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Abstract

Interpretability is a key machine learning (ML) requirement. Our focus here is to investigate how locality
influences interpretability in Automatic Text Classification (ATC) tasks. Locality refers to how close similar data
points are in the feature space, quantified by their average similarity to neighboring instances and the entropy of
their class distribution. We hypothesize that instances in more homogeneous localities, with high similarity and low
entropy, tend to yield classifications that are easier to explain. To investigate this, we developed a methodology
to characterize locality and identify those that may contribute more to explaining instance classification. We
then select a diverse set of instances and generate explanations using word clouds based on locality information
and attention weights. We conducted a user survey to evaluate the quality of these explanations, comparing
locality-based insights with those from attention mechanisms. Our preliminary results indicate that explanations
for instances located in regions with more homogeneous localities (high similarity and low entropy) are more
effective (better understood by participants) in the users’ opinions. This highlights the importance of locality in
ATC explainability, providing valuable insights for research in explainable Al and ATC.

Building on the preliminary findings, several methodological questions remain open. In particular, important
trade-offs arise when comparing explanation formats. The extension toward LLM-based summarization introduces
additional challenges related to prompt design, model selection, and the balance between conciseness, coverage,
and faithfulness. It remains unclear how different explanation strategies, modeling choices, and representation
forms affect perceived explanation quality, as well as how such explanations should be evaluated from a user-
centered perspective. Furthermore, it is still an open question whether summarization-based explanations can
complement or outperform existing formats across different locality configurations.
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1. Context and Motivation

Machine learning (ML) models are increasingly applied in critical domains such as medical diagnostics,
finance, and fraud detection, where reliability, accountability, and transparency are essential. Despite
their high predictive performance, many models remain “black boxes” due to complex and opaque
decision processes, hindering user trust, bias detection, and error analysis, and motivating the growing
field of explainable AT (XAI) [1].

Regulatory frameworks such as the General Data Protection Regulation (GDPR) further reinforce this
demand by granting users the right to understand automated decisions [2]. While performance is typ-
ically assessed through accuracy, real-world data variability can affect model behavior [3]. In fact, high
performing (and usually more complex) models often yield predictions that are difficult to interpret [4].
Improving interpretability can calibrate user trust, support the identification of biases, and facilitate
error analysis, thereby increasing confidence in model outcomes [5, 6]. Moreover, interpretability can
serve as a feedback mechanism to refine models by clarifying the factors that influence predictions.

Extensive efforts have addressed interpretability through two main directions: (i) post-hoc explanations,
which interpret model outputs without internal access, and (ii) intrinsically interpretable models, designed
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to be transparent by construction [1]. A common assumption in post-hoc methods, including LIME
and SHAP [3, 7, 8, 9, 10], is that locality facilitates interpretability. Locality refers to neighborhoods of
similar instances in the representation space [1, 11]. However, this assumption remains underexplored,
particularly regarding why and under which conditions locality improves explanation quality.

Although these methods rely on locality, defining meaningful neighborhoods is challenging [12],
and different construction choices may constrain interpretability outcomes. Moreover, factors such as
feature correlation, data dispersion, high dimensionality, and bias further influence the effectiveness
of locality [13, 11, 14]. This suggests that locality exhibits structural variations that impact its role in
explainability.

In this context, this work conducts a comprehensive investigation of the impact of locality on the
explainability of automatic text classification, proposing a methodology to characterize local structures
and identify configurations that support more faithful and informative explanations.

2. Related Work

Explainable Artificial Intelligence (XAI) has emerged in response to the growing adoption of complex
ML models, particularly in NLP, where transparency, accountability, and user trust are critical concerns
[15]. In the literature, explainability and interpretability are often used interchangeably to denote
the ability to make model decisions understandable to humans. However, some works distinguish
interpretability as an intrinsic property of transparent models and explainability as post-hoc reasoning
applied to opaque systems [12]. Within this landscape, post-hoc approaches such as LIME [3] and
SHAP [10] have become prominent, relying on local approximations or feature attributions to explain
individual predictions.

A central yet often implicit concept in these methods is locality. Many explanation techniques
assume that local neighborhoods provide meaningful insights into model behavior, either through
synthetic perturbations or local sampling [11]. These approaches include local surrogate models,
perturbation-based methods, and counterfactual explanations [16]. Despite their differences, they share
the assumption that local regions exhibit coherent and interpretable behavior. However, prior work
has highlighted that defining meaningful neighborhoods is challenging and that factors such as data
sparsity, feature correlation, and high dimensionality can significantly affect explanation reliability
[17, 18].

In parallel, entropy and similarity have been widely used as analytical tools in Machine Learning.
Entropy quantifies uncertainty and has been applied to measure class distribution and feature relevance
[19, 17], while similarity metrics underpin neighborhood-based methods such as kNN and clustering.
Recent studies have explored neighborhood-based entropy measures to better capture local structure in
high-dimensional spaces [18]. However, these metrics are typically used as auxiliary measures rather
than as primary descriptors of explainability.

More recently, Large Language Models (LLMs) have been applied to generate textual explanations and
summaries, offering a complementary perspective to traditional visual or feature-based explanations.
Advances in instruction tuning and prompt engineering have improved the quality and controllability
of generated summaries. Summarization techniques have evolved from extractive methods to neural
and LLM-based approaches, being applied across diverse domains. Despite these advances, ensuring
faithfulness and avoiding hallucinations remain key challenges [20, 21].

Overall, while prior work extensively leverages locality, entropy, similarity, and diverse explanation
formats, there is still limited understanding of how the structure of local neighborhoods in the empirical
data distribution influences the perceived quality of explanations. In particular, recent advances in
LLM-based summarization introduce new forms of explanations whose effectiveness is not yet well
understood in relation to underlying data characteristics. Existing studies often evaluate explanations
in isolation, focusing on either model behavior or explanation techniques, with limited attention to
how different explanation modalities (e.g., feature-based, visual, or textual summaries) interact with
locality properties. As a result, there is a lack of systematic investigation into how locality affects the



user-perceived quality of different types of explanations. This gap motivates our work, which explicitly
characterizes locality and investigates its impact on the perceived quality of explanations in automatic
text classification.

3. Research Questions and Objectives

The main goal of this research is to investigate how locality influences the explainability of automatic text
classification by proposing a methodology to characterize local neighborhoods, identify configurations
that better support explanations, and generate explanations grounded in these structures.

To achieve this goal, the study is guided by four research questions:

RQ1 investigates how locality can be formally analyzed and characterized from an interpretability
perspective. We define locality using Transformer-based representations [22] and kNN neighborhoods,
and characterize it through two key factors: average similarity and class-distribution entropy. We
hypothesize that more homogeneous localities (high similarity, low entropy) are associated with more
explainable instances.

RQ2 examines whether locality-based explanations effectively improve explainability. Through a user
study on AGNews and ACM datasets, we evaluate explanations using Satisfaction, Completeness, and
Trust. Results indicate that explanations derived from highly homogeneous localities are consistently
better perceived, highlighting the relevance of locality for interpretability.

RQ3 explores whether Large Language Models (LLMs) can enhance locality-based explanations
through summarization. By generating textual summaries of neighborhoods, we aim to produce more
fluent and human-readable explanations and evaluate their impact on user perception compared to
other formats.

RQ4 investigates whether dataset characterization can provide a complementary, global perspective
on explainability. By analyzing the distribution of locality structures, we aim to identify patterns
and thresholds that may position datasets along an “explainability scale,” indicating varying levels of
difficulty in generating meaningful explanations.

Together, these research questions provide a structured framework to analyze locality not only
as a methodological component but as a fundamental factor influencing explainability, combining
instance-level analysis, user-centered evaluation, and dataset-level characterization.

4. Research Approach, Methods, and Rationale

Our research comprises a sequence of activities designed to represent, analyze, and evaluate the role
of locality in automatic text classification, as illustrated in Figure 1. The study methodology integrates
both completed and ongoing components. The initial stages of the methodology, corresponding to
RQ1 and RQ2, have already been implemented and empirically validated [23]. These include dataset
preparation, locality characterization, instance sampling, explanation generation using word clouds,
and user-centered evaluation.

Building on these results, the next stages of the research, associated with RQ3 and RQ4, are
currently in progress and represent key open directions. These include the generation and evaluation
of LLM-based summarization explanations, as well as dataset-level characterization aimed at
understanding explainability patterns at a global level. These components introduce important
methodological decisions and are central to the remaining contributions of this work.

The following subsections describe the complete methodology, explicitly distinguishing between vali-
dated components [23] and ongoing extensions that will benefit from further discussion and feedback.

4.1. Experimental Datasets

To instantiate and evaluate the proposed framework, we used two text classification datasets: AGNews
and ACM. Dataset selection was guided by methodological and cognitive constraints, namely: (i) a mod-
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Figure 1: Study Methodology

erate number of classes, allowing meaningful variation in neighborhood entropy without overwhelming
participants; (ii) texts of medium length, reducing cognitive load during explanation inspection; and
(iii) domain diversity, enabling the analysis of locality effects across distinct semantic settings.

AGNews is a benchmark dataset for topic classification in which each instance contains a title and a
short description, labeled into four classes: World, Sports, Business, and Science/Technology [24]. ACM is
a curated subset of Computer Science research articles, from which we selected four representative
categories: Hardware, Software, Theory of Computation, and Information Systems. Together, these
datasets provide different vocabularies, styles, and domains, offering an initial basis to assess the
robustness and generalizability of the proposed locality-based explainability framework.

4.2. Framework for Locality-Based Explanations

Our framework comprises a sequence of steps to characterize locality and generate explanations
grounded in neighborhood structure. Each document is encoded using BERT contextual embeddings [22],
and locality is estimated through k-nearest neighbors (kNN). For each instance, we compute two locality
descriptors: the Shannon entropy of the neighborhood class distribution [19] and the average cosine-
based similarity to neighboring instances. These descriptors support the identification of regions with
different levels of locality homogeneity, directly addressing RQ1.

Based on this characterization, we sample representative instances from high- and low-homogeneity
regions, including both correctly classified and misclassified cases. For each instance, we generate two
explanation types: a locality-based explanation, derived from the lexical content of neighboring texts, and
an attention-based explanation, derived from Transformer attention weights. Both are presented as word
clouds, allowing a controlled comparison under the same visual metaphor and minimizing presentation
bias. This component has been fully implemented and evaluated, supporting the investigation posed in
RQ2.

The use of word clouds is a deliberate methodological choice. As compact visual summaries, they
make lexical concentration, topical coherence, and dispersion patterns directly observable, which is
central to our goal of relating locality structure to explanation quality [25, 26].



4.3. User Study Design

To evaluate the generated explanations from a user perspective, we conducted an online survey-based
study. Participants were asked to inspect text instances together with two word clouds, one locality-
based and one attention-based, and then evaluate each explanation separately and comparatively. The
presentation order of the explanation types was alternated across stages to reduce positional bias.

The study targeted Computer Science researchers and practitioners with Machine Learning experience,
as representatives of the intended audience. To mitigate order effects in the presentation of instances,
we adopted a counterbalancing strategy based on a Graeco—Latin Square design [27], controlling for
class and correctness—homogeneity configuration. Because participants could leave the survey at any
point, two survey versions with reversed presentation order were distributed in balanced form.

4.4. Evaluation of Explanation Quality

The evaluation follows a human-centered XAI perspective, focusing on users’ subjective judgments
rather than causal faithfulness or task-performance gains [28, 29, 30]. We evaluate explanations along
three complementary dimensions: Satisfaction, Completeness, and Trust.

To address RQ3, the framework is currently being extended to incorporate summarization-based
explanations generated from neighborhood texts using instruction-tuned LLMs (e.g., Gemma, DeepSeek,
Qwen, LLaMA). This stage represents an ongoing component of the research and introduces open chal-
lenges related to prompt design, faithfulness, and the balance between conciseness and informativeness.

The generated summaries may be evaluated using the same human-centered protocol, enabling
direct comparison with word cloud explanations. In addition, automatic metrics such as ROUGE and
BERTScore may be employed to assess textual quality and semantic fidelity. This stage is currently
under development and will benefit from further methodological refinement.

Finally, as part of RQ4, we plan to extend the analysis to a dataset-level perspective, investigating
how distributions of locality structures can inform explainability patterns. This component remains
exploratory and represents a key open direction for future work.

5. Preliminary results and contributions to date

Preliminary results from a user study conducted on two datasets (AGNews and ACM), with 74 par-
ticipants in total, provide consistent evidence that the structure of data locality significantly impacts
perceived explanation quality [23]. Explanations derived from high-homogeneity neighborhoods, cha-
racterized by low entropy and high similarity, were systematically rated higher in terms of Satisfaction,
Completeness, and Trust compared to those from low-homogeneity regions, with statistically significant
differences across both datasets.

This effect was observed not only for correctly classified instances but also, to a lesser extent, for
misclassified ones, indicating that locality contributes to explanation clarity even when model predic-
tions are incorrect. Importantly, the influence of prediction correctness itself was limited and largely
mediated by locality structure, suggesting that explanation quality depends more on neighborhood
coherence than on model accuracy.

Comparisons with attention-based explanations further reinforce these findings. While both ap-
proaches performed similarly in the AGNews dataset, locality-based explanations consistently out-
performed attention-based ones in the ACM dataset, particularly in a more specialized domain with
finer-grained semantic structure. This indicates that aggregating information from semantically coher-
ent neighborhoods provides more informative and trustworthy explanations than instance-level signals
in complex settings.

These results support the central hypothesis of this research: that locality is a key factor in explaina-
bility. They demonstrate that data-centric properties, particularly neighborhood homogeneity, play
a crucial role in shaping how users perceive and understand model explanations, highlighting the
importance of incorporating locality-aware strategies in explainable Al for text classification.



6. Expected next research steps and expected final contribution

Building on the preliminary findings, the next stage of this research will focus on consolidating
and extending the locality-based framework for explainability in automatic text classification, while
addressing current limitations and open methodological questions.

6.1. Open methodological decisions

Several methodological choices remain open and will be systematically investigated in the next stages of
this research. These include: (i) the sensitivity of locality characterization to different embedding models
(e.g., alternative Transformer architectures), distance metrics, and neighborhood sizes; (ii) the definition
of thresholds for locality homogeneity and their role in establishing interpretable “explainability regimes”
and dataset-level diagnostic profiles; and (iii) the comparison between explanation formats, particularly
the trade-offs between transparency, expressiveness, and faithfulness when moving from visual (word
clouds) to textual (LLM-based) explanations.

In particular, the extension toward LLM-based summarization introduces additional methodological
challenges related to prompt design, model selection, and the balance between conciseness, coverage, and
faithfulness. This includes decisions on how to structure prompts to capture multi-topic neighborhoods,
how to ensure that summaries faithfully reflect neighborhood evidence, and how different models and
prompting strategies impact explanation quality.

To address these questions, an important open challenge concerns how to design and evaluate
summarization-based explanations generated by LLMs in a way that preserves faithfulness to the
underlying neighborhood structure while remaining concise and interpretable. It remains unclear how
different models, prompting strategies, and summary representations may influence explanation quality,
or how these explanations should be evaluated in a way that meaningfully captures user perception.

In addition, it is not yet established whether summary-based explanations can effectively complement
or outperform existing formats, such as word clouds, particularly across different locality configurations.
Understanding how these explanation modalities interact with locality properties, and under which
conditions each format is more effective, remains an open question.

Furthermore, the role of dataset properties, such as class imbalance, semantic overlap, and annotation
noise, will be further analyzed as mediating factors of explainability. This analysis will support the
development of a dataset-level diagnostic, enabling the identification of explainability patterns and the
construction of an explainability scale grounded in entropy and similarity.

6.2. Expected final contributions

This research is expected to deliver a comprehensive, data-centric framework for explainability in text
classification, positioning locality as a foundational concept linking data distribution, model behavior,
and user perception. Concretely, the thesis will contribute: (i) a formal methodology for characterizing
locality based on similarity and entropy; (ii) empirical evidence, through user studies, of how locality
influences perceived explanation quality; (iii) guidelines for locality-aware evaluation and instance
selection; and (iv) a comparative analysis of explanation formats, including visual and LLM-based
approaches.

In summary, the expected contribution is to advance explainable Al beyond model-centric perspectives
by demonstrating that explainability is not only a property of models or explanation techniques, but
also fundamentally shaped by the structure of the data itself.
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