feature importance analysis without overburdening
computational resources. Crucially, the reduction does not compromise the interpretability of the models, as
the deviation in SHAP values between the reduced and full datasets is negligible. This innovative application
demonstrates how Slovin’s formula can be adapted to specific research contexts, effectively challenging the
assertion that it is inherently flawed.

Moreover, the researcher takes care to justify his use of Slovin’s formula. He explicitly defines the margin
of error (e=0.02) and validates the representativeness of the reduced sample. This transparency stands in stark
contrast to the uncritical applications criticized by Tejada and Punzalan (2012). By integrating Slovin’s formula
into SHAP computation, it would become possible to achieve a balance between two seemingly contradictory
goals: computational efficiency and the preservation of interpretability, a trade-off that Radford et al. (2021)
already engage in, and which addresses the scalability concerns cited by Linardatos et al. (2020)

This motivation sets the stage for the subsequent exploration of Slovin’s formula’s practical application in
reducing SHAP’s computational costs. The chapter to follow delves into implementation strategies, evaluating
their effectiveness across diverse datasets and models. By situating Slovin’s formula within the broader context
of XAI challenges, we underscore its potential to redefine the balance between scalability and interpretability in
modern machine learning systems.

3  Method

To explore the practical integration of Slovin’s formula into SHAP-based machine learning interpretability, we
develop a comprehensive experimental framework grounded in synthetic data generation and model evaluation.
This chapter details the methodology, including model selection, data sampling strategies, and the analytical
approach used to assess SHAP value stability. By systematically varying dataset characteristics, we aim to identify
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the conditions under which Slovin’s formula offers a viable trade-off between computational efficiency and
interpretability.

3.1 Overall Approach

In response to the findings and assertions presented inTejada and Punzalan’s (2012) paper, we aim to systematically
challenge their conclusions by demonstrating a novel use-case of Slovin’s formula in machine learning model
training and evaluation. While the authors contend that Slovin’s formula is often misapplied, our approach is
designed to explore its utility and limitations in a controlled and scientifically rigorous manner using synthetic
data and modern computational techniques. We will outline our methodology and steps as illustrated in Figure 1.

Synthetic Data SHAP Absolute Mean

Generation

Difference between
Test and Slovin Mean

Maodel Training Calculating SHAPs

Distributions
Correlations
Feature Types

= TestData Set
*  Reducted Data Set
according to

Slovin’s Formula

per feature, mode|
and dataset,
respectively

*  Linear Regression
*  KGBoost

*  Meural Net

*  Support Vector
Machine

per feature, model
and dataset,
respectively

Fig. 1. Methodology overview

The process begins with synthetic data generation, where artificial datasets are constructed to simulate
various data scenarios. This involves specifying the distributions of individual features, defining correlations
between them, and considering different feature types, such as numerical and categorical variables. By carefully
designing these characteristics, the generated data can reflect complex patterns that are representative of real-
world phenomena.

Once the synthetic data is prepared, it is used to train several machine learning models. The selected
models include linear regression (LR), extreme gradient boosting (XGB), neural networks (NN), and support vector
machines (SVM). Each of these models offers unique advantages, ranging from the simplicity and interpretability
of LR to the sophisticated capabilities of NN and XGB for capturing non-linear relationships and interactions.
This range covers the common models applied in ML contexts.

Following model training, we calculate SHAP values to interpret the models. SHAP values are computed
on two datasets: the full test dataset and a reduced dataset created using Slovin’s formula. These SHAP values
quantify the contribution of each feature to the model’s predictions for every observation. To make all values
practicable for comparison, the absolute mean of SHAP is computed for each feature on every model for every
dataset (further detail in the result section). This step gives us the average magnitude of feature contributions,
enabling comparisons across different scenarios. Finally, the difference in SHAP absolute mean values between
the test dataset and the reduced dataset is calculated, again for each feature on every model for every dataset.

3.2 SHAP Values as Comparing Tool

To strengthen our proposed methodology for challenging the application of Slovin’s formula in data reduction
context, it is important to emphasize that the application of SHAP values as a tool of model comparison is
well-grounded in existing literature.

Baptista et al. (2022) explore the correlation between SHAP values and classical metrics such as monotonicity,
trendability, and prognosability in prognostic models. This demonstrates how SHAP values can track and reflect
changes in model outputs, emphasizing the importance of SHAP-based explanations for understanding how
features contribute to complex predictions between models. Yang et al. (2024) use SHAP values to analyze
the contribution of different indicators in landslide susceptibility models, revealing that SHAP can effectively
highlight feature importance across models of varying complexity and robustness.
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Recent work by Nguyen et al. (2023) investigates the application of SHAP values in financial risk modeling,
demonstrating their efficacy in identifying high-impact features that influence credit default predictions. By
providing granular insights into feature contributions, SHAP values have allowed financial institutions to
meet regulatory requirements for transparency while optimizing risk assessment models. Similarly, Liu et
al. (2023) utilizes SHAP values to evaluate feature importance in climate prediction models, showcasing how
local explanations align with global climate trends, ensuring both interpretability and predictive robustness.

In healthcare, Patel (2023) apply SHAP values to electronic health record data for early detection of sepsis.
Their findings illustrate that SHAP explanations facilitate clinician trust by revealing feature contributions such
as vital signs and lab results across various databases. Furthermore, an industrial application by Batouei (2024)
demonstrates how SHAP can be used for sensitivity analysis in industrial autoclave curing processes, particularly
in balancing trade-offs in cure uniformity.

These studies collectively support the validity and utility of using SHAP values to compare and interpret model
behavior across different datasets and models.

3.3 Relative vs. Absolute Values

All papers mentioned in the previous section use absolute SHAP values in their comparison task. In scientific
research and data analysis, the choice between relative and absolute values often shapes the interpretability
and applicability of results. While absolute values provide raw magnitudes, relative values contextualize these
magnitudes within a framework that often reflects real-world relationships more accurately. This section argues
that the use of relative values is not only plausible but also scientifically grounded for our approach. To the best
of our knowledge, we are the first to apply relative values in context of SHAP comparison.

Relative values adjust for scale and variance, enabling comparisons that are meaningful across datasets and
contexts. For instance, the relative importance of SHAP values provides insights into proportional contributions
rather than sheer magnitudes [39]. This approach aligns with the principle of interpretability emphasized in
explainable Al research, where the goal is to understand the impact of a feature relative to others, irrespective
of absolute numerical values [17]. Moreover, relative values are inherently robust in settings where absolute
measures can be misleading due to heterogeneity in datasets. For example, in healthcare, relative risk ratios are
favored over absolute counts to assess treatment efficacy because they offer standardized metrics, facilitating
cross-study comparisons and meta-analyses [59].

Also, relative metrics excel in comparative studies. In environmental modeling, for instance, researchers often
examine relative changes in pollution levels rather than absolute measurements to account for seasonal variations
and differing baselines across regions [3]. Absolute values may inadvertently introduce biases, particularly
in high-dimensional datasets with disparate feature distributions. By contrast, relative importance measures
normalize these effects. Baptista et al. (2022) demonstrate that relative metrics mitigate overrepresentation
of features with naturally high scales, thereby preserving fairness and ensuring interpretability in predictive
maintenance systems.

The preference for relative values is not arbitrary but is underpinned by robust theoretical frameworks. Ratio
analysis, a cornerstone in statistical and economic research, exemplifies how relative metrics provide deeper
insights into proportional relationships [70]. Similarly, in dimensionality reduction, relative error metrics are
used to evaluate the quality of transformations, ensuring that critical data patterns are preserved even when
absolute values are altered [65].

4 Data

This chapter explores the process of generating synthetic datasets designed for our experiments. The method-
ologies follow a structured framework aiming to create data with specific statistical and relational properties,
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ensuring flexibility and adaptability for a range of research scenarios. The primary focus is on developing datasets
with controlled correlations between features and target variables, while also introducing diverse transformations
and distributional variations. These datasets are designed to mimic real-world scenarios while maintaining full
control over the data-generating process, allowing us to systematically explore the application of Slovin’s formula
on SHAP values under various conditions. Figure 2 illustrates the iterative creation process.

The methodology begins with the definition of the dataset size, which establishes the number of observa-
tions. The dataset size can be selected from a range of options, starting from 20,000 and extending to 500,000
observations!. This step is primarily driven by the fact that subsampling with Slovin results in diminishing
subsample-sample ratio. While it is analytically evident from Slovin’s formula that limy_,c n = eiz which equals

2,500 for a margin of error e = 0.02, the derivative 57'\’, = m confirms that n increases monotonically with
2 2
decreasing marginal gains, and ;’T’Z = ﬁ < 0 further confirms concavity, Table 1 illustrates the exact

numbers for our datasets.

The first column (Sample Size) represents the total number of elements in the dataset, ranging from 4,000 to
100,000. The numbers represent the test dataset sizes of the total dataset sizes illustrated in Figure 2 and they
correspond to them being the 20%-fraction. The second column (Subsample Size) indicates the number of elements
extracted as a subsample from the larger dataset after applying Slovin under the assumption of error rate 0.02,
which is a well-known value in literature (Harfitalia & Pujangkoro, 2022). The third column (Subsample-Sample
Ratio) expresses the proportion of the subsample size to the total sample size, calculated as:

) Subsample Size
Ratio (%) = | ——————— | x 100

Sample Size @

The data concretely show that as the sample size increases, the corresponding subsample size grows at a
diminishing rate. For instance, for a sample size of 4,000, the subsample size is 1,538, yielding a ratio of 38.46%.
However, for the largest sample size of 100,000, the subsample size increases to only 2,439, with a significantly
lower ratio of 2.44%. This trend indicates that the relative size of the subsample decreases as the dataset becomes
IThe choice of sample sizes is mainly driven by practical forces. We start of with 20,000 because of the manageable time consumption of
SHAP value calculations. From there we make a large step to 500,000 to check the representativeness of the 20,000-results. Seeing the results

drastically drifting off we follow a step-by-step approach to find the trade-off data size, where SHAP value variation exceeds beyond senseful
results.

Journal of Artificial Intelligence Research, Vol. 83, Article 2. Publication date: June 2025.



2:10 « Bachmann

Table 1. Overview of how the subsample size and its ratio to the total sample change with increasing dataset size.

Sample Size Subsample Size Subsample-Sample Ratio

4000 1538 38,46%
8000 1905 23,81%
16000 2162 13,51%
32000 2319 7,25%
48000 2376 4,95%
56000 2393 4,27%
64000 2406 3,76%
100000 2439 2,44%

larger and asymptotically merges to the value of 2,500 (in case of constant error rate of 0.02). While such behavior
is helpful for securing computational feasibility, it increases the risk of resulting in non-representative subsamples.

In the second step, we define the target variable, serving as the dependent variable in the dataset. This variable
can be generated from a wide range of statistical distributions, including normal, uniform, exponential, logarithmic,
gamma, beta, poisson, and skewnormal distributions. Each distribution provides unique characteristics, allowing
us to model various real-world phenomena. Furthermore, the target variable can be specified as either continuous
or binary, in order to simulate datasets for regression tasks and classification problems. The third step involves
the generation of ten? features. These features, like the target variable, can be sampled from a broad selection
of statistical distributions. This mimics a variety of data characteristics, ranging from symmetric to skewed
distributions and from continuous to categorical data. Another set of datasets incorporated features with mixed
distributions, such as bimodal and skewed patterns. These datasets tested the adaptability of machine learning
models to non-standard data distributions. The fourth step focuses on establishing correlations between the
features and the target variable, as well as among the features themselves. This step is critical for creating datasets
with realistic interdependencies and for testing under specific conditions. We define the correlation strength
between the characteristics and the targets at three levels: all weak (|r| < 0.3), varying (|r| € [0.0,0.9]), and all
strong (|r| > 0.8). While feature—target correlations were generally constructed to be positive for consistency,
inter-feature correlations were not constrained in sign, allowing for both positive and negative relationships to
emerge.

Datasets with strongly correlated features and targets serve as a foundation for studying regression and
feature importance techniques. These datasets provide clear predictive relationships, enabling robust model
training and evaluation. Datasets with weak or negligible correlations challenge models to handle noise effectively.
These scenarios highlight the robustness results in the absence of strong signals. Similarly, the correlations
among features can be set to several configurations, including all weak, varying, all strong, or perfect
multicollinearity (a inter feature correlation of 1.0). By inducing multicollinearity—where some features are
linear combinations or transformations of others—these datasets provide a testbed for studying the limitations of
regression models and the efficacy of feature selection methods.

The datasets are created by systematically altering one parameter at a time while keeping others constant. This
methodical variation allows for the isolation and examination of the impact of each parameter on the robustness
of SHAP values across dataset sizes.
2Clearly choosing ten as the number of features is arbitrary. Real life datasets can reach up to hundreds of features. Since this is a first-time
approach of applying Slovin formula we don’t want to overcomplicate. The number of ten is a good first shot as it allows for modelling

necessary interdependencies between features and for supplying various feature characteristics within one dataset, but on the other hand
maintains clarity. Examining SHAP values changes for varying number of features is an interesting topic of further research.
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5 Results

We will present the results of the research step-by-step, following the well-known sequence depicted in Figure 2,
this time focusing on the stages marked by number 1 to 4. Each stage corresponds to one of the specific aspects
of the data generated. We start by looking at conspicuities with SHAP value differences emerging from variation
of correlations (1) going on to eminences based on variation in feature type and distribution (2), to target type
and distribution (3) and, finally, to data size (4).

The average absolute SHAP values are computed and compared across full and Slovin-reduced datasets,
revealing how different dataset attributes influence feature importance measures. As argued in the method section
we choose to compare relative measures with each other. Hence, we put absolute mean SHAP values for each
feature within each iteration into relation of all remaining SHAP means resulting in a value between 0 and 1 for
each feature in every model for both, full dataset and reduced as illustrated in formula 3.

SHAP; ; i
SHAPLj,k + ( .. ) + SHAPn’j’k

SHAP; j i is the absolute SHAP mean for feature i in model j trained on dataset k. The formula basically tells
us that we calculate a relative SHAP mean for each feature by dividing its absolute SHAP mean by the sum of all
absolute SHAP means within the same model j and dataset k.

Additionally, we calculate the relative difference between the relative SHAP mean based on the original test
dataset (Relative SHAP; ; x) and the reduced dataset (Reduced Relative SHAP; ; ;), as depicted in formula 4.

Relative SHAP; ; x =

®3)

abs(Reduced Relative SHAP; ; . — Relative SHAP; ; ¢)
Relative SHAP; j x

Difference; j x = (4)
To ensure that all values are positive, we calculate the absolute value of the difference between Reduced Relative
SHAP; jx and Relative SHAP; ; .> As a result, we receive a percentage value of difference for each feature i in
model j trained on dataset k.
Using these two key measures, the following paragraphs ties together the results, offering a comprehensive
evaluation of how changes in characteristics affect SHAP values across sample sizes.

5.1 Correlation

Figure 3 illustrates the relationship between relative size according to formula 3 (x-axis) and the percental
difference according to formula 4 (y-axis) with varying correlation structures leaving other characteristics stable.

The data points in the figure are marker-coded to reflect four correlation configurations. Circles represent
datasets with poor or negligible correlations between features and the target variable, squares represent datasets
with a wide range of correlations, triangles represent datasets with consistently strong correlations, and diamonds
denote datasets where some features exhibit perfect linear dependency (perfect multicollinearity). This distinction
follows the one we present in the data generation process (Figure 2).

A clear trend emerges across all correlation configurations. As the relative size increases, the percentage
difference in SHAP values decreases. This trend indicates that the more relevant a feature is marked by SHAP,
the more stable the value across Slovin’s data reduction, and that this connection is independent of features
correlation or, in other words, model performance.

3Although no explicit restrictions were imposed on the data generation process regarding SHAP value distributions or correlations, we
acknowledge that the absence of observed values exceeding 1 in the relative differences is possibly due to emergent properties of the synthetic
data design. While this behavior held consistently across all simulation runs, its generalizability warrants further investigation in future
research, particularly under more adversarial or unbalanced conditions.
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Fig. 3. Results of correlation variation

For datasets with poor correlations, the variability in SHAP values is notably low, mostly below 5%. This
is surprising because of the inherent instability in datasets with weak relationships between features and the
target variable, where noise should make SHAP computations more sensitive to sampling variations. Datasets
with variable correlations also show moderate levels of variability (< 10%). Similarly, datasets with perfect
multicollinearity display low variability (<= 5%). In contrast, datasets with high correlations exhibit high differences
especially for relatively small values, but less for very high values, demonstrating that strong feature-target
relationships result in inconsistent SHAP computations for low SHAP values.

At smaller relative sizes (< 0.1), the figure reveals 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 values, particularly for datasets with strong correlations, where SHAP values
are highly sensitive. As relative size increases, the points for all correlation configurations converge near the
lower range of percentage differences. This convergence reflects the growing stability of SHAP computations as
relative relevance increases.

5.2 Feature Type and Distribution

Figure 4 presents the same relationship as Figure 3. This time we distinguish between four categories of features:
continuous features (circle), binary dummy features (square), features sampled from normal distributions (triangle),
and features drawn from a mix of various distributions (diamond) that we establish in the data section leaving all
other characteristics constant.
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Fig. 4. Results of dependent feature variation

Again, we see the general trend showing that as the relative size increases, the percentage difference in SHAP
values decreases across almost all feature types and distributions. Notably, this does not hold for dummy-type
features, as they do not appear under the strong outliers. Continuous features and datasets with non-normally
distributed features have higher deviation especially for very low SHAP values. Continuous features exhibit
relatively high variability in SHAP values, particularly for smaller relative sizes (< 0.1). This heightened sensitivity
is likely due to the dominance of continuous features in influencing model predictions, particularly in regression
tasks, making their SHAP values more susceptible to changes in subsampling. By contrast, dummy features
demonstrate much lower variability. Their binary or categorical nature limits the range of possible SHAP values,
resulting in greater stability even at smaller SHAP values.

Features sampled from normal distributions exhibit moderate variability. The symmetry and consistency
inherent in normal distributions supposably contribute to relatively stable SHAP outputs across samples. However,
the variability is still slightly higher than that observed for dummy features, suggesting that the numerical nature
of normally distributed features introduces some sensitivity to subsampling.

Features derived from mixed distributions also exhibit very high variability, particularly at smaller relative sizes.
These features, drawn from a combination of skewed, bimodal, and other complex patterns, increase complexity to
the models, which amplifies the challenges of maintaining representativeness in subsamples, obviously leading to
greater variability in SHAP values. As the relative size increases, the variability for mixed distributions diminishes,
but their inherent complexity continues to introduce subtle inconsistencies compared to more uniform feature

types.
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Again, for smaller relative dataset sizes (< 0.1), the scatter of points for all feature types and distributions,
except dummy types, is substantial. This reflects the inherent difficulty of maintaining consistent SHAP values
drawn from reduced subsamples, especially for small SHAP values and among those, particularly for features
exhibiting diverse or complex distributions. As relative size increases, the points converge toward lower percentage
differences, reflecting the improved stability of SHAP computations for larger SHAP values.

5.3 Target Type and Distribution

Looking at the target feature we distinguish distributional differences in further detail, so that we present SHAP
values in two separate plots (Figure 5).

The first figure provides a comparison of datasets with continuous target variables (circle) and dummy target
variables (square). Again, we see the trend that the relative dataset size increases, the percentage difference in
SHAP values decreases, but this time with a clear difference in feature type. For continuous target variables, SHAP
values exhibit much greater variability at smaller relative sizes. The pattern corresponds to the one we already
see in dependent feature types. This is again likely because continuous targets are sensitive to subtle variations
in feature relationships, making SHAP values more susceptible to subsampling effects. In contrast, dummy target
variables display much lower variability, as their binary nature limits the complexity of feature-target interactions,
leading to more consistent SHAP outputs across the whole branch of SHAP sizes. Although we can also recognize
the negative correlation between relative size and difference here, it should be noted that the SHAP values in
data samples with dummy target variables are rather stable.

The second figure examines how different target distributions affect SHAP value stability during Slovin
subsampling. The distributions analyzed include normal (circle), uniform (square), gamma (triangle up), beta
(diamond), skewnormal (star), logarithmic (triangle left), exponential (triangle right), and poisson (triangle down).

Some distributions introduce more variability than others, particularly at smaller relative sizes. Poisson and
exponential display the highest variability at smaller relative sizes. These distributions apparently are more
challenging for SHAP computations to stabilize after application of Slovin. Logarithmic targets also express
higher differences at a small SHAP level, but the deflections are significantly smaller than the ones of poisson and
exponential. All remaining target distributions, although showing more variance with small SHAPs, generally
give out deviations below 10%. The higher variability in SHAP values for Poisson, exponential, and logarithmic
target distributions can be attributed to their inherent skewness and concentration of values in specific regions.
Exponential and Poisson distributions are heavily right-skewed, meaning that a large proportion of their values
are clustered near zero, while a few extreme values extend far into the positive range. When applying Slovin’s
subsampling, the reduced dataset may disproportionately exclude these extreme values, leading to instability in
SHAP value computations, especially at small SHAP levels where model sensitivities to small perturbations are
highest. Logarithmic distributions, on the other hand, exhibit a different but related behavior: their values tend to
spread unevenly, with large differences between consecutive observations at lower ranges. This characteristic
can amplify small fluctuations when recalculating SHAP values after subsampling, making them more sensitive
to representational distortions. By contrast, distributions such as normal and uniform maintain relatively stable
variance across their entire range, reducing the impact of subsampling and leading to lower deviations in SHAP
computations.

5.4 Data Size

As shown in the data section the subsample produced by Slovin’s formula becomes relatively smaller compared to
the original one, as the test dataset size increases (cp. Table 1). As this might logically influence the subsample’s
representativeness, we plot the relative SHAP values size against the percental difference across test data sizes
(Figure 6). Each curve in the plot corresponds to a different sample size, ranging from 4,000 to 100,000 observations.
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Fig. 6. Results of data size variation

As it would confuse the illustration, if we draw all single points as in previous figures, we calculate a fitted line
for each data size. We choose the third-degree polynomial, as it allows for necessary non-linearity and at the
same time is robust against outliers.

Across all sample sizes, the relationship between relative size and percentage difference follows a rather
characteristic U-shaped curve. As the relative SHAP size increases from very small sizes, the percentage difference
in SHAP values initially decreases, reaching a minimum between 0.2 and 0.4 before increasing again as relative
size approaches 0.8. These curves very well reflect the interplay between representativeness and variability. For
very small relative SHAPs, the subsample is not representative of the full dataset, resulting in high variability in
SHAP values. As the relative size grows, the subsample becomes more representative, reducing variability and
stabilizing SHAP computations. Beyond a certain point, the effect of relative size diminishes, and the increasing
size leads to a slight uptick in percentage difference. For some datasets (4,000; 8,000; 64,000; 100,000) the fitted
curve drops again in the end, but it is not representative of all datasets.

The curves reveal that larger sample sizes generally lead to higher percentage differences in SHAP values across
all relative sizes. For instance, the dataset with 100,000 observations (dash-dotted grey) shows merely a steep
drop of difference around the point of 0.2 to then drastically take off again demonstrating its insufficient stability
and robustness. In contrast, the dataset with 4,000 observations (solid black) exhibits the lowest percentage
differences, particularly at small and high relative sizes, reflecting a rather consistent application of Slovin
subsampling. Intermediate sample sizes, such as 16,000 (dotted black) and 48,000 (solid grey), strike a balance,
with moderate percentage differences that decrease significantly as the relative size increases and increases again
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after hitting a low between 0.2 and 0.4. Altogether they still show robustness being below 7.5% throughout all
SHAP sizes. Sample sizes from 56,000 and above show a significant shift upwards with steeper drops in the
beginning, but also steeper takeoffs after hitting their lower bound. Taking together with Table 1 we note that
with the subsample-sample ration of 5% and below the robustness significantly loses stability.

Each curve 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 size, while for larger datasets (e.g., 100,000),
the minimum shifts to a higher relative size. Moreover, the curvature of the lines becomes more pronounced
as the sample size increases. Larger datasets, such as those with 100,000 observations, exhibit steeper curves,
reflecting their lack of resilience to subsampling effects. Smaller datasets, by contrast, display flatter curves,
emphasizing the diminishing variability introduced by small subsamples. This pattern suggests that Slovin’s
formula subsampling delivers more stable results for small datasets, whereas it loses its robustness with larger
datasets.

5.5 Summary

The findings demonstrate that while Slovin’s formula presents a promising trade-off between computational
efficiency and interpretability, its effectiveness varies significantly depending on dataset characteristics.

Concerning correlations, a clear trend emerges, indicating that features with higher SHAP values exhibit greater
stability after Slovin’s subsampling, independent of correlation configurations. Datasets with weak correlations
show the lowest variability in SHAP values, whereas those with strong feature-target relationships demonstrate
substantial deviations, particularly for features with smaller SHAP values. Notably, datasets exhibiting perfect
multicollinearity display a reduction in SHAP variability, suggesting that high redundancy among features
mitigates the destabilizing effects of subsampling.

Regarding feature type and distribution, the results reveal that categorical features maintain relatively stable
SHAP values, whereas continuous features display higher deviations, particularly at lower feature importance
levels. Features derived from normal distributions exhibit moderate variability, while those sampled from mixed
distributions tend to show greater fluctuations. These findings underscore the influence of data homogeneity in
ensuring SHAP robustness after subsampling, suggesting that the stability of feature importance measures is
closely tied to the distributional properties of input variables.

Observing target variable types and distributions, similarly to the findings on feature types, dummy target
variables contribute to greater consistency in SHAP values, reinforcing the notion that simpler categorical
structures enhance model interpretability under subsampling conditions. However, target distribution plays a
crucial role in shaping SHAP variability. Highly skewed distributions such as Poisson and exponential exhibit
greater fluctuations in SHAP values, while normal and non-skewed distributions yield more stable results. This
pattern suggests that the inherent properties of target distributions influence the reliability of SHAP-based
interpretability after applying Slovin’s formula.

Probably the most significant findings emerge from the investigation of dataset size and the subsample-to-
sample ratio. Across all dataset sizes, the relationship between SHAP stability and feature importance follows a
U-shaped pattern, where stability is highest for mid-range SHAP values and declines at both extremes. Larger
datasets generally exhibit higher variability in SHAP values, particularly when the subsample-to-sample ratio
falls below 5%. Smaller datasets, by contrast, retain a higher degree of stability across all feature importance
levels. These results indicate that Slovin’s formula is most effective for small to medium-sized datasets, where
it successfully reduces computational costs while preserving interpretability. For large datasets, one possible
mitigation strategy is to employ adaptive sampling techniques that prioritize representativeness. For instance,
stratified sampling based on feature distributions or importance-based sampling that considers feature variance
or preliminary model influence scores can help maintain the interpretative quality of SHAP values. Additionally,
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hybrid approaches that combine Slovin’s formula as a baseline estimator with more dynamic sampling adjustments
either informed by model diagnostics or data clustering may help preserve both computational efficiency and
explanation fidelity. Future work should further explore these integrative techniques to extend the benefits of
low-cost sampling into large-scale ML contexts while safeguarding SHAP robustness.

In conclusion, the findings confirm that Slovin’s formula can serve as a viable computational optimization
tool for SHAP value estimation, provided that specific dataset characteristics are considered. The method
proves beneficial in reducing computational burdens for small and medium-sized datasets while maintaining the
integrity of feature importance measures. However, its reliability diminishes in large datasets with highly skewed
distributions, emphasizing the importance of carefully assessing dataset attributes before applying Slovin’s
formula. By identifying the conditions under which this approach preserves SHAP stability, this study contributes
to the broader discourse on resource-efficient Al, offering a structured methodology for balancing computational
feasibility with explainability in machine learning interpretability.

6 Conclusion

Our study introduces a resource-efficient method to balance computational efficiency and interpretability in
machine learning by incorporating Slovin’s formula into SHAP-based feature importance estimation. The findings
offer practical solutions for scientists and researchers who face increasing computational challenges in XA,
particularly when working with large datasets or limited computational resources.

The research demonstrates that Slovin’s formula can significantly alleviate the computational burden while
preserving interpretability in most scenarios. Features with higher importance scores retain greater stability
after subsampling, regardless of dataset correlation structures. Additionally, categorical and normally distributed
features tend to produce more reliable SHAP estimates, while continuous and mixed-distribution features present
higher fluctuations. Similarly, target variables with non-skewed distributions exhibit better stability, while highly
skewed distributions, such as Poisson and exponential, present greater deviations. Importantly, the results
establish that mid-ranked SHAP values offer the best balance between computational feasibility and stability,
presenting a clear optimization strategy for researchers.

Perhaps the most significant contribution of this study is its applicability to small and medium-sized datasets,
where Slovin’s formula maintains high stability even under tight computational constraints. For scientists dealing
with mid-sized data in disciplines such as healthcare, finance, or environmental sciences, this method provides a
scalable solution to accelerate SHAP-based interpretability without compromising on accuracy. However, the
research emphasizes caution for large datasets exceeding 100,000 observations, where subsample-to-sample ratios
below 5% reduce reliability and require supplementary strategies.

The study not only addresses a critical gap in the discourse on resource-efficient Al but also equips the scientific
community with a systematic approach to reduce processing costs while maintaining transparency and trust in
machine learning predictions. By optimizing SHAP computations, researchers can better utilize their resources,
minimize energy consumption, and accelerate experimentation, making Al research both more sustainable and
accessible.

One notable limitation of this study is the exclusive use of synthetic datasets. This approach offers strong exper-
imental control, enabling systematic manipulation of feature distributions, correlation structures, and data sizes.
However, such datasets may not fully capture the complexities, irregularities, and noise characteristics inherent
in real-world domains. In practice, real-world data often contain missing values, unbalanced class distributions,
hidden confounders, and domain-specific patterns that could affect both 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 to operational datasets.
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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.

Furthermore, 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 in
order to better reflect the complexity of real-world datasets and examine how SHAP subsampling behaves under
higher-dimensional settings. Additionally, we recognize the importance of assessing computational performance
in greater detail. A systematic evaluation comparing execution times as the data size and feature characteristics
vary will be invaluable. Such an analysis will help clarify the trade-offs between interpretability and computational
efficiency, especially in large-scale applications. These directions not only promise to refine the current approach
but also to contribute toward a more comprehensive understanding of scalable XAI techniques.

Furthermore, by integrating Slovin’s formula into machine learning workflows, researchers can achieve a
high degree of transparency, meet regulatory demands for interpretability, and ensure that models remain both
resource-efficient and accessible across academic and industrial contexts. The study encourages the adoption
of hybrid techniques that combine Slovin’s subsampling with other optimization methods to further improve
scalability and robustness. This work aims to serve as a foundation for future advancements, promoting more
sustainable and responsible Al practices for scientists around the world.
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