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Abstract

We propose a regularisation method—Sparse-Selective Similarity (S5)—designed
to improve the local explainability of linear models by balancing sparsity and
feature similarity in a context-aware manner. Unlike traditional regularisers
such as L1 (which enforces sparsity) and L2 (which promotes smoothness),
S3 selectively applies a pairwise similarity penalty only when multiple fea-
tures contribute significantly to a prediction. This avoids over-penalising
models where one or few features dominate, while encouraging balanced im-
portance distributions when several features are relevant. We evaluate the
impact of S3 on local explanation quality using three post-hoc explanation
techniques—LIME, SHAP, and Feature Influence—on a real-world medical
dataset. Explanation faithfulness is assessed via sufficiency, necessity, and
prediction variability metrics across a range of top-K feature subsets. Our re-
sults show that models trained with S5 achieve consistently higher necessity
scores and more stable prediction behaviour, without sacrificing accuracy
or sufficiency. This demonstrates that S3 regularisation can significantly
enhance the robustness and informativeness of local explanations in inter-
pretable models.
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1. Introduction

Explainable Artificial Intelligence (XAT) has become a foundation of trust-
worthy A, enabling users to understand, justify, and trust the decisions made
by machine learning models [1, 2, 3]. In fields such as healthcare, finance,
and law, the ability to provide transparent and interpretable explanations is
critical for building user confidence and supporting informed decision-making
[4,5,6,7,8,9].

Despite the current advances in XAlI, several persistent challenges have
been highlighted by the research community [10, 11, 12, 13]. These challenges
can be broadly categorised into four main areas:

e Contextual Complexity: When the nature of the data or decision-
making process makes explanations difficult to generate or understand
(e.g., blockchain, financial data, rare diseases).

e Audience Adaptability: When explanations fail to account for the
expertise, background, or cognitive load of different users, making them
ineffective or inaccessible.

e Fairness and Transparency: When explanations inherit biases from
data, models, or human annotators, leading to misleading or untrust-
worthy insights.

e Usability and Engagement: When explanations are not designed
with user needs in mind, causing cognitive overload, lack of interactiv-
ity, or failure to support decision-making.

Focusing on the Fairness category, a well-known concern in Al is sam-
pling bias, where some groups or feature patterns are underrepresented in
the training data. This can lead to discriminatory outcomes, such as bi-
ased predictions based on gender or other societal factors [14, 15]. However,
another important but less examined issue is what we refer to as the imbal-
anced feature importance problem. This occurs when certain features receive
much larger weights than others, which can distort the way explanations are
generated. In models such as logistic regression, a few features with large
coefficients often dominate the explanation, while other relevant features are
overlooked due to their smaller weights. This can result in misleading expla-
nations.



Inspired by prior studies [16, 17, 18, 19], we note that such imbalance may
arise from factors such as sampling bias, overreliance on dominant features,
or suboptimal preprocessing. However, despite its implications for model
interpretability, this issue remains underexplored in the literature. This is
not merely a data quality concern, but also a modelling issue such that even
well-curated datasets can lead to models with skewed coefficient distributions,
compromising the quality of local explanations.

To address this, we introduce a novel regularisation technique named
Sparse-Selective Similarity (Ss). This regulariser improves local interpretabil-
ity by jointly promoting sparsity and encouraging similarity among active co-
efficients in logistic regression models. Unlike traditional L; or Ly penalties,
the S3 regulariser selectively reduces disparities between influential features,
allowing smaller coefficients to meaningfully contribute to explanations.

Our contributions in this paper are as follows:

o We identify the imbalanced feature importance problem in local explain-
ability, where dominant model coefficients hinder comprehensive fea-
ture attribution.

e We propose the S; regulariser as a principled solution to improve coef-
ficient balance and enhance the interpretive value of logistic regression
models.

e We empirically demonstrate the benefits of the S3 regulariser using
a real-world dataset, showing improved local faithfulness and model
transparency.

Our work responds to recent calls for more principled XAI methods, such
as those outlined by Freiesleben and Koénig (2023) [20], who emphasise the
role of model regularisation in achieving interpretable machine learning.

The remainder of this paper is organised as follows: Section 2 reviews
related work; Section 3 presents our experiments and results; and Section 4
concludes with a discussion and directions for future research.

2. Related Work

XAI is known to be a hot topic with the increased complexity of Al
models. Shahab et al. [9] reviewed how XAI can improve the interpretabil-
ity of "black-box” models, showing its relevance for transparency. Petter



et al. [21] showed that XAI techniques helped improve explanation qual-
ity in credit scoring, making decisions clearer for users. Zhang et al. [22]
discussed how explainable models can build trust in Al-based cyber-defence
systems. Richmond et al. [23] looked at how XAI could help increase trans-
parency and accountability in legal applications. Similarly, Deeks [24] argued
that explainable models are useful for making legal decisions easier to un-
derstand. Despite these advancements, many studies have urged for more
rigorous methodologies in applying XAI to go beyond simply justifying Al
decisions and instead focusing on the interpretability and intuitiveness of
explanations [25, 13, 7, 26]. This means that explanations become valuable
with human-centric explanations.

2.1. The Evolving Landscape of XAI Challenges

Specifically, Debruijn et al. [10] argued that XAI should be viewed as a
socio-technical challenge rather than merely a technical one. They emphasise
that explanations of Al decisions must account for social and organisational
contexts, as well as technical accuracy. Freiesleben et al. [20] criticised the
XATI community for applying explanation techniques in a generic manner,
without considering methodological rigour. They proposed steps to ensure
that XAI research is grounded in solid methodologies and focused on pro-
ducing actionable, understandable results. Swamy et al. [27] speculated
that the future of human-centred Al will involve moving away from explain-
ing black-box models. They suggested that the next wave of XAl research
should prioritise models that are intrinsically interpretable, such as certain
types of neural networks, which could mitigate the need for post-hoc ex-
planation methods. Other recent work has shown that feature importance
estimates from local explanation methods can vary depending on the data
used [28]. Since explanations are influenced by both the data and the learn-
ing algorithm, it is normal to see that some features appear more important
than others. We refer to this as imbalanced feature importance. Although
common, this imbalance might affect how useful the explanations are, be-
cause feature importance plays a role in how we interpret model predictions,
according to [16] and [18].

3. Explainability and Feature Imbalance

Before delving into imbalanced feature importance term, we introduce
the different between global and local explainability in linear model.
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3.1. Global and Local Explainability in Linear Model

To understand how feature imbalance impacts explainability, we clarify
the distinction between feature importance and feature influence, supported
by Framling (2023) [18]. Consider a binary logistic regression model ex-
pressed as:

n
=P+ By, (1)

j=1
where X;,, = {z1,...,7;,...,2,} is the feature vector of the i*" instance
in an n-dimensional dataset, and g is the model’s predicted logit value. Dur-
ing training, the model learns the coefficients Sy, 51, ..., 5, which define its
decision boundary. The global feature importance of feature x; is often in-

terpreted as the magnitude of its coefficient:

Global Importance(z;) = |5;]. (2)

This value reflects the overall contribution of feature x; across the entire
dataset and is commonly used in global explanations [18]. For a specific
instance, the feature influence of z; is determined by the product §;z;, which
captures how that feature contributes to the individual (local) prediction:

Feature Influence(z;) = B;z;. (3)

This formulation supports local explanations, which aim to describe the
model’s behaviour for individual predictions rather than for the whole dataset.

3.2. Imbalanced Feature Importance

As discussed earlier, imbalanced feature importance refers to a situation
where some features have much higher importance scores than others. This is
common non-problematic in any Al model where the inputs do not contribute
evenly. While some imbalance is expected, it becomes a concern when one or
a few features dominate the model. For example, consider the linear model
in Equation 1. Let 8; be a large number in comparison to other coefficients,
which can be expressed as follows:

|51| > |62|7 |ﬁ3|a R |Bn|

In this case, it is more likely that the input feature x; dominates the expla-
nations, due to the high feature imbalance.



3.8. Effect of Feature Imbalance on SHAP and LIME

Given the logistic regression model with disproportionate feature impor-
tance, both SHAP and LIME explanations can become influenced by the
feature imbalance, leading to skewed interpretations of the model’s decision.
More formally, the prediction of a logistic regression model is given by:

1+4+e 2

fx)=0 (ﬁo + Zﬁj%) ,  where o(z) =

SHAP values decompose the prediction as follows:

fx)~o <¢o + Z@) :

where ¢; is the SHAP value for feature z;, and for linear models, these
values are given by:

¢; = Bj - (z; — Elz;]).

When f; is significantly larger than the other coefficients and given non-
zero deviation of xj from the feature average, the SHAP value for x; will
get amplified, and consequently, increasing SHAP values. Similarly, LIME
(Local Interpretable Model-agnostic Explanations) works by approximating
the model locally with a surrogate model, typically a linear model, based
on the instance to be explained. However, when there is significant feature
imbalance in the logistic regression model, small perturbations in the most
influential features highly affects the output. Since LIME relies on perturbing
the input features and observing how the prediction changes, the dominant
feature is expected to disproportionately affect the local surrogate model,
skewing the explanation.

In both cases, when feature importance is imbalanced, explanations gen-
erated by SHAP and LIME are likely to be dominated by a few key features,
leading to an incomplete and potentially misleading understanding of the
model’s behaviour. This reinforces the need to address feature imbalance for
improved explainability, especially in case of underrepresented features. Al-
though there may be various ways to address this issue, we focus on applying
regularisation to a binary logistic regression classifier to mitigate the feature
imbalanced importance effect.



3.4. Regularisation Techniques: Ly Norm, Ly Norm, FElasticNet

Regularisation techniques are essential in linear regression to prevent over-
fitting, especially in high-dimensional settings. Among the most widely used
are Lasso ([29]) and Ridge regression ([30]). Lasso uses an L; penalty to
promote sparsity, setting some coefficients exactly to zero. Ridge uses an
Lo penalty to shrink coefficients continuously toward zero without eliminat-
ing them. ElasticNet regularisation ([31]) combines the strengths of both to
handle situations with highly correlated features, overcoming limitations of
each method individually. To visualise the impact of regularization on lo-
gistic regression decision boundaries, we constructed a synthetic 2D dataset
suitable for a logistic regression model. Two classes were generated from
Gaussian distributions with means at [1.5, 1.5] and [-1.5, -1.5] in the 2D fea-
ture space, respectively. The standard deviations were chosen to maintain
class separation either horizontally or vertically. Each class consisted of 500
samples, and the combined dataset was standardised to have zero mean and
unit variance per feature. We then trained logistic regression classifiers us-

Logistic Regression Decision Boundaries (C = 3.1)

4 @ Class0
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Figure 1: Logistic regression decision boundaries (C' = 2.5) Comparison of L; (red), Lo
(blue), and ElasticNet (green) regularisation on a binary classification task. Class 0 and
Class 1 are shown in red and green, respectively.



Logistic Regression Coefficients with Different Regularizers at C=3.1
L, Norm ElasticNet

Ly Norm

1Bl 23] 1Bl 1Bl 1Bl 11821l

~ w IS

Absolute Coefficient Value

0

Figure 2: Logistic regression coefficients for different regularizers (L1, Lo, ElasticNet) on
the same dataset, with regularisation strength set to C' = 3.1.

ing the three aformentioned regularisers: Ly, Ls, and ElasticNet, across a
common inverse regularisation strength of C' = 2.5. The resulting decision
boundaries were visualised in Figure 1. All decision boundaries show the
impact of each regulariser, which in turns affect the model coefficients (5;)
as depicted in Figure 2. As model coefficients are impacted by the choice
of regularisation, their structure directly affects explainability. The patterns
observed in Figure 2 motivate further investigation and suggest the need for
a similarity-based regularisation approach that promotes pairwise coefficient
similarity while preserving sparsity. This is explored in the following section.

4. Sparse-Selective Similarity (S3) Regularisation

The proposed Sparse-Selective Similarity (S3) regulariser extends the
notion of coefficient uniformity by applying a selective pairwise similarity
penalty only to features that contribute significantly to the model’s output.
Unlike the Fused Lasso [32], which enforces similarity between adjacent co-
efficients and is suited for ordered data, the S5 regulariser generalises the
similarity constraint globally across all important coefficients, while preserv-
ing sparsity by focusing only on impactful features.

The S35 objective is defined as:

min L(B,Bo) + A Rs,(B) (4)

where L is the logistic loss, and Rg, is the selective similarity regularisation
term, defined only over a subset of active coefficients:

Rs(B)= Y 16— 5l (5)

1<j;i,J€EA
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Here, A denotes the set of active features, identified based on their relative

contribution: 8,
— | = 6
A= {0l )

with 7 typically set to small ratio to maintain sparse features. The regulariser
is conditionally applied only when |A] > 2 to avoid degenerate or trivial
penalties.

This formulation reflects the following assumptions:

e Feature interpretability benefits from a more uniform distribution of
important coefficients.

e No single feature should dominate the model’s prediction.

e Similar coefficients indicate functional similarity between features, im-
proving explainability.

By applying the penalty selectively and conditionally, S5 avoids enforcing
unnecessary similarity when only one dominant feature exists—an important
consideration for sparse models.

5. Experimental Setup and Results

We evaluate the proposed S5 regulariser using the Breast Cancer dataset
from scikit-learn [33], a widely used benchmark for binary classification.
The task is to predict whether a tumor is malignant or benign based on 30
real-valued features. All features are standardised using z-score normalisa-
tion. The dataset is split into training (70%) and test (30%) sets.

As a baseline, we train a logistic regression model with L regularisation to
promote sparsity in feature coefficients. The learned coefficients are then used
to initialise a second model trained with the proposed S35 regulariser, referred
to as the regularised model. This model is trained for up to 100 epochs with
early stopping, using a regularisation weight A = 5 and a feature importance
threshold 7 = 0.1. The threshold ensures that only features contributing
more than 10% are included in the S; penalty, as defined in Equation 6,
thereby excluding sparse or low-importance features from the regularisation
process.

Table 1 compares the classification performance of the baseline and reg-
ularised models. The regularised model preserves predictive performance



Table 1: Classification performance comparison of logistic regression model with and with-
out Ss-regulariser on the Breast Cancer dataset.

Model Accuracy | Fj-score (Weighted)
Base Model (without Ss) 98% 98%
Regularised Model (with Ss) 98% 98%

while modifying feature usage. Figure 3 visualises the learned coefficients
before and after regularisation. The S5 regulariser encourages similar mag-
nitudes among dominant features, while leaving smaller coefficients largely
unaffected. This behaviour demonstrates its effectiveness in mitigating fea-
ture imbalance without sacrificing accuracy. The next section investigates
how this regularisation impacts post-hoc explainability.
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Figure 3: Coefficients of logistic regression models before and after S3 regularisation.

6. Evaluating the Impact of S3 Regulariser on Local Explanations

To evaluate the impact of S3 regulariser on local explainability, we apply
three post-hoc explanation techniques—LIME [34], SHAP [35], and the Fea-
ture Influence method—to generate local explanations for each test instance.
Given a test point, we use these methods to compare the local explanations
produced by the base model and the regularised model, thereby assessing
the effect of regularisation on explainability. For each test sample, each ex-
planation method produces a ranked list of features in descending order of
importance. We compare the explanation quality by computing sufficiency,
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Model Explanation Metrics: Faithfulness and Sensitivity Across Top-K Features
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Figure 4: Comparison of explanation metrics across models and explanation methods.
Rows correspond to sufficiency (top), necessity (middle), and prediction variability (bot-
tom). Columns represent LIME, SHAP, and feature influence methods. Each plot shows
results for the base model (blue) and the regularised model (orange) across different num-
bers of top-K features.

necessity and sensitivity metrics for both models, across multiple values of
top-K features. This allows us to extract the top-K features for various
values of K, enabling a detailed comparison of feature importance across
models.

6.1. Sufficiency, Necessity, and Sensitivity Metrics

We used the following metrics to evaluate the reliability and informative-
ness of the local explanations:

e Sufficiency: Measures how well the top-K most important features
alone can preserve the original model prediction.

e Necessity: Measures how much the model’s confidence decreases when
the top-K features are removed.
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Metric (Method) P-value(Base — Regularised)

Necessity (SHAP) < 0.01
Necessity (Feature Influence) < 0.01
Necessity (LIME) < 0.01
Prediction Variability (FI) 0.016
Sufficiency (SHAP) 0.137
Sufficiency (Feature Influence) 0.178
Prediction Variability (SHAP) 0.240
Prediction Variability (LIME) 0.263
Sufficiency (LIME) 0.568

Table 2: Paired t-test results comparing the base and regularised models across three
faithfulness metrics: sufficiency, necessity, and prediction variability (standard deviation).
Significant improvements in necessity are observed with the regularised model (p < 0.05).

e Prediction Variability: Measures the sensitivity of the model’s pre-
diction to perturbations in the top-K features.

These metrics are computed for each test instance over a range of top-K
values from K = 1 to K = 10 for each of base and regularised models. For
every value of K, the metrics are averaged across all test points to sum-
marised the overall explanations behaviour of each model. Figure 4 presents
the aggregated results of the three metrics (rows) computed across the three
explanation techniques (columns). Each subplot compares the metric values
of the base model (blue curve) against the regularised model (orange curve)
as K increases. Several key observations emerge:

e The regularised model consistently achieves higher necessity scores,
indicating that the model relies on a richer set of informative features
rather than overemphasising a few dominant ones.

e Sufficiency values are comparable between models, suggesting that
the most important features in both models remain effective at repro-
ducing predictions.

e Prediction variability remains stable or is slightly reduced under
regularisation, indicating more robust and consistent explanations.

6.2. Statistical Significance

We conducted a paired ¢-test on metric values computed per test instance
for each explanation technique. Table 2 summarises the results. Statistically
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significant differences (p < 0.05) were observed in all necessity metrics, con-
firming that the S5 regulariser encourages a more balanced use of features
across instances. No significant change was observed in sufficiency, and only
minor effects were seen on prediction variability.

6.3. Impact of S35 on Fxplanation Quality

These findings demonstrate that the S3 regulariser enhances the faithful-
ness and stability of local explanations by promoting more balanced feature
reliance without sacrificing predictive performance or explanation sufficiency.
In particular, the significant improvements in necessity metrics across all ex-
planation methods suggest that S3 encourages models to distribute impor-
tance more evenly across relevant features, thereby improving the robustness
and trustworthiness of post-hoc interpretability techniques in logistic regres-
sion model on the given dataset. This positions S3 as a practical tool for
improving explanation quality in applications where interpretability is criti-
cal.

7. Conclusion

In this paper, we proposed the Sparse-Selective Similarity (S3) regulariser
to address the challenge of imbalanced feature importance in linear models.
By combining sparsity with selective similarity among significant coefficients,
S3 aims to enhance the interpretability of local explanations without degrad-
ing predictive performance. Our experiments on the Breast Cancer dataset
show that models trained with S5 retain comparable accuracy to standard
Ly-regularised models while improving the consistency and faithfulness of
post-hoc explanations. In particular, Ss-regularised models achieved higher
necessity scores and reduced prediction variability across multiple explana-
tion methods. These results suggest that incorporating coefficient-level reg-
ularisation can offer a practical means to improve explanation quality in
inherently interpretable models such as logistic regression. Future work may
explore its applicability in neural network models by integrating Ss-style
regularisation into the final dense layers or by encouraging similarity-aware
sparsity in feature attribution layers, potentially improving explanation sta-
bility in complex architectures.
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