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SPS-LIME: Role-Aware Segment Perturbation for 

Explaining Long Legal Documents 

Abstract. Legal text classifiers may achieve strong classification performance, 

but their practical value depends on whether their decisions can be explained 

through discourse units that correspond to recognizable forms of legal reasoning. 

Existing perturbation-based explanation methods commonly operate on individ-

ual tokens or sentences, which can fragment factual narratives, party arguments, 

and judicial reasoning that extend across multiple sentences. We introduce Se-

mantic-Preserved Segment LIME, or SPS-LIME, a model-agnostic explanation 

framework that merges consecutive sentences assigned the same rhetorical role 

into variable-length semantic segments. These role-continuous segments serve as 

the units of perturbation and attribution, allowing explanations to better retain 

natural-language continuity and legal-semantic structure. SPS-LIME further lo-

calizes influential sentences within highly ranked segments through a coarse-to-

fine explanation mechanism. 

We evaluate SPS-LIME on LexGLUE-SCOTUS and a document-level binary 

violation-classification task derived from the ECtHR corpus. Compared with 

LIME variants that perturb individual tokens or sentences, SPS-LIME achieves 

the highest mean Consistency and Comprehensiveness scores on both datasets 

and the lowest Sufficiency score on ECtHR. These results indicate that rhetorical-

role-based segments provide a more stable and semantically continuous explana-

tion space for long legal documents. 

The experiments also reveal that faithfulness to classifier behavior and legal rel-

evance do not necessarily coincide. Influential segments identified by SPS-LIME 

may concentrate on factual or contextual passages rather than on rhetorical roles 

that explicitly express judicial reasoning or disposition. SPS-LIME therefore 

contributes both a discourse-aware explanation mechanism and a diagnostic 

framework for examining potential mismatches between classifier-sensitive con-

tent and role-based legal salience. 

Keywords: Explainable Artificial Intelligence, Legal Text Classification, Per-

turbation-based Explanation, Rhetorical Roles, Judicial Decision Support. 

1 Introduction 

Legal text classification has become an important research topic in Legal Natural Lan-

guage Processing (Legal NLP), with applications such as issue tagging, judgment clas-

sification, and case outcome analysis. This line of work has led to benchmark datasets 

and evaluation suites for legal text classification, including tasks on Supreme Court 

opinions and European Court of Human Rights cases (Chalkidis et al., 2019, 2022). 

Recent advances in transformer-based and long-document models have improved clas-

sification performance on benchmark datasets such as LexGLUE-SCOTUS and ECtHR 

Task A. Longformer and BigBird introduced sparse-attention mechanisms that enable 
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the processing of substantially longer sequences than standard BERT (Beltagy et al., 

2020; Zaheer et al., 2020). These architectures have subsequently been evaluated on 

long legal-text benchmarks such as LexGLUE (Chalkidis et al., 2022). However, clas-

sification accuracy alone does not address the transparency requirements of legal deci-

sion-support settings, where users often expect not only an assigned class label but also 

an explanation of which parts of a judgment support that classification. 

Post-hoc explanation methods are widely used to interpret text classifiers by identifying 

input features that are important to model outputs. Among them, perturbation-based 

methods such as LIME estimate importance scores by masking portions of the input 

and observing changes in classification probabilities. Ribeiro et al. (2016) introduced 

LIME as a model-agnostic local explanation method, while Lundberg and Lee (2017) 

proposed SHAP as a unified framework for additive feature attribution. DeYoung et al. 

(2020) subsequently evaluated textual rationales at token, span, and sentence levels. In 

practice, many such methods operate at the token level, assigning importance to words 

or subword units one at a time. While this provides fine-grained explanations, it also 

creates an important limitation in legal documents: highlighted words can be scattered 

across a judgment, detached from their surrounding context, and difficult to interpret 

as complete legal reasoning. Similar concerns have been identified in research on ex-

planation granularity. Rychener et al. (2023) showed that word-level perturbation can 

generate out-of-distribution samples and create a high-dimensional local search space, 

motivating the use of larger explanatory units. 

This limitation is illustrated conceptually in Fig. 1. At the word level, important clues 

may appear as isolated lexical fragments that do not form a coherent description of the 

decision. Sentence-level explanations improve readability, but a single sentence may 

still provide only a partial statement of an argument, a precedent, or a judicial holding. 

By contrast, grouping consecutive sentences that share the same rhetorical role makes 

it possible to explain classifications using semantically continuous segments rather than 

fragmented words or incomplete sentences. This observation motivates explanation 

units that preserve semantic continuity and reduce lexical fragmentation. 

word-level explanation 

 

sentence-level explanation 

 

segment-level explanation 

 

Fig. 1 Comparison of explanations at the word level, sentence level, and rhetorical segment level. 

Red intensity indicates the importance assigned to each explanatory unit. Explanations based on 

individual words often distribute salient evidence across isolated tokens, whereas explanations 

based on sentences may still capture only partial statements. By grouping consecutive sentences 

with the same rhetorical role into semantic segments, explanations based on rhetorical segments 

preserve discourse continuity and provide a more coherent basis for legal interpretation. 

This concern is particularly relevant to judicial writing, where legal meaning is com-

monly organized through discourse structure rather than isolated lexical items. A judg-

ment usually contains multiple functional components, including factual background, 

procedural history, party arguments, statutory references, precedents, lower-court 
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rulings, judicial analysis, and final holdings. Prior work in legal NLP has modelled 

these components as rhetorical or argumentative roles, annotating court decisions with 

discourse-level labels such as facts, arguments, and holdings (Saravanan et al., 2008). 

From a legal perspective, these components are not interchangeable. Some parts pri-

marily describe background facts, while others articulate the reasoning that justifies the 

court’s conclusion. As a result, an explanation that merely highlights model-sensitive 

words does not necessarily reveal whether the model relies on the portions of the doc-

ument that are legally central. 

To address this issue, this paper proposes Semantic-Preserved Segment LIME (SPS-

LIME), a perturbation-based explanation framework designed for legal document clas-

sification. The method first assigns each sentence a rhetorical-role label, such as Fact, 

Argument, Statute, Precedent, Ratio of the Decision, Ruling by Lower Court, or Ruling 

by Present Court. Consecutive sentences with the same rhetorical role are then merged 

into variable-length semantic segments, which are used as the units of perturbation and 

explanation instead of isolated words or independent sentences. SPS-LIME further 

adopts a dual-layer mechanism, combining segment-level attribution with sentence-

level localization, so that explanations can identify important discourse units while still 

pinpointing salient sentences within them. In this way, the method is designed to pro-

duce explanations with greater semantic continuity than conventional token-level heat 

maps. 

In this study, we use a seven-role inventory adapted from later rhetorical-role annota-

tion schemes: Ratio of the Decision, Ruling by Present Court, Argument, Precedent, 

Statute, Ruling by Lower Court, and Fact (Malik et al., 2022; Bambroo et al., 2025). 

For every sentence, our method assigns a single label from this set, and consecutive 

sentences sharing the same rhetorical role are eligible to be merged into semantic seg-

ments. 

The proposed framework is evaluated on LexGLUE-SCOTUS and a document-level 

binary violation-classification task derived from the ECtHR corpus using three com-

monly used explanation criteria: Consistency, Comprehensiveness, and Sufficiency. 

Consistency measures whether repeated runs of an explainer highlight similar content. 

Comprehensiveness evaluates how much the model’s classification changes when the 

selected important units are removed, while Sufficiency measures whether the selected 

units alone can preserve the original classification. Comprehensiveness and Sufficiency 

follow the deletion- and retention-based evaluation framework of DeYoung et al. 

(2020). Consistency is separately used in this study to measure explanation stability 

across repeated runs. 

Motivated by legal XAI research emphasizing legally grounded and evidentially mean-

ingful explanations (Collenette et al., 2023; Richmond et al., 2024), this paper further 

employs Legal Role Alignment at k (LRA@k) to examine whether highly ranked ex-

planatory units occur within rhetorically central legal roles. 

The experimental results show that segment-level perturbation achieves higher con-

sistency on both datasets and competitive deletion-based faithfulness. SPS-LIME per-

forms best across all three explanation metrics on ECtHR, whereas Sentence LIME 

obtains the lowest Sufficiency score on SCOTUS. These results support the idea that 

semantic segments formed by rhetorical-role continuity provide a more stable and 
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semantically continuous basis for perturbation-based explanation. At the same time, the 

experiments reveal two non-trivial phenomena that motivate a more careful discussion 

of legal explainability. 

The first phenomenon concerns the use of rhetorical roles themselves. When discourse-

role distributions are strongly associated with class labels, especially under class im-

balance, classifiers may partially rely on the global distribution of rhetorical roles rather 

than on the semantic details of the underlying text. In such cases, role-based infor-

mation can yield relatively high micro-F1 while macro-F1 remains substantially lower, 

suggesting that majority classes are being classified more effectively than minority 

classes. The ECtHR results are consistent with the possibility that rhetorical-role distri-

butions function as classification shortcuts under class imbalance. Thus, while rhetori-

cal roles help construct semantically coherent explanation units, they may also intro-

duce a potential dataset-dependent shortcut or majority-class bias. 

The second phenomenon concerns the distinction between classification importance 

and legal importance. In many cases, deleting the top-k segments identified by SPS-

LIME substantially reduces classification confidence, indicating that those segments 

are indeed important for the classifier. However, qualitative analysis shows that the 

most influential segments are often dominated by factual narratives rather than by doc-

trinally central units such as Ratio of the Decision or Ruling by Present Court. Moreo-

ver, token-level deletion sometimes achieves higher Legal Role Alignment scores than 

sentence- or segment-level explanations, despite being less coherent semantically. This 

suggests that text most useful for classification is not always the same as text assigned 

higher legal-role weights under the proposed LRA@k formulation of the judgment. 

These observations suggest that deletion-based metrics may not fully capture the dis-

tinction between model sensitivity and role-based legal relevance. This motivates an 

evaluation framework that considers faithfulness to classifier behavior, explanation sta-

bility, semantic continuity, and rhetorical-role alignment separately. SPS-LIME is 

therefore intended not only to generate segment-based explanations but also to help 

diagnose potential mismatches between classifier-sensitive content and role-based legal 

salience. 

Accordingly, this paper makes three main contributions. First, we introduce a semantic-

preserved segment-based explanation framework for legal documents, in which con-

secutive sentences with the same rhetorical role are merged into coherent perturbation 

units. Second, we combine Consistency, Comprehensiveness, Sufficiency, and Legal 

Role Alignment at k into a unified evaluation framework that assesses explanations 

from both classification and legal-role perspectives. Third, through experiments on 

SCOTUS and ECtHR, we examine how segment-level explanations compare with 

word- and sentence-level baselines and analyse trade-offs involving stability, faithful-

ness to classifier behavior, and legal-role alignment. 

The remainder of this paper is organized as follows. Section 2 reviews perturbation-

based explanation methods, explanation granularity, rhetorical-role analysis, and legal 

rationale alignment in legal NLP. Section 3 introduces SPS-LIME, including rhetorical-

role tagging, semantic segment construction, segment-level perturbation, and dual-

layer explanation. Section 4 presents experiments on SCOTUS and ECtHR, evaluating 

classification performance and explanation quality in terms of Consistency, 
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Comprehensiveness, Sufficiency, and Legal Role Alignment at k. Section 5 concludes 

the paper by summarizing the main findings, limitations, and directions for future re-

search. Appendix A presents case studies of four judgments, including their top-k ex-

planatory segments and corresponding heatmap visualizations. 

2 Related Work 

This section reviews four research areas relevant to SPS-LIME: perturbation-based ex-

planations for legal text classification, explanation granularity, rhetorical-role model-

ling in legal documents, and the distinction between classification importance and legal 

relevance. Together, these studies motivate the use of variable-length rhetorical seg-

ments as perturbation units and the evaluation of explanations from both model-faith-

fulness and legal-structure perspectives. 

2.1 Perturbation-Based Explanations for Legal Text Classification 

Perturbation-based explanation methods were initially developed as general model-ag-

nostic techniques. Ribeiro et al. (2016) introduced LIME, which explains an individual 

classification by fitting an interpretable surrogate model to perturbed samples located 

near the target instance. Lundberg and Lee (2017) proposed SHAP, which provides 

additive feature attributions based on a unified formulation of Shapley-value-based ex-

planation methods. DeYoung et al. (2020) subsequently introduced the ERASER 

benchmark and formalized rationale evaluation through comprehensiveness and suffi-

ciency. These metrics assess whether removing selected text reduces classification con-

fidence and whether retaining only that text preserves the original classification. 

The reliability of perturbation-based explanations depends on how the local neighbor-

hood is constructed. Alvarez-Melis and Jaakkola (2018) demonstrated that local expla-

nations may change substantially under small variations in the input. Atanasova et al. 

(2020) further showed that text explanation methods differ considerably in faithfulness, 

stability, and sensitivity to evaluation conditions. Rychener et al. (2023) showed that 

word-level perturbation can generate out-of-distribution text and a high-dimensional 

local search space, whereas sentence-level units can reduce these problems and improve 

local surrogate fidelity. Taken together, these studies indicate that token-level pertur-

bation may produce unstable explanations or distributionally implausible samples. 

This limitation is particularly relevant to long legal documents. Legal meaning is often 

distributed across multiple sentences and discourse components rather than concen-

trated in individual lexical features. Chalkidis et al. (2021) addressed this issue through 

paragraph-level rationale extraction for European Court of Human Rights cases. Their 

results showed that sparsity, continuity, comprehensiveness, and classification perfor-

mance interact in complex ways when rationales are extracted from long judgments. In 

a related line of research, Mamakas (2022) investigated bag-of-words and BERT-based 

approaches to large legal document classification. This work is relevant to the repre-

sentation of long legal texts, although it does not directly examine rationale extraction 

or explanation quality. Together, these studies illustrate distinct challenges in para-

graph-level rationale extraction and the representation of large legal documents. 
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Several studies have examined explainability in legal classification and reasoning. 

Waltl et al. (2019) used local linear explanations to analyse the classification of seman-

tic types in German legal norms. de Arriba-Pérez et al. (2022) developed an explainable 

multi-label classifier for Spanish legal judgments. Collenette et al. (2023) designed and 

evaluated an argumentation-based decision-support tool for reasoning about European 

Court of Human Rights cases, while Richmond et al. (2024) surveyed explainability 

approaches in AI and law. These studies demonstrate the broader relevance of explain-

ability to legal applications, but they do not directly examine how perturbation units 

should be defined in structurally complex judgments. 

Human-centred evaluation introduces an additional requirement. Rong et al. (2024) sur-

veyed human-centred evaluations of XAI and organized existing user studies around 

trust, understanding, usability, and human-AI collaboration performance. Their find-

ings motivate complementing formal fidelity metrics with evaluations of how explana-

tions are understood and used by their intended users. In legal applications, this means 

that an explanation should not merely identify model-sensitive features. It should also 

present those features in units that legal readers can interpret as coherent factual, argu-

mentative, or doctrinal content. 

 

2.2 Explanation Granularity in Legal Text Models 

The granularity of an explanation determines both the dimensionality of the perturba-

tion space and the semantic completeness of the selected units. DeYoung et al. (2020) 

introduced the ERASER benchmark, which includes human-annotated rationales 

across multiple NLP tasks and evaluates both rationale alignment and faithfulness to 

classifier behavior. Rychener et al. (2023) more directly examined the effect of expla-

nation granularity and showed that sentence-level perturbation can reduce search-space 

dimensionality and improve local fidelity compared with word-level sampling. Their 

findings do not imply that sentence-level perturbation is universally superior, but they 

show that finer units do not automatically produce more useful explanations. 

As illustrated in Fig. 2, granularity also affects the size of the local perturbation space. 

For a document containing 𝑁ௐ words and 𝑁ௌ sentences, word-level masking produces 

up to 2ேೈ  possible configurations, whereas sentence-level masking produces 2ேೄ con-

figurations, where 𝑁ௌ is generally much smaller than 𝑁ௐ. Reducing the number of ex-

planatory dimensions makes local sampling more tractable and decreases the probabil-

ity of generating highly fragmented text. However, sentence-level perturbation may still 

divide an argument, factual narrative, or judicial holding across several independent 

units. 
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Fig. 2 Conceptual comparison of word-level and sentence-level perturbation spaces. Word-level 

masking produces a larger combinatorial neighborhood, whereas sentence-level masking reduces 

the search space and preserves larger semantic units. 

Zafar and Wu (2026) examined related methodological issues in a systematic review of 

explainable fraud detection. Although their study does not concern legal text or textual 

granularity directly, it identifies preprocessing, class imbalance, local-neighborhood 

construction, and explanation-level evaluation as factors that may affect the reliability 

of post-hoc explanations. Their analysis supports the narrower methodological point 

that perturbation-based explanation should be evaluated in relation to the structure of 

the data and the conditions under which local samples are generated. 

Legal NLP provides several alternatives to fixed token-level units. Malik et al. (2022) 

and Kalamkar et al. (2022) annotated legal sentences with rhetorical roles and used 

sentence-level labels to support automatic document structuring and semantic segmen-

tation. Chalkidis et al. (2021), by contrast, used paragraphs as rationale units for ECtHR 

outcome classification to preserve broader evidential context. Aumiller et al. (2020) 

showed that paragraph and document structure provide useful signals for legal text seg-

mentation. Wu and Liu (2026) further demonstrated that evidence relevant to long legal 

document classification may be distributed across multiple segments and therefore re-

quires explicit cross-segment integration. 

These studies reveal a limitation of fixed granularity. Tokens provide high resolution 

but often fragment legal meaning. Sentences improve readability but may capture only 

part of a multi-sentence legal function. Paragraphs preserve more context but may com-

bine facts, arguments, authorities, and rulings within a single unit. The appropriate ex-

planatory unit should therefore reflect the functional structure of the legal document 

rather than being determined only by fixed textual boundaries. 

This position is also consistent with legal-informatics scholarship. Ashley (2017) treats 

computational legal analysis as dependent on representations that preserve legally 

meaningful concepts, relationships, and argument structures. Goodrich (1984) de-

scribes legal language as inherently rhetorical and emphasizes that legal meaning 

emerges from the organization of facts, authorities, and arguments within discourse. 

These perspectives support explanation units that correspond to legal-discourse func-

tions rather than arbitrary token counts or paragraph boundaries. 

Original 

Text

Word-level Perturbation

(Larger Perturbation Space)

Original 

Text

Sentence-level Perturbation

(Reduced Perturbation Space)
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2.3 Rhetorical Roles in Legal Document Classification 

Computational analysis of rhetorical roles predates contemporary neural legal NLP. 

Hachey and Grover (2004) classified legal sentences using lexical, syntactic, positional, 

and structural features for legal summarization. Hachey and Grover (2005) subse-

quently incorporated sequential dependencies between adjacent sentences, recognizing 

that the rhetorical function of a sentence depends partly on its surrounding context. 

Saravanan and Ravindran (2010) formulated rhetorical-role identification as a se-

quence-labelling task and connected rhetorical structure to legal-document segmenta-

tion and summarization. 

Later studies developed larger annotated corpora and neural architectures. Bhattacharya 

et al. (2019) investigated contextual and sequential representations for rhetorical-role 

labelling in Indian Supreme Court judgments. Kalamkar et al. (2022) constructed a cor-

pus for automatic structuring of legal documents, while Malik et al. (2022) proposed 

semantic segmentation based on rhetorical roles and explicitly modelled transitions be-

tween adjacent legal sentences. Santosh et al. (2024) introduced hierarchical curriculum 

learning to account for both document-level difficulty and rhetorical-role-level diffi-

culty. Nigam et al. (2025) expanded available resources through the LegalSeg corpus 

for rhetorical-role classification. 

Journal studies have further developed this research direction. Bhattacharya et al. 

(2023) introduced DeepRhole and evaluated deep sequential models across multiple 

legal domains and courts. Bambroo et al. (2025) proposed MARRO, which uses multi-

headed attention and a seven-role inventory consisting of Facts, Ruling by Lower Court, 

Argument, Ratio of the Decision, Statute, Precedent, and Ruling by the Present Court. 

This inventory closely corresponds to the rhetorical roles adopted in SPS-LIME. 

Rhetorical roles have also been modelled as interacting components rather than inde-

pendent sentence labels. Ahmed and Ahmad (2025) proposed the Rhetorical Role Re-

latedness framework to examine relationships among rhetorical roles in legal case-brief 

generation. Belfathi et al. (2026) combined local sentence context with global semantic 

prototypes for rhetorical-role labelling. These studies support modelling rhetorical roles 

with contextual and cross-role information rather than treating sentence labels as inde-

pendent classifications. 

Existing rhetorical-role research primarily uses role labels for summarization, segmen-

tation, document structuring, or classification. SPS-LIME uses the same structural in-

formation for a different purpose. Consecutive sentences assigned to the same rhetori-

cal role are merged into variable-length perturbation units. The rhetorical labels there-

fore define the boundaries of the explanation space rather than serving only as classifi-

cation features or output annotations. 

2.4 Shortcut Learning and Legal Rationale Misalignment 

A faithful explanation identifies the features that actually influence a model, but those 

features are not necessarily substantively appropriate. Geirhos et al. (2020) described 

shortcut learning as the use of easily available statistical regularities that perform well 

on a benchmark without representing the intended reasoning process. Gururangan et al. 

(2018) showed that annotation artefacts can create such shortcuts in NLP datasets. 
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Jacovi and Goldberg (2020) distinguished faithful explanations from plausible expla-

nations, noting that an explanation may accurately represent model behaviour while 

failing to provide a rationale that humans consider meaningful. 

This distinction is important in legal NLP because model importance and legal im-

portance may diverge. Staliūnaitė et al. (2024) compared explanation methods for legal 
outcome classification and found substantial variation in the rationales produced by 

different explainers. Valvoda and Cotterell (2024) introduced an influence-function-

based method for identifying the precedents used by legal outcome classification mod-

els. Their comparison showed that the types of precedent relied on by the models dif-

fered from those used by human judges. Namazov et al. (2026) directly compared ex-

tracted rationales with legal-expert assessments and reported disagreement over which 

parts of ECtHR cases were relevant to outcome classification. 

Valvoda et al. (2021) investigated a related question through an information-theoretic 

analysis of common-law precedents. They examined the outcome-related information 

contained in factual and argumentative components of precedent cases and showed that 

these components contribute differently across legal contexts. Their study does not 

evaluate perturbation-based explanations directly, but it supports the conclusion that 

textual components should not be treated as interchangeable sources of legal or classi-

fication information. 

Legal-AI scholarship places this problem within a broader justificatory context. Atkin-

son et al. (2020) argue that explanations in AI and law should be connected to legal 

argumentation and justification rather than reduced to numerical feature attribution. 

Brożek et al. (2024) distinguish model opacity from unpredictability, unfamiliarity, and 
the inability to provide adequate justification. Kolt et al. (2026) propose legal alignment 

as a framework for examining whether AI systems conform to legal norms and legally 

relevant reasoning patterns. Richmond et al. (2024) similarly emphasize that legal ex-

planation involves evidential and normative assumptions that are not captured by model 

fidelity alone. 

These studies indicate that deletion-based metrics answer only one question: whether 

the selected text affects the classifier. They do not determine whether the selected text 

represents doctrinally central reasoning. Conversely, overlap with legally important 

rhetorical roles does not establish that those roles causally influence the classification. 

Legal explanation therefore requires separate evaluation of faithfulness to classifier be-

havior and legal-role relevance. 

2.5 Research Gap 

The reviewed literature establishes three relevant findings. First, perturbation-based 

methods provide model-agnostic explanations, but their stability and faithfulness de-

pend on neighborhood construction and feature granularity. Second, legal judgments 

contain structured rhetorical components that can be identified through sentence-level 

sequence labelling. Third, model-sensitive text may differ from the text that legal ex-

perts regard as doctrinally important. 

The explanation methods reviewed above commonly operate on fixed units such as 

tokens, sentences, or paragraphs (DeYoung et al., 2020; Chalkidis et al., 2021; Ryche-

ner et al., 2023). Token-level methods preserve attribution resolution but often fragment 
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discourse. Sentence-level methods improve readability but may divide multi-sentence 

arguments or rulings. Paragraph-level methods retain broader context but may combine 

several rhetorical functions. To the best of our knowledge, existing rhetorical-role mod-

els have primarily used role labels for segmentation, summarization, document struc-

turing, or classification, rather than for defining role-continuous perturbation units in 

model-agnostic explanation. 

SPS-LIME addresses this gap by merging consecutive sentences with the same rhetor-

ical role into variable-length semantic segments. These segments preserve discourse 

continuity while reducing the dimensionality of the perturbation space. The framework 

then performs segment-level attribution followed by sentence-level localization within 

highly ranked segments. This design separates two analytical questions: which coherent 

discourse segments influence the classifier, and which sentences within those segments 

contribute most strongly. 

The evaluation framework also distinguishes faithfulness to classifier behavior from 

legal-role alignment. Consistency, comprehensiveness, and sufficiency assess the be-

haviour of the classifier and explainer, whereas Legal Role Alignment at k examines 

whether highly ranked units occur in rhetorically central parts of the judgment. This 

distinction allows SPS-LIME to identify not only coherent model explanations but also 

potential mismatches between classifier-sensitive content and role-based legal salience. 

3 SPS-LIME Methodology 

This section presents SPS-LIME, a model-agnostic local explanation framework de-

signed to clarify why a legal document is assigned to a particular classification cate-

gory. Standard LIME represents text using word-level interpretable features and esti-

mates their local contributions through randomized perturbation (Ribeiro et al. 2016). 

However, independently perturbing words can produce fragmented or out-of-distribu-

tion inputs and substantially increase the dimensionality of the local search space 

(Rychener et al. 2023). In legal judgments, such fragmentation may also obscure infor-

mation expressed across multiple sentences. This limitation is particularly relevant to 

legal judgments, in which facts, arguments, precedents, and judicial reasoning fre-

quently extend across multiple sentences. Explanations constructed from isolated lexi-

cal features may therefore provide limited information about the discourse structures 

on which a legal classifier relies. 

SPS-LIME addresses this limitation by defining explanations at the semantic-segment 

level. Each segment consists of a contiguous sequence of sentences assigned the same 

rhetorical role. Rhetorical-role modeling represents the functional structure of legal 

judgments through categories such as Fact, Argument, Precedent, Statute, and Ratio of 

the Decision (Malik et al. 2022). Accordingly, consecutive Fact sentences are merged 

into a factual segment, whereas consecutive Ratio of the Decision sentences form a 

reasoning segment. These role-homogeneous segments serve as the atomic units of per-

turbation and attribution, thereby preserving more of the semantic and discourse coher-

ence of the source document. 



11 

Based on these segments, SPS-LIME provides a dual-layer explanation mechanism. 

The first layer assigns a contribution score to each semantic segment, allowing users to 

identify the discourse units that most strongly influence the classification result. The 

second layer performs sentence-level localization within highly ranked segments to 

identify the specific statements that contribute most strongly to the classification. This 

coarse-to-fine design combines segment-level coherence with sentence-level precision 

and provides explanations that are more closely aligned with the structural organization 

of legal judgments. 

3.1 System Architecture 

The overall operational workflow of SPS-LIME is designed as a hierarchical pipeline 

that transforms long legal texts into structurally coherent explanations without disrupt-

ing the underlying argumentative semantics. Conceptually, the framework comprises 

three main stages: text structuring, segment-level neighborhood generation, and local 

surrogate optimization. 

The architecture is decomposed into two interconnected parts. The first part performs 

rhetorical role analysis and semantic unit extraction, converting raw judgments into 

semantic segments, as illustrated in Fig. 3. The second part carries out segment‑based 
perturbation and explanation, constructing a dual‑layer interpretive output on top of 
these segments. 

 
Fig. 3 Architecture of the first part: sentence-level rhetorical role tagging and semantic segmen-

tation. Raw judgments are split into sentences, encoded with BERT and BERT-SC, passed 

through BiLSTM layers and a CRF to assign one rhetorical role per sentence, and finally grouped 

by a segmentation algorithm into semantic segments. 

Judgement 

Document 

Sentence Segmentation

BERT Encoder

(per-sentence)

BERT-SC

(sentence pair , )

Concatenation

BiLSTM BiLSTM

Linear Layer

(emission scores 

per RR)

CRF-Training / Viterbi Decoding

Segmentation algorithm
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Transition 
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3.1.1 Rhetorical Role-Guided Document Segmentation 

Let a lengthy legal document, such as a court judgment, be denoted by ܦ ,1ݏ}= ,2ݏ … , -௜ represents the ݅-th sentence. Rather than perturbing the raw toݏ ௡}, whereݏ

ken stream directly, SPS-LIME first applies a Rhetorical Role (RR) classifier  to the 

document. Each sentence ݏ௜ is assigned a legal discourse function ܴ(ݏ௜) ∈ ࣳ, where ࣳ 

denotes the predefined set of seven rhetorical roles: Fact, Argument, Statute, Precedent, 

Ruling by Lower Court, Ratio of the Decision, and Ruling by Present Court. 

Following this role assignment, an aggregation operator groups together contiguous 

sentences that share the same rhetorical role into a single semantic segment. Formally, 

the document is reorganized into a sequence of ܯ segments: 

 ܵ = { 1ܵ, ܵ2, � , ܵெ} (1) 

where each segment ௝ܵ = ௦௧ೕݏ} , ,௦௧ೕ+1ݏ … , {௘ௗೕݏ  satisfies ܴ(ݏ௦௧ೕ) = (௦௧ೕ+1ݏ)ܴ = ⋯ with 1 ,(௘ௗೕݏ)ܴ= ≤ ௝ݐݏ ≤ ݁ ௝݀ ≤ ݊. The indices ݐݏ௝  and ݁ ௝݀  mark the start and end of 

segment ௝ܵ within the original sentence sequence. 

This segmentation step lifts the representation space from individual sentences to 

macro-level argumentative units, aligning the explanation granularity with the func-

tional structure of legal reasoning. 

Building on these semantic segments, the second part of the architecture treats the 

downstream classifier as a black box and generates local explanations by perturbing 

and re-weighting combinations of segments, producing the dual-layer SPS-LIME out-

put, as illustrated in Fig. 4. 

 
Fig. 4 Architecture of the second part: segment‑based perturbation and dual‑layer explanation. 
Semantic segments are sampled to create ܭ perturbed inputs for a black‑box classifier, and a 
weighted ridge regression surrogate is fitted to estimate segment‑level importance. The top‑݇ 

segments are then selected and, for each selected segment, sentence‑level localization yields 
fine‑grained importance scores within the segment. 
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3.1.2 Segment-Level Perturbation and Neighborhood Generation 

SPS-LIME operates in an interpretable binary vector space {0,1}ெ, where each dimen-

sion corresponds to one semantic segment. Let ݔ denote the original legal document ܦ 

to be explained, expressed in its raw textual form. The activation state of each segment 

in ݔ is represented as a binary vector ݖ ∈ {0,1}ெ, whose components indicate whether 

each segment is retained or masked: a value of 1 denotes that the segment is retained, 

and 0 denotes that it is masked. The fully observable mask is denoted by ݖo = ૚ெ =

(1,1, � ,1), indicating that all semantic segments are retained. 

A neighborhood dataset ܼ is constructed by randomly sampling perturbed binary vec-

tors around ݖo. Each sample ݖ = ,1ݖ) ,2ݖ … , (ெݖ ∈ {0,1}ெ represents a possible mask-

ing configuration: 

௝ݖ  = {1, if segment ௝ܵ is retained

0, if segment ௝ܵ is masked
 (2) 

To evaluate each perturbed sample with the black-box classifier, the binary vector ݖ is 

mapped back into the text domain as a perturbed document ̃ݔ: if ݖ௝ = 0, the entire con-

tent of segment ௝ܵ is removed; if ݖ௝ = 1, the segment is retained in its original form. 

This design compresses the original token-level feature space from ܱ(2ே) to ܱ(2ெ), 

with ܯ ≪ 𝑁, while preserving the semantic continuity of the surrounding legal dis-

course blocks. The segment-level perturbation process is illustrated in Fig. 5. 

 
Fig. 5 Illustration of the segment-level perturbation scheme in SPS-LIME. Each semantic seg-

ment is randomly masked as a unit during perturbation, each segment is associated with a single 

rhetorical role, and adjacent segments correspond to different roles. 

3.1.3 Local Surrogate Optimization and Attribution Calculation 

Building on the previous subsections, the original judgment has been mapped into the 

rhetorical-role-based segment space, and a neighborhood of perturbed segment masks 

has been generated. The next task is to translate the resulting changes in black-box 

classification into segment-level importance scores meaningful for legal interpretation. 

To emphasize neighborhood samples that are close to the original document, SPS-

LIME assigns each perturbed segment mask ݖ(௞)a proximity weight relative to the orig-

inal fully observable mask ૚ெ. In the binary segment-mask space, the 1ܮdistance is 

The original document

Keep segments {1,2,3,5}Fact ROP Argu. Fact

Fact ROP Argu. FactRPC ROP

Keep segments {1,2,4}Fact ROP RPC

Keep segments {2,3,4,5}ROP Argu. FactRPC

Keep segments {1,3,5,6}Fact ROPArgu. Fact
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defined as ݀(ݖ(௞), ૚ெ)  = ∑ (ெ௝=1 1 − (௝(௞)ݖ . Because ݖ௝(௞) ∈ {0,1} , this distance is 

equivalent to the Hamming distance and counts the number of masked semantic seg-

ments. The proximity weight is then computed using the normalized exponential ker-

nel: ߨ(ݖ(௞)) = exp (− ,(௞)ݖ)݀ ૚ெ)ܯߪ ) (3) 

where ߪ is the kernel width controlling the decay rate of proximity and is fixed to 1 in 

the experiments. Consequently, samples containing fewer masked segments receive 

larger proximity weights, whereas more extensively perturbed samples receive smaller 

weights. The complete formulation is provided in Section 3.3.4. 

For each document ݔ, SPS-LIME fits a local linear surrogate model ݃௫ over the seg-

ment mask space: ݃௫(ݖ) = ܾ +  (3) ݖ⊤ݓ

where ݓ = ,1ݓ] … , -ெ] is the coefficient vector and ܾ is the bias term. Each coeffiݓ

cient ݓ௝  corresponds to semantic segment ௝ܵ, representing its linear contribution to the 

target-class probability. 

Let ݂ denote the black-box classifier that SPS-LIME is trying to explain at the docu-

ment level. Let ݃௫ denote an interpretable local surrogate model defined over the seg-

ment mask space. The surrogate ݃௫ is selected by solving a regularized least-squares 

problem over a hypothesis class ܩ, where ܩ denotes the candidate set of linear surro-

gate models: ݃௫ = arg min௚∈ீ ℒ( ௖݂, ݃, π) + Ω(݃) (4) 

The proximity-weighted loss is defined as ℒ( ௖݂ , ݃, (ߨ = ∑ π௭∈௓ ) (ݖ) ௖݂(̃ݔ) −  (5) 2((ݖ)݃

A regularization term Ω(݃) is used to stabilize the local surrogate model. The specific 

weighted ridge regression objective is presented in Section 3.3.4, while explanation 

conciseness is introduced separately through top-݇ selection in Section 3.4.1. 

Once converged, the coefficient vector serves as the segment-level attribution weights. 

3.2 Rhetorical Role Tagging and Semantic Segmentation 

This section describes how SPS-LIME converts raw judicial sentences into functional 

semantic units that support subsequent perturbation-based explanation. The pipeline 

proceeds in two stages: a sequence labeling model first assigns a rhetorical role to each 

sentence, and a deterministic segmentation procedure then groups adjacent sentences 

with the same role into coherent segments. 

3.2.1 Definition of Rhetorical Roles (RR) 

To make the discourse structure of legal judgments amenable to computational analy-

sis, this study adopts the seven coarse-grained rhetorical roles used in the experiments 
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of Malik et al. (2022): Fact, Argument, Statute, Precedent, Ruling by Lower Court, 

Ratio of the Decision, and Ruling by Present Court. Let a judgment document ܦ consist 

of a sequence of sentences ܵ = ,1ݏ} ,2ݏ … ,  ௜ denotes the ݅-th sentence. Forݏ ௡}, whereݏ

each sentence ݏ௜, the tagging model predicts a functional label ݎ௜ ∈  ࣳ, where ࣳ con-

tains seven rhetorical roles associated with legal discourse: 

 Fact: objective factual background and chronological events relevant to the case. 

 Argument: claims, submissions, or contentions advanced by the parties. 

 Statute: explicit statutory provisions or codified rules cited in the judgment. 

 Precedent: prior judicial decisions invoked as sources of legal authority. 

 Ruling by Lower Court: outcomes and decisions rendered in earlier instances. 

 Ratio of the Decision (ROD): the core legal reasoning and application of law artic-

ulated by the judge. 

 Ruling by Present Court (RPC): the final verdict or order issued in the present in-

stance. 

This scheme maps the raw sentence sequence into a corresponding label sequence ܴ ,1ݎ}= ,2ݎ … ,  ௡}, providing a structural backbone for downstream discourse analysis andݎ

attribution. 

3.2.2 Sequence Labeling Model Architecture: Hierarchical BiLSTM-CRF 

Each sentence ݏ௜  is separately encoded using a shared BERT encoder (Devlin et al. 

2019), producing a contextual sentence representation ℎ௜ ∈  ℝௗℎ, where ݀ℎ denotes the 

dimensionality of the sentence representation. In parallel, each pair of adjacent sen-

tences (ݏ௜ ,  ௜+1) is processed by a sentence-pair encoder, denoted BERT-SC, to obtainݏ

a transition representation ݍ௜ ∈ ℝௗ೜. This representation captures the semantic relation-

ship between adjacent sentences and provides information about potential rhetorical-

role transitions. Following Malik et al. (2022), the sentence representations and transi-

tion representations are processed by two separate BiLSTM branches. Their outputs are 

concatenated and passed to a CRF layer for rhetorical-role sequence decoding, which 

predicts the rhetorical role of each sentence while modeling dependencies between ad-

jacent role labels. 

RR Module (rhetorical role branch): The sentence vector ℎ௜ is fed into an independ-

ent BiLSTM, producing a contextual sentence representation ܿ௜ that captures the sen-

tence's role within the global document context. 

Shift Module (transition branch): This module captures transitions in the argumen-

tative structure between adjacent sentences. For each pair (ݏ௜ , -௜+1), the module comݏ

putes an intermediate representation ݍ௜ encoding the semantic and argumentative rela-

tion between the two sentences. It then concatenates the previous pair representation ݍ௜−1, the current sentence vector ℎ௜, and the current pair representation ݍ௜ to form the 

Shift Module input at position ݅: ܾ௜ = ;௜−1ݍ] ℎ௜;  ௜] (6)ݍ

where [⋅;⋅] denotes vector concatenation, and missing pair representations at document 

boundaries are padded with zero vectors. The sequence ܤ = {ܾ1, ܾ2, … , ܾ௡} is fed into 
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an independent BiLSTM, producing hidden states ݀௜ that summarize local structural 

shifts in the discourse. 

To compute the final emission scores for rhetorical role tagging, the model concatenates 

the RR Module's contextual representation ܿ௜ with the Shift Module's transition repre-

sentation ݀௜, and applies a linear transformation: 

௜ܲ = rܹr[ܿ௜; ݀௜] + ܾrr (7) 

where rܹr and ܾrr are the trainable weight matrix and bias term. The scalar ௜ܲ ,௥೔ de-

notes the emission score of assigning label ݎ௜ to sentence ݏ௜. Each role classification is 

thus jointly informed by sentence-level semantics and macroscopic argumentative dy-

namics. 

Following Malik et al. (2022), a Conditional Random Field layer is applied to model 

dependencies among adjacent rhetorical roles and decode the globally optimal label 

sequence (Lafferty et al. 2001). Given a candidate label sequence ܴ = ,1ݎ} ,2ݎ … ,  ,{௡ݎ

its sequence score is defined as: 

Score(ܴ) = ∑ ௜ܲ,௥೔
௡

௜=1 + ∑ ௥೔,௥೔+1ܣ
௡−1
௜=1  (8) 

where ݊ is the number of sentences and ܣ௥೔,௥೔+1 is the learned transition score from role ݎ௜ to role ݎ௜+1. All model parameters, including the BERT and BERT-SC encoders, both 

BiLSTM branches, the linear projection layer, and the CRF transition matrix ܣ, are 

jointly optimized by maximizing the conditional log-likelihood of the gold rhetorical 

role sequence over the training corpus. At inference time, the optimal role sequence is 

decoded via the Viterbi algorithm. 

3.2.3 Semantic Segment Construction Algorithm 

Once the global rhetorical role sequence has been decoded, SPS-LIME applies a deter-

ministic segmentation algorithm to partition the document into contiguous and func-

tionally homogeneous text blocks called semantic segments. 

Formally, given the sentence sequence ݏ = ,1ݏ} ,2ݏ … , ܴ ௡} and its role sequenceݏ ,1ݎ}= ,2ݎ … , ௜ݎ ௡} withݎ ∈ ࣳ, the algorithm scans the document to detect role boundaries. 

A boundary is recorded at index ݅ whenever ݎ௜ ≠  ௜−1. Consecutive sentences sharingݎ

the same role are merged into a single segment. Fig. 6 illustrates this merging process 

using an example judgment. 
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Fig. 6 Illustration of how consecutive sentences sharing the same rhetorical role are merged into 

semantic segments within a legal judgment. 

For the ݆-th segment, let ௝ܵ = ௦௧ೕݏ} , ,௦௧ೕ+1ݏ … , -௘ௗೕ} denote the ordered set of contiguݏ

ous sentences in that segment, where 1 ≤ ௝ݐݏ ≤ ݁ ௝݀ ≤ ݊ , and ௝ࣳ = ௦௧ೕݎ = ௦௧ೕ+1ݎ =⋯ =  ௘ௗೕ is the unified rhetorical role of the block. The first segment 1ܵ is initializedݎ

with 1ݐݏ = 1, and for any adjacent pair ௝ܵ , ௝ܵ+1, the continuity constraint ݁ ௝݀ + 1 ௝+1 holds together with ௝ࣳݐݏ= ≠ ௝ࣳ+1. 

Through this aggregation, the document is mapped from an ݊-dimensional sentence 

space to an ܯ-dimensional semantic segment space, compressing the feature space 

faced by the local surrogate model while preserving rhetorical and logical coherence. 

3.3 Semantic-Preserved Perturbation Strategy 

Following the construction of semantic segments, the next step in SPS-LIME is to gen-

erate a representative neighborhood of perturbed documents in order to probe the local 

decision boundary of the black-box classifier. This section presents the semantic-pre-

served perturbation strategy, which shifts the atomic unit of masking from individual 

tokens to holistic functional segments. 

3.3.1 Dimensionality Reduction and Search Space Analysis 

Traditional token-level perturbation applied to lengthy legal documents suffers from 

the curse of dimensionality. For a document containing 𝑁 tokens, the theoretical per-

turbation search space grows as ܱ(2ே). By elevating the perturbation unit to semantic 

segments, SPS-LIME compresses the feature space from 𝑁  tokens to ܯ  segments 

ܯ) ≪ 𝑁), reducing the search space to ܱ(2ெ). This compression improves computa-

tional efficiency, reduces within-sentence fragmentation, and preserves the internal 

content of retained segments, since each masked unit corresponds to a complete legal 

functional block rather than an arbitrary token span. 

Holywell Corporation filed a federal income tax return for the
fiscal year ending July 31, 1985.
The return included capital gains from the sale of the
Washington Properties.

Neither the corporate debtors nor trustee Smith filed returns
for later fiscal years.
Those years included gains from the sale of Miami Center and 
interest earned on the proceeds.

The Bankruptcy Court declared that Smith had no duty to file 
tax returns or pay income tax.

The District Court affirmed that declaration.

The Court of Appeals also affirmed.

We hold that Smith must file returns and pay tax on the
income attributable to the debtors’ property.

Fact

Fact
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ID Sentence
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3.3.2 Mathematical Modeling of Segment-Level Sampling 

The original unperturbed document is represented by a fully observable binary state 

vector: ૚ெ = (1,1, � ,1) ∈ {0,1}ெ (9) 

where each dimension corresponds to one semantic segment and a value of 1 indicates 

that the segment is present. 

SPS-LIME draws ܭ perturbed samples to construct the local neighborhood (ܭ = 1000 

in the experimental setup). The binary mask vector of the ݇-th perturbed sample is de-

noted: ݖ(௞) = (௞)1ݖ]
, (௞)2ݖ

, � , ெ(௞)ݖ
], ௝(௞)ݖ ∈ {0,1} (10) 

The sampling process employs an independent Bernoulli masking mechanism: the re-

tention state of each segment ௝ܵ in the ݇-th sample is governed by 

Pr(ݖ௝(௞)
= 1) = 1 − ,mask݌ Pr(ݖ௝(௞)

= 0) =  mask (11)݌

where ݌mask is the predefined masking probability, empirically set to 0.4. The masking 

decision for each segment is independent of all others, providing sufficient local varia-

tion while maintaining a balanced proportion of retained argumentative blocks. 

3.3.3 Sample Synthesis and Preservation of Semantic Coherence 

Given a mask vector ݖ(௞), the framework synthesizes the corresponding perturbed text ̃ݔ(௞) via the mapping: ̃ݔ(௞) = ⨁௝=1ெ (ॴ[ݖ௝(௞)
= 1] ⋅ ௝ܵ) (12) 

where ⨁ denotes string concatenation in the original chronological order of the docu-

ment, and ॴ[⋅] is the indicator function that equals 1 if the condition holds and 0 other-

wise. A segment ௝ܵ is included in ̃ݔ(௞) if and only if ݖ௝(௞)
= 1; otherwise it is omitted 

entirely. 

    Because each retained segment corresponds to an intact legal functional module, the 

synthesized samples preserve the original ordering of retained segments and reduce 

within-segment fragmentation of the judgment, rather than breaking its argumentative 

structure into isolated fragments. 

3.3.4 Local Surrogate Model Fitting 

After constructing a neighborhood of perturbed document samples and obtaining their 

corresponding classifications from the black-box classifier, the next step is to build an 

interpretable local surrogate model ݃ that approximates the classification behavior of ݂ around the original judgment instance. This section describes how SPS-LIME defines 

distances and proximity weights in the segment-masking space and fits a locally 

weighted ridge regression model to estimate segment-level attribution scores, following 
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the local surrogate framework of Ribeiro et al. (2016) and the ridge regularization for-

mulation of Hoerl and Kennard (1970). 

Distance Metric and Proximity Weighting: To ensure the local explanation remains 

faithful to the black-box model's behavior in the immediate vicinity of the original in-

put, each perturbed sample is assigned a proximity weight. In the binary segment-mask-

ing space of SPS-LIME, the 1ܮ (Manhattan) distance measures the divergence between 

a perturbed sample ݖ(௞) and the original fully observable state vector ૚ெ: 

,(௞)ݖ)݀ ૚ெ) = ∑|1 − ௝(௞)|ெݖ
௝=1  (13) 

Since ݖ௝(௞) ∈ {0,1}, this 1ܮ distance is numerically equivalent to the Hamming distance 

and directly counts the number of masked semantic segments. Larger values indicate 

samples structurally farther from the original document. 

This distance is transformed into a continuous proximity weight ߨ(ݖ(௞)) via an expo-

nential kernel: ߨ(ݖ(௞)) = exp (− ,(௞)ݖ)݀ ૚ெ)ߪ ⋅ ܯ ) (14) 

where ߪ is the kernel width controlling the decay rate of proximity, empirically fixed 

to 1, simplifying the function to: ߨ(ݖ(௞)) = exp (− ,(௞)ݖ)݀ ૚ெ)ܯ ) (15) 

Normalizing by ܯ keeps the spatial scale of proximity weights consistent across docu-

ments of varying lengths. 

Weighted Ridge Regression Optimization: Because the primary objective is to de-

liver segment-level attribution rather than a highly complex local approximation, a lin-

ear model is adopted as the interpretable surrogate: ݃(ݖ) = ܾseg + segݓ
⊤  (16) ݖ

where ݖ ∈ {0,1}ெ  is the segment-level mask vector, ݓseg ∈ ℝெ  is the weight vector 

representing the importance of each segment, and ܾseg is the bias term. 

For a target class ܿ, the surrogate parameters (ݓ௦௘௚ , ܾ௦௘௚) are learned using the synthe-

sized perturbed texts, their corresponding masks, and the black-box classification prob-

abilities, by solving the weighted ridge regression problem: 

min௪seg,௕seg

∑ )ߨ

௄
௞=1 ((௞)ݖ ( ௖݂(̃ݔ(௞)) − (ܾseg + segݓ

⊤ 2(((௞)ݖ
+  seg‖22 (17)ݓ‖segߙ

This objective comprises three components: the weighted squared error measures local 

fidelity; the proximity weights ߨ(ݖ(௞)) enforce locality; and the 2ܮ regularization term 
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segߙ ∥ segݓ segߙ) 22∥ = 1.0) prevents overfitting and stabilizes weight estimates in the 

presence of correlated segment features. 

After optimization, the weight vector ݓseg = ,1ݓ] ,2ݓ … , -ெ] provides the segmentݓ

level attribution scores. The absolute value |ݓ௝| quantifies the relative importance of 

segment ௝ܵ, while the sign indicates the direction of its influence: ݓ௝ > 0 increases con-

fidence in class ܿ, ݓ௝ < 0 weakens it. 

3.4 Dual-Layer Explanation Mechanism 

Building on the segment-level attribution weights, SPS-LIME introduces a dual-layer 

explanation mechanism intended to support coarse-to-fine inspection of legal judg-

ments. The first layer provides a macroscopic view by ranking semantic segments ac-

cording to their contribution to the classification outcome; the second layer provides a 

microscopic view by localizing the most decisive sentences within the highest-ranked 

segments. 

3.4.1 Layer 1: Segment-Level Attribution 

The first layer ranks the semantic segments by their absolute attribution weights. Based 

on ݓseg = 1ݓ] , ,2ݓ … ,  ௝| in descending order, and theݓ| ெ], segments are ordered byݓ

top-ܭattr most influential segments are selected for further sentence-level analysis in 

Layer 2. Unlike traditional LIME, which produces scattered token-level attributions, 

this segment-level ranking maps directly to cohesive legal functional blocks, including 

factual narratives, statutory citations, and judicial reasoning. 

3.4.2 Layer 2: Sentence-Level Localization 

The second layer zooms into the top-ranked segments to identify the most decisive in-

dividual sentences. The top  ܭattr = max(1,  segments are selected to balance (⌊2/ܯ⌋

explanation coverage against computational cost. For each such segment ܵ∗, the analy-

sis proceeds in three steps. 

Step 1: Target Segment Decomposition. The selected segment ܵ∗is decomposed into 

its constituent sentence sequence ࣮∗ = ,1ݏ} ,2ݏ … , -is the number of sen ܮ ௅}, whereݏ

tences. 

Step 2: Localized Sentence-Level Sampling. A new binary mask space is constructed 

over ࣮∗, treating sentences as atomic perturbation units. Perturbed samples are drawn 

with a fixed retention probability of 0.5, with sample size capped at ܭsent =min(100,  .(2/ܭ

Step 3: Sentence-Level Surrogate Fitting. A local linear surrogate ݃sent is fitted: ݃sent(ݖsent) = ܾsent +  sent (18)ݖ⊤((sent)ݓ)

where ݖsent ∈ {0,1}௅, ܾsent is the bias term, and ݓ(sent) ∈ ℝ௅ is the sentence-level weight 

vector, estimated by solving: 
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min௪(sent),௕sent

∑ ௌ∗௄sentߨ

௞=1 sentݖ)

(௞)
)[ ௖݂(̃ݔsent

(௞)) − ݃sent(ݖsent

(௞))]2
+  22 (19)‖(sent)ݓ‖sentߙ

where ̃ݔsent

(௞)
 is the ݇-th synthesized sentence-level perturbed text, ߨௌ∗(⋅) is the proximity 

weight centered on ܵ∗, and ߙsent = 1.0. The resulting weights ݓ(sent) isolate the most 

decisive sentences within ܵ∗. 

3.4.3 Visualization Design of Explanation Reports 

SPS-LIME renders both layers of attribution as a hierarchical heatmap projected back 

onto the original judgment text. At the first layer, segment boundaries are highlighted 

with a lighter background shade. Within each highlighted block, second-layer critical 

sentences are accentuated with higher-saturation colors whose intensity is proportional 

to |ݓ௣(sent)|, where ݌ indexes sentences within the selected segment. 

This two-level visualization allows users to inspect explanations first at the segment 

level and then at the sentence level. 

3.5 Hybrid Black-Box Classifier Architecture 

To demonstrate the applicability of SPS-LIME, a hybrid feature classifier is instantiated 

as the underlying black-box model, jointly leveraging high-dimensional lexical infor-

mation and low-dimensional discourse-structural signals. 

3.5.1 Lexical Feature Extraction: TF-IDF Representation 

Each judgment is represented as a sparse lexical feature vector using term frequency-

inverse document frequency weighting (Salton and Buckley 1988). A judgment is 

treated as a single document, and the TF-IDF representation is computed from its com-

plete preprocessed text. Preprocessing includes tokenization, lowercasing, stop-word 

removal, and the removal of very short non-alphabetic tokens. The TF-IDF representa-

tions were implemented using the scikit-learn machine learning framework (Pedregosa 

et al. 2011). 

A unigram and bigram vocabulary is used, with the n-gram range set to (1,2), and TF-

IDF weights are estimated with respect to the entire training corpus, yielding a sparse ܸ-dimensional lexical feature vector ݔlex ∈ ℝ௏  for each document, where ܸ is the vo-

cabulary size. In the fusion stage, ݔlex is combined with an embedding of the docu-

ment's rhetorical role distribution to form the final input representation ݔin. 

3.5.2 Feature Fusion Mechanism and Network Architecture 

To merge the high-dimensional TF-IDF lexical features with the low-dimensional Rhe-

torical Role (RR) distribution features, a weighted concatenation mechanism is em-

ployed. Before concatenation, the raw 7-dimensional RR distribution vector is pro-

jected into a 128-dimensional representation space via a non-linear mapping function, 

which increases its representational capacity while keeping the structural feature vector 

relatively compact. 
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(rrݔ)߶ = 2ܹfuse ReLU( 1ܹfuseݔrr + ܾ1fuse) + ܾ2fuse (20) 

where 1ܹfuse ∈ ℝ64×7  and 2ܹfuse ∈ ℝ128×64  are the trainable weight matrices of the 

two fully connected layers, and ܾ1fuse ∈ ℝ64, ܾ2fuse ∈ ℝ128 are their bias terms. 

The projected RR representation is scaled by a learnable scalar weight ߛ and concate-

nated with the TF-IDF feature vector ݔlex: ݔin = lexݔ ⊕ ߛ) ⋅  (21) ((rrݔ)߶

where ⊕ denotes the concatenation operator, and ߛ regulates the overall influence of 

structural RR features relative to purely lexical evidence. 

The fused vector ݔin ∈ ℝ௏+128 is fed into a Multi-Layer Perceptron (MLP) with two 

hidden layers (dimensions 512 and 256), each followed by ReLU activation and drop-

out (probability 0.3) to mitigate overfitting. The overall process of combining TF-IDF 

lexical features with rhetorical role distribution features is illustrated in Fig. 7. 

 
Fig. 7 Feature fusion architecture combining TF-IDF lexical features with projected rhetorical 

role distribution features via learnable scaling and concatenation before MLP classification. 

3.5.3 Classification Probabilities and Explanation Target 

For an input document ݔ, let the classifier produce a logit vector ݕ = 1ݕ] , ,2ݕ … , ஼ݕ ], 

where ܥ denotes the number of target classes. In the primary SCOTUS classification 

setting used in this study, ܥ = 13. The dataset is based on the SCOTUS task included 

in LexGLUE (Chalkidis et al. 2022). The classification probability for target class ܿ is 

computed using the softmax function: 

௖݂(ݔ) =
exp(ݕ௖)∑ exp(

஼௜=1 (௜ݕ
 (22) 

Within the SPS-LIME pipeline, ௖݂(ݔ) serves as the precise decision signal that the local 

surrogate model aims to approximate. All segment-level and sentence-level perturbed 

samples are evaluated against this black-box output to quantify the relative attribution 

of different semantic units. 

For the auxiliary evaluation, we derive a document-level binary classification task from 

the ECtHR corpus of Chalkidis et al. (2019). A case is labelled as violation if at least 

one Convention article is identified as violated and as non-violation otherwise. This 

binary formulation differs from the original multi-label article-level classification task. 

TF-IDF Lexical 

Feature

RR Distribution 

Features

Feature Concatenation

(learnable scaling)
RR Projection 
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3.6 Summary of the Methodology 

This section establishes the methodological foundation of SPS-LIME. By elevating the 

unit of perturbation from isolated tokens to rhetorically cohesive semantic segments, 

the framework sharply reduces the effective search space while preserving the argu-

mentative integrity of long legal documents. Building on this segment-based represen-

tation, a two-layer explanation mechanism and a hybrid feature classifier together pro-

vide a structurally aware paradigm for interpreting complex legal text classifications. 

3.6.1 Module Dependency and Data Flow 

The pipeline begins with the Rhetorical Role Tagger and Semantic Segmentation mod-

ule, which converts raw judgment text into a sequence of ܯ rhetorically homogeneous 

semantic segments { 1ܵ, ܵ2, … , ܵெ}. These segments serve as the atomic units for all 

downstream operations, compressing the perturbation search space from ܱ(2ே)  to ܱ(2ெ) with ܯ ≪ 𝑁. 

The Semantic-Preserved Perturbation Strategy constructs a local neighborhood of ܭ =
1000 binary-masked perturbed samples, each synthesized by independently retaining 

or omitting complete semantic segments with masking probability ݌mask = 0.4. The Lo-

cal Surrogate Model Fitting module fits a weighted ridge regression over these samples, 

using 1ܮ-distance-based proximity weights and 2ܮ regularization (ߙseg = 1.0) to pro-

duce the segment-level attribution weights ݓseg. 

3.6.2 Dual-Layer Explanation Output 

The Dual-Layer Explanation Mechanism translates segment-level attribution weights 

into a structured, two-layer explanation report. Layer 1 ranks the ܯ semantic segments 

by |ݓ௝| and surfaces the top-ܭattr most influential argumentative blocks. Layer 2 per-

forms sentence-level localization within these top segments via a recursive surrogate 

fitting procedure, rendering the result as a hierarchical heatmap projected back onto the 

original judgment text. 

3.6.3 Architectural Basis of the Rhetorical Role Tagger 

The rhetorical-role tagging model is adapted from the rhetorical-role and shift-aware 

architecture proposed by Malik et al. (2022). It contains two parallel BiLSTM branches. 

The rhetorical-role branch models contextual sentence representations, whereas the 

shift-detection branch captures transitions between adjacent sentences. The outputs of 

the two branches are concatenated and transformed into emission scores through a lin-

ear projection layer. A CRF layer then models dependencies among adjacent labels and 

produces the final rhetorical-role sequence. This architecture jointly incorporates sen-

tence-level semantics and discourse-transition information into rhetorical-role classifi-

cation. 

The effectiveness of SPS-LIME is evaluated in Section 4 through experiments on 

SCOTUS and ECtHR. The evaluation examines classification performance, explana-

tion consistency, comprehensiveness, sufficiency, legal role alignment, and the effect 

of segment granularity. SPS-LIME is compared with token-level and sentence-level 
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LIME variants to assess the benefits and limitations of rhetorical segment-based per-

turbation. 

4 Experimental Results 

Recent surveys document the growing use of NLP for legal document analysis and 

judgment classification (Zhong et al. 2020), while benchmark suites such as LexGLUE 

provide standardized evaluation across multiple legal text classification tasks (Chalki-

dis et al. 2022). Research on explainable AI in law further emphasizes the need to clar-

ify how opaque models derive classifications in legally consequential settings (Rich-

mond et al. 2024). Accordingly, this section evaluates SPS-LIME from two perspec-

tives. First, it examines the classification performance of the underlying model and the 

contribution of rhetorical-role information. Second, it compares Token LIME, Sentence 

LIME, and SPS-LIME on the SCOTUS and ECtHR datasets using Consistency, Com-

prehensiveness, Sufficiency, and Legal Role Alignment at ݇, denoted LRA@ ݇. These 

evaluations assess both classification performance and the types of information cap-

tured by the resulting explanations. 

4.1 Dataset and Black-box Classifier Setup 

Experiments are conducted on two publicly available legal datasets. The primary eval-

uation uses the official 13-class LexGLUE-SCOTUS dataset (Chalkidis et al. 2022), 

which formulates Supreme Court opinion classification as a 13-class issue-area classi-

fication task. The original chronological training, validation, and test partitions are re-

tained. 

The auxiliary evaluation uses a document-level binary violation-classification task de-

rived from the ECtHR corpus of Chalkidis et al. (2019), in which each case is classified 

according to whether the Court found at least one violation of the European Convention 

on Human Rights. For both datasets, the original chronological train, validation, and 

test partitions are retained. 

Both tasks exhibit class imbalance. We therefore report micro-F1 and macro-F1. Micro-

F1 aggregates decisions across all instances and is dominated by frequently occurring 

classes, whereas macro-F1 assigns equal weight to each class and provides a more bal-

anced assessment of minority-class performance. 

For reference, we report the SCOTUS results of representative transformer-based and 

long-document models from the LexGLUE benchmark, including BERT (Devlin et al. 

2019), RoBERTa (Liu et al. 2019), DeBERTa (He et al. 2021), Longformer (Beltagy 

et al. 2020), BigBird (Zaheer et al. 2020), and Legal-BERT (Chalkidis et al. 2020). 

These results are taken from prior work rather than reproduced under the present im-

plementation. 

The primary black-box classifier used for explanation is the proposed TF-

IDF+RR+MLP model, which combines lexical TF-IDF features with rhetorical-role 

representations. The same classifier is used for Token LIME, Sentence LIME, and SPS-

LIME to ensure that differences in explanation quality arise from the explanation 

method rather than from the underlying classification model. 
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4.2 Experimental Settings 

The TF-IDF representation uses a maximum vocabulary size of 10,000 and includes 

unigrams and bigrams. The rhetorical-role distribution vector is projected through two 

fully connected layers with dimensions 7 → 64 → 128, and the fused representation is 

classified using an MLP with hidden dimensions of 512 and 256. ReLU activation and 

dropout with a probability of 0.3 are applied after the hidden layers. 

The classifier is trained using Adam with an initial learning rate of 1 × 10−3, a batch 

size of 32, and a maximum of 50 epochs. Cross-entropy loss is used as the training 

objective. The learning rate is reduced by a factor of 0.5 when the validation loss does 

not improve for two consecutive epochs, and early stopping is applied with a patience 

of five epochs. Classification experiments are repeated using five random seeds, 

namely 13, 21, 42, 87, and 100, and the results are reported as mean and standard de-

viation. 

Token LIME, Sentence LIME, and SPS-LIME are applied to the same trained black-

box classifier. All three methods generate 1,000 perturbed samples per document with 

a masking probability of 0.4. For SPS-LIME, the proximity-kernel width is fixed to ߪ = 1, and the weighted ridge regression coefficient is set to ߙseg = 1.0. Token LIME 

is configured to return 20 explanatory features. Consistency is computed using the top 

10 explanatory units, while Comprehensiveness and Sufficiency are averaged across 

selection ratios of 1%, 5%, 10%, 20%, and 50%. 

For sentence-level localization, SPS-LIME selects the top max(1,  semantic(⌊2/ܯ⌋

segments. Within each selected segment, sentence-level masks are sampled with a re-

tention probability of 0.5. The number of sentence-level perturbation samples is set to ܭsent = min(100, sentߙ and the sentence-level ridge coefficient is fixed to ,(2/ܭ =

1.0. The experiments are implemented in Python using PyTorch and executed on an 

NVIDIA GeForce RTX 3050 Laptop GPU with 4 GB of memory. 

4.3 Classification Metrics 

To evaluate classification performance, this paper reports micro-F1 and macro-F1. Let ܶ ௖ܲ ܨ , ௖ܲ, and ܨ𝑁௖ denote the numbers of true positives, false positives, and false neg-

atives for class ܿ, respectively. Micro-precision and micro-recall are defined as follows: ܲ݊݋݅ݏ݅ܿ݁ݎ௠௜௖௥௢ =
∑ ܶ ௖ܲ௖∈஼∑ ܶ ௖ܲ௖∈஼ + ∑ ܨ ௖ܲ௖∈஼  (23) 

ܴ݈݈݁ܿܽ௠௜௖௥௢ =
∑ ܶ ௖ܲ௖∈஼∑ ܶ ௖ܲ௖∈஼ + ∑ 𝑁௖௖∈஼ܨ  (24) 

The F1 score for class ܿ is: 1ܨ௖ = 2 ×
௖݊݋݅ݏ݅ܿ݁ݎܲ × ܴ݈݈݁ܿܽ௖ܲ݊݋݅ݏ݅ܿ݁ݎ௖ + ܴ݈݈݁ܿܽ௖  (25) 

Accordingly, micro-F1 and macro-F1 are computed as: 
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1ܨ-݋ݎܿ݅ܯ = 2 ×
௠௜௖௥௢݊݋݅ݏ݅ܿ݁ݎܲ × ܴ݈݈݁ܿܽ௠௜௖௥௢ܲ݊݋݅ݏ݅ܿ݁ݎ௠௜௖௥௢ + ܴ݈݈݁ܿܽ௠௜௖௥௢ (26) 

1ܨ-݋ݎܿܽܯ =
1∣ ܥ ∣ ∑ 1௖௖∈஼ܨ  (27) 

Micro-F1 emphasizes overall accuracy across all instances, whereas macro-F1 gives 

equal importance to each class and is therefore more sensitive to performance on mi-

nority labels. This distinction is particularly important in imbalanced legal datasets such 

as ECtHR, where a model may achieve a high micro-F1 by favoring the majority class 

while still performing poorly on minority classes. 

4.4 Competitiveness of the Black-Box Classifier 

Before evaluating explanations, it is necessary to establish that the adopted black-box 

classifier has reasonable classification performance. Table 1 compares the proposed 

RR+TF-IDF+MLP model with representative baseline models previously reported on 

SCOTUS. The results show that RR+TF-IDF+MLP achieves 0.734 micro-F1 and 0.648 

macro-F1, outperforming several general-purpose embedding-based and long-docu-

ment models such as BERT, RoBERTa, DeBERTa, BigBird, and Longformer, while 

remaining slightly below domain-specific Legal-BERT. Because the baseline results 

are taken from the LexGLUE study, this comparison is intended to provide a reference 

point rather than a fully controlled head-to-head evaluation. 

Table 1 Comparison with previously reported results on the LexGLUE-SCOTUS dataset. 

Model Micro-F1 Macro-F1 

BERT 0.683 0.583 

RoBERTa 0.716 0.620 

BigBird 0.728 0.620 

DeBERTa 0.711 0.627 

Longformer 0.729 0.640 

RR+TF-IDF+MLP 0.734 0.648 

Legal-BERT 0.764 0.665 

This result suggests that combining TF-IDF lexical features with rhetorical-role infor-

mation provides a competitive basis for legal document classification. Although Legal-

BERT achieves stronger classification performance, RR+TF-IDF+MLP is used as the 

primary black-box classifier because it provides explicit control over lexical and rhe-

torical-role features and supports the subsequent input and feature-ablation analyses. 

All explanation methods are applied to the same classifier to ensure a controlled com-

parison. 

4.5 Input Ablation by Rhetorical Role 

To examine which parts of legal documents contribute most to classification, this paper 

performs an input ablation study in which only selected rhetorical-role segments are 
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retained.  Table 2 reports the results on SCOTUS when the model is restricted to 

ROD+RPC, Argument only, Fact only, Fact+Argument, or Full Text. 

Table 2 Classification performance of RR+TF-IDF+MLP under different input settings. 

Input Micro-F1 Macro-F1 

Only ROD+RPC 0.630 0.456 

Only Argument 0.669 0.575 

Only Fact 0.716 0.626 

Only Fact+Argument 0.729 0.644 

Full Text 0.734 0.648 

A notable result is that models using only Fact or Fact+Argument substantially outper-

form the model using only ROD+RPC. The Fact-only setting achieves a micro-F1 of 

0.716 and a macro-F1 of 0.626, whereas the ROD+RPC setting achieves 0.630 and 

0.456, respectively. This result indicates that factual and argumentative sections contain 

stronger classification signals for SCOTUS issue-area classification than sections ex-

plicitly presenting the court’s reasoning and ruling. Although Ratio of the Decision and 

Ruling by Present Court are central to explaining a judicial decision, issue-area classi-

fication is not equivalent to reconstructing the court’s doctrinal reasoning. Factual nar-

ratives and party arguments may directly reveal the subject matter and legal category 

of a dispute. 

This pattern is consistent with prior findings that classification relevance and legal-

rationale relevance may diverge. Chalkidis et al. (2021) showed that paragraph-level 

rationale extraction for ECtHR cases remains challenging and that sparsity, continuity, 

and comprehensiveness constraints do not uniformly improve rationale quality. 

Staliūnaitė et al. (2024) reported weak alignment between model attribution scores and 
rationales derived from judicial decisions. Namazov et al. (2026) similarly found sub-

stantial disagreement between automatically extracted rationales and legal-expert as-

sessments despite favorable faithfulness scores. The strong performance of Fact-based 

inputs therefore does not by itself establish shortcut learning, but it is consistent with 

the possibility that the classifier relies more heavily on dataset-specific factual patterns 

than on passages that explicitly articulate legal reasoning. 

4.6 Ablation on RR Integration 

This paper further investigates how rhetorical-role features interact with TF-IDF fea-

tures under different integration settings. On SCOTUS, Table 3 shows that adding RR 

to TF-IDF consistently improves performance over the TF-IDF+MLP baseline. Among 

the tested initializations, ߛ = 20 yields the highest mean performance on SCOTUS, 

whereas ߛ = 10 yields the highest micro-F1 on ECtHR. In contrast, using RR alone 

performs very poorly, with only 0.3156 micro-F1 and 0.0877 macro-F1. The poor per-

formance of the RR-only model indicates that rhetorical role distributions alone are 

insufficient for SCOTUS classification, which relies primarily on lexical features. 
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Table 3 Ablation results for different classifier configurations (SCOTUS) 

Model Micro-F1 Macro-F1 

TF-IDF+MLP (Baseline) 0.7180±0.0020 0.6286±0.0043 

RR+TF-IDF+MLP (initial ߛ = 0.0) 0.7211±0.0035 0.6322±0.0063 

RR+TF-IDF+MLP (initial ߛ = 5.0) 0.7290±0.0035 0.6403±0.0034 

RR+TF-IDF+MLP (initial ߛ = 10.0) 0.7264±0.0040 0.6371±0.0095 

RR+TF-IDF+MLP (initial ߛ = 20.0) 0.7336±0.0029 0.6477±0.0087 

RR+MLP 0.3156±0.0063 0.0877±0.0009 

The situation is markedly different on ECtHR. As shown in Table 4, adding RR to TF-

IDF increases micro-F1 but tends to reduce macro-F1 relative to the TF-IDF baseline. 

More strikingly, using RR alone produces the highest micro-F1, 0.8470, but also the 

lowest macro-F1, 0.4586. The RR-only model achieves high micro-F1 but very low 

macro-F1, indicating severe majority-class bias and limited balanced discrimination. 

This result shows that rhetorical-role distributions alone are insufficient for reliable 

ECtHR classification. Although the pattern is consistent with a potential shortcut, it 

does not by itself establish shortcut learning. 

Table 4 Ablation results for different classifier configurations (ECtHR) 

Model Micro-F1 Macro-F1 

TF-IDF+MLP (Baseline) 0.8326±0.0055 0.6377±0.0088 

RR+TF-IDF+MLP (initial ߛ = 0.0) 0.8356±0.0071 0.6281±0.0067 

RR+TF-IDF+MLP (initial ߛ = 5.0) 0.8392±0.0033 0.6331±0.0149 

RR+TF-IDF+MLP (initial ߛ = 10.0) 0.8440±0.0030 0.6249±0.0088 

RR+TF-IDF+MLP (initial ߛ = 20.0) 0.8404±0.0056 0.6248±0.0187 

RR+MLP 0.8470±0.0000 0.4586±0.0000 

This interpretation is consistent with the distinction between micro-F1 and macro-F1. 

Because micro-F1 aggregates over all instances, a model that heavily favors the major-

ity label can still achieve a high score. Macro-F1, by contrast, penalizes such imbalance 

because it gives equal weight to each class. Therefore, the ECtHR results indicate that 

rhetorical-role features can become disproportionately influential under class imbal-

ance, leading to apparently strong performance that is partly driven by majority-class 

bias rather than balanced discrimination. 

The best-performing initialization of ߛ  differs across the two datasets, with 20 for 

SCOTUS and 10 for ECtHR, suggesting that the contribution of rhetorical role infor-

mation is dataset dependent and may be influenced by differences in task formulation, 

class distribution, and document structure. 

4.7 Explanation Evaluation Metrics 

To evaluate explanation quality, this paper adopts three metrics, namely Consistency, 

Comprehensiveness (COMP), and Sufficiency (SUFF), together with the proposed Le-

gal Role Alignment at k (LRA@k). 
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Consistency measures the stability of an explanation method across repeated executions 

with different random perturbation samples. For a given document, let ܧ௜and ܧ௝denote 

the sets containing the top-݇ explanatory units obtained from the ݅-th and ݆-th runs, re-

spectively. Their agreement is measured using Jaccard similarity: ܧ)ܬ௜ , (௝ܧ =
௜ܧ| ∩ ௜ܧ||௝ܧ ∪  ௝| (28)ܧ

Let 𝑁iter denote the number of independent explanation runs for the same document. 

Consistency is defined as the average Jaccard similarity over all pairs of runs: 

Consistency =
2𝑁iter(𝑁iter − 1)

∑ ௜<௝ܬ ௜ܧ) , (௝ܧ  (29) 

In the experiments, the top-݇ parameter used for Consistency is set to ݇ = 10. A higher 

Consistency score indicates that the explanation method selects more similar explana-

tory units across repeated random runs. 

Comprehensiveness and Sufficiency evaluate the faithfulness of the selected explana-

tory units by measuring changes in the black-box classifier’s confidence (DeYoung et 

al. 2020). Let ݔ denote the original document, ܿ the class assigned to ݔ, and ௖݂(ݔ) the 

classifier’s confidence in class ܿ. Let ܧఘ denote the highest-ranked explanatory units 

selected at ratio ݔ ,ߩ ∖ ாഐݔ ఘ the document obtained after removing these units, andܧ  

the document retaining only these units. 

Comprehensiveness is defined as: 

COMPఘ = ௖݂(ݔ) − ௖݂(ݔ ∖  ఘ) (30)ܧ

A higher COMP value indicates that removing the selected units causes a larger de-

crease in classification confidence and therefore that these units exert greater influence 

on the original classification. 

Sufficiency is defined as: 

SUFFఘ = ௖݂(ݔ) − ௖݂  (31) (ாഐݔ)

A lower SUFF value indicates that the selected units alone preserve more of the original 

classification confidence. Because the raw confidence difference is retained without 

clipping, SUFF may be negative when the classifier assigns higher confidence to the 

retained explanatory units than to the full document. 

To reduce dependence on a single explanation size, COMP and SUFF are evaluated at 

the ratio set ܴௌ = {0.01, 0.05, 0.10, 0.20, 0.50} (32) 

and the final scores are averaged across these ratios: 

COMP =
1

|ܴௌ|
∑ COMPఘఘ∈ோೄ  (33) 
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SUFF =
1

|ܴௌ|
∑ SUFFఘఘ∈ோೄ  (34) 

In addition, LRA@k evaluates whether the selected important units align with rhetori-

cally central legal roles. Roles such as Ratio of the Decision (ROD) and Ruling by 

Present Court (RPC) are assigned higher heuristic weights, while Fact receives a lower 

weight because it generally provides background information rather than doctrinal rea-

soning. Formally, 

݇@ܣܴܮ =
1݇ ∑ ܹ௞

௩=1  (35) (((௩)ݑ)ܮ)

where ݑ(௩) is the ݒ-th selected explanatory unit, ܮ(⋅) denotes its rhetorical role, and ܹ(⋅) is the corresponding role weight. 

The weighting design in LRA is intentionally role-sensitive. Specifically, Ratio of the 

Decision (ROD) is given the highest weight (1.0), followed by Ruling by Present Court 

(RPC, 0.9), because these two roles most directly encode the court’s reasoning process 

and final adjudicative outcome. Argument and Precedent are both assigned 0.8, reflect-

ing their substantive contribution to legal justification, whereas Statute is assigned 0.7 

as an explicit normative basis for judicial analysis. In contrast, Ruling by Lower Court 

(0.5) and Fact (0.3) receive lower weights because they are comparatively more con-

textual than dispositive in explaining the final classification. The complete role-specific 

weighting scheme is summarized in  Table 5. 

Table 5  Importance weights ܹ(ݎ) of rhetorical roles in the LRA metric. 

Rhetorical Role ݎ Weight ܹ(ݎ) 

Ratio of the Decision, ROD 1.0 

Ruling by Present Court, RPC 0.9 

Argument 0.8 

Precedent 0.8 

Statute 0.7 

Ruling by Lower Court 0.5 

Fact 0.3 

This weighting scheme is informed by jurisprudential accounts of ratio decidendi, 

which emphasize the legal propositions and material facts necessary to the court’s de-

cision (Goodhart 1930; MacCormick 1978; Cross and Harris 1991). In the present 

study, ROD and RPC are assigned higher weights as proxies for explicitly adjudicative 

reasoning and the final disposition. The lower weight assigned to Fact does not imply 

that facts are legally irrelevant; rather, it reflects the metric’s emphasis on discourse 

roles that explicitly articulate the court’s reasoning. Because the cited accounts do not 

prescribe the specific numerical values used in LRA@k, the weights reported in Table 

5 are heuristic and should be interpreted as a role-based legal-salience proxy rather than 

as a direct measure of doctrinal correctness. 



31 

For Token LIME, each selected token inherits the rhetorical-role label of the sentence 

in which it occurs. Sentence-level units use their assigned sentence roles, while SPS-

LIME segments use their shared segment roles. 

4.8 Explanation Results on SCOTUS 

Table 6 compares Token LIME, Sentence LIME, and SPS-LIME on SCOTUS. SPS-

LIME achieves the highest mean score on both Consistency and Comprehensiveness, 

with scores of 0.7591 and 0.0859, respectively. These results indicate that segment-

level perturbation based on rhetorical-role continuity shows higher average Con-

sistency and identifies units whose removal more strongly affects model classifications. 

In other words, SPS-LIME provides numerically stronger results than token- or sen-

tence-level baselines in capturing classifier-sensitive evidence on SCOTUS. 

Table 6 Comparison of explanation quality for Token LIME, Sentence LIME, and SPS-LIME 

(SCOTUS). 

Metric Token LIME Sentence LIME SPS-LIME 

Consistency↑ 0.4502±0.2358 0.5545±0.2197 0.7591±0.1826 

COMP↑ 0.0559±0.1237 0.0631±0.1005 0.0859±0.1473 

SUFF↓ 0.1777±0.2041 0.0168±0.1527 0.0283±0.1389 

For Sufficiency, however, Sentence LIME obtains the best score. One possible expla-

nation is that some SCOTUS opinions contain highly discriminative issue-area cues 

within individual sentences. Verifying this hypothesis would require analysing the tex-

tual coverage and role distribution of the selected sentences. 

4.9 Legal Role Alignment on SCOTUS 

Table 7 presents LRA@k results for SCOTUS. Surprisingly, Token LIME achieves the 

highest LRA@k scores across all values of ݇, whereas SPS-LIME ranks second and 

Sentence LIME ranks last. At first glance, this could suggest that token-level explana-

tions are better aligned with legally important roles. However, such a conclusion would 

be misleading if taken at face value. 

Table 7 LRA@k comparison (SCOTUS) 

Metric Token LIME Sentence LIME SPS-LIME 

LRA@3 0.6103±0.1556 0.4317±0.1425 0.4173±0.1277 

LRA@5 0.6099±0.1321 0.4298±0.1143 0.4511±0.1110 

LRA@10 0.6071±0.0826 0.4340±0.0951 0.4952±0.0963 

One possible explanation is that Token LIME selects multiple lexical cues located 

within highly weighted rhetorical roles. However, the current quantitative results do not 

distinguish this possibility from other effects, including differences in textual coverage 

across explanation granularities. 
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4.10 Explanation Results on ECtHR 

Table 8 shows the explanation-quality results on ECtHR. In this dataset, SPS-LIME 

achieves the highest mean Consistency and Comprehensiveness scores and the lowest 

mean Sufficiency score. Compared with Token LIME and Sentence LIME, SPS-LIME 

shows higher average Consistency and identifies segments whose removal produces the 

largest mean decrease in classification confidence. This indicates that, for viola-

tion/non-violation classification, grouping consecutive sentences with the same rhetor-

ical role provides numerically stronger results for extracting decisive evidence. 

Table 8 Comparison of explanation quality for Token LIME, Sentence LIME, and SPS-LIME 

(ECtHR). 

Metric Token LIME Sentence LIME SPS-LIME 

Consistency↑ 0.8583±0.2239 0.5667±0.2460 0.9317±0.1667 

COMP↑ 0.1938±0.3312 0.0781±0.1438 0.3028±0.3502 

SUFF↓ 0.1333±0.2717 0.0275±0.1188 -0.0051±0.0791 

The negative mean SUFF score indicates that the classifier assigns slightly higher con-

fidence to the selected segments alone than to the full document. This may reflect the 

concentration of classification evidence within the selected segments, although alterna-

tive explanations such as distribution shift or confidence variation cannot be excluded. 

4.11 Legal Role Alignment on ECtHR 

Table 9 reports LRA@k results on ECtHR. As in SCOTUS, Token LIME achieves the 

highest scores overall, SPS-LIME is a close second, and Sentence LIME performs 

worst. Notably, SPS-LIME approaches Token LIME very closely at ݇ = 10, with 

LRA@10 values of 0.5021 and 0.5057, respectively. This suggests that once a slightly 

larger set of explanatory units is considered, SPS-LIME approaches the token-level 

baseline in LRA@10 while retaining role-continuous segments by construction. 

Table 9 LRA@k comparison (ECtHR) 

Metric Token LIME Sentence LIME SPS-LIME 

LRA@3 0.5112±0.1620 0.3753±0.1235 0.4552±0.1340 

LRA@5 0.5077±0.1431 0.3868±0.1165 0.4835±0.1258 

LRA@10 0.5057±0.1311 0.3954±0.1054 0.5021±0.1264 

Taken together, the SCOTUS and ECtHR results reveal an important methodological 

tension. If legal alignment is judged only by role-weighted Top-݇ overlap, token-level 

explanations may appear superior. Yet if stability, semantic continuity, and deletion-

based faithfulness are also taken into account, SPS-LIME becomes more compelling, 

especially on ECtHR. Therefore, no single metric is sufficient to characterize explana-

tion quality in legal NLP; different metrics capture different aspects of what it means 

for an explanation to be useful, faithful, and legally meaningful. 
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4.12 Segment Granularity and Model Behavior 

Table 10 summarizes the effect of varying MaxSegmentSize on the behaviour of 

SPS-LIME across our four evaluation metrics. In this experiment, MaxSegmentSize is 

defined as the maximum number of sentences allowed within a single semantic seg-

ment; for a fixed judgment, smaller values therefore induce a larger number of shorter 

segments, whereas larger values yield fewer but longer segments. When MaxSegment-

Size is set to 20, SPS-LIME achieves the highest Consistency score. Comprehensive-

ness increases across the tested settings and reaches its highest value under the Unlim-

ited condition. By contrast, Sufficiency and LRA@10 vary non-monotonically. The 

lowest Sufficiency score is obtained when MaxSegmentSize is 25, whereas the Unlim-

ited setting obtains the highest LRA@10 score. These results indicate that segment 

granularity produces metric-specific trade-offs and that no single setting is uniformly 

optimal. 

Table 10 Effect of MaxSegmentSize on SPS-LIME for SCOTUS. 

Metric/Size 5 20 25 Unlimited 

Consistency↑ 0.7551 0.8118 0.7932 0.7591 

COMP↑ 0.0376 0.0505 0.0620 0.0859 

SUFF↓ 0.0643 0.0303 0.0247 0.0283 

LRA@10 0.4365 0.3985 0.4215 0.4952 

4.13 Discussion 

The experiments reported in this section support three main observations. First, rhetor-

ical-role information is useful but task-dependent. On SCOTUS, combining rhetorical-

role and lexical features improves classification performance. On ECtHR, however, 

rhetorical-role information is associated with a stronger tendency toward majority-class 

decisions, which may indicate reliance on shortcut patterns. Second, SPS-LIME 

achieves the highest average Consistency and Comprehensiveness on both datasets and 

the lowest Sufficiency on ECtHR. On SCOTUS, however, Sentence LIME obtains a 

lower Sufficiency score, indicating a task-dependent trade-off between segment-level 

stability and compact retained rationales. Third, legal-role alignment does not neces-

sarily improve together with stability or semantic coherence. Token-level explanations 

may obtain higher alignment scores by selecting isolated cues within highly weighted 

rhetorical roles without preserving complete legal reasoning units. 

These tensions are consistent with prior work distinguishing classification performance 

from legal justification. Mumford et al. (2021) argue that explanations for legal ma-

chine-learning systems should relate model classifications to recognizable forms of le-

gal argument rather than merely describe the statistical basis of a classifier. Xu et al. 

(2021) show that sentence position and legal-domain sentence embeddings improve the 

classification of issues, reasons, and conclusions, while sentence classification remains 

substantially more difficult in full-text decisions. The present findings extend this line 

of research by showing that, even when rhetorical roles are explicitly modeled, highly 

influential explanations may still concentrate on fact-heavy segments rather than seg-

ments labeled as Ratio of the Decision or Ruling by Present Court. 
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Beyond these observations, the MaxSegmentSize experiments show that SPS-LIME is 

sensitive to segment granularity. A MaxSegmentSize of 20 yields the highest Con-

sistency, the Unlimited setting obtains the highest Comprehensiveness and LRA@10 

scores, and a MaxSegmentSize of 25 produces the lowest Sufficiency score. Because 

the effects on Sufficiency and legal-role alignment are non-monotonic, no single seg-

ment size is uniformly optimal. Segment construction therefore involves trade-offs 

among explanation stability, deletion-based faithfulness, semantic continuity, and le-

gal-role alignment. 

More broadly, SPS-LIME can be situated within longstanding AI and Law research on 

the relationship between data-driven classification and explicit computational represen-

tations of legal reasoning (Bench-Capon et al. 2012). Related work further argues that 

explanations in legal AI should connect model outputs to recognizable argumentative 

and justificatory structures rather than provide only numerical feature attributions (At-

kinson et al. 2020). By examining whether model-sensitive content corresponds to rhe-

torical roles, the present study provides an empirical analysis of this relationship. 

Taken together, the findings indicate that explanations for legal AI should not be eval-

uated solely according to their effects on model classifications or their concentration 

within selected rhetorical roles. Explanation quality is multidimensional and includes 

faithfulness to classifier behavior, stability, semantic continuity, and task-specific le-

gal-role relevance. SPS-LIME is therefore useful not only because it improves several 

quantitative measures, but also because it reveals potential mismatches between the 

content most influential to a classifier and the content identified as legally salient by 

the proposed role-based proxy. 

5 Conclusion and Future Work 

Perturbation-based explanation methods for text classification commonly operate on 

fixed units such as individual tokens or sentences, which can fragment discourse struc-

ture or produce semantically incomplete rationales in long documents. This work intro-

duced Semantic-Preserved Segment LIME, or SPS-LIME, a model-agnostic frame-

work that constructs variable-length explanation units by merging consecutive sen-

tences assigned the same rhetorical role. SPS-LIME combines segment-level attribu-

tion with sentence-level localization, allowing discourse-continuous segments to be re-

tained as explanation units while still identifying influential sentences within them. 

On LexGLUE-SCOTUS and a document-level binary violation-classification task de-

rived from the ECtHR corpus, SPS-LIME is compared with Token LIME and Sentence 

LIME, which use tokens and individual sentences as perturbation units, respectively. 

The results show that SPS-LIME achieves the highest mean Consistency and Compre-

hensiveness scores on both datasets. It also obtains the lowest Sufficiency score on 

ECtHR, whereas Sentence LIME performs best on Sufficiency for SCOTUS. The Max-

SegmentSize analysis further demonstrates that segmentation granularity produces 

metric-specific trade-offs. A moderately constrained setting yields the highest Con-

sistency, while the Unlimited setting achieves the highest Comprehensiveness and 

LRA@10. These findings indicate that explanation granularity should be treated as a 
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design parameter rather than assuming that finer explanation units are uniformly more 

faithful or informative. 

The experiments further show that faithfulness to classifier behavior, semantic conti-

nuity, and legal-role alignment capture different properties of an explanation. Token 

LIME obtains higher LRA@k scores on both datasets, although one possible explana-

tion is that individual tokens located within highly weighted rhetorical roles can receive 

high alignment scores without representing complete discourse units. The quantitative 

and qualitative analyses also indicate that classifier-sensitive SPS-LIME segments may 

be dominated by factual or contextual content rather than by Ratio of the Decision or 

Ruling by Present Court segments. These results provide evidence of a potential mis-

match between model-sensitive content and the legal salience approximated by the pro-

posed role-based evaluation. 

The findings also expose limitations in current explanation evaluation. Deletion-based 

metrics measure model sensitivity to selected content but do not determine whether that 

content constitutes substantively appropriate legal reasoning. Similarly, LRA@k de-

pends on heuristic role weights and should be interpreted as a role-based legal-salience 

proxy rather than as a substitute for expert legal assessment. The comparison across 

explanation granularities is also unit-relative, because equal numbers or proportions of 

tokens, sentences, and segments do not necessarily correspond to equal textual cover-

age. 

Future work should incorporate expert-annotated rationales, evaluate explanation meth-

ods under matched textual-coverage budgets, examine alternative role-weighting and 

alignment formulations, and test robustness across rhetorical-role taggers, classifier ar-

chitectures, and additional long-document datasets. Extending segment-based pertur-

bation to other structured domains may also clarify whether discourse-aware explana-

tion units provide similar benefits beyond legal text classification. 
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