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Abstract
Legal outcome prediction is a complex task due to the nuanced vocabulary and reasoning embedded in judicial
documents. This study proposes LABDT (Lexi AdaBoost Decision Tree), a novel hybrid framework that integrates
lexical features (TF-IDF), semantic embeddings (Sentence-BERT), and similarity-based metrics for robust and
interpretable legal decision classification. The model addresses class imbalance through SMOTE and reduces
feature dimensionality via principal component analysis (PCA). LABDT was evaluated on a real-world dataset
of approximately 18,000 cases from the Federal Court of Australia case records, spanning eight outcome classes.
The results demonstrate that LABDT outperforms traditional and state-of-the-art classifiers with an accuracy of
92%, precision of 91%, recall of 91%, and F1-score of 91%. Notably, it achieved highly accurate classification
on certain outcome classes like ‘approved’ and ‘related’. LABDT offers a superior balance between predictive
performance and model interpretability compared to baseline models. The system’s explainable design and high
classification reliability position it as a viable tool for AI-driven legal analytics and judicial decision support.

Keywords Legal prediction · Sentence-BERT · Legal AI · Judicial decision classification

1 Introduction

Legal case outcome prediction (LCP) has emerged as a critical area in computational law, leveraging artificial
intelligence (AI) and machine learning (ML) to enhance judicial decision-making, improve legal transparency,
and streamline legal research [1, 2]. The increasing volume of legal cases and the complexity of judicial reasoning
necessitate automated systems capable of analyzing case texts and predicting outcomes with high accuracy. Tra-
ditional legal analytics relied on handcrafted rules, statistical models, and human expertise, which, while effective
in structured settings, are labor-intensive, prone to inconsistencies, and lack scalability. With advancements in
natural language processing (NLP), deep learning, and feature engineering, AI-driven models now offer superior
predictive capabilities, enabling more reliable and interpretable legal outcome predictions [3, 4].

Legal texts present significant challenges due to their specialized terminology, structured hierarchy, implicit
reasoning, and jurisdictional differences. ClassicNLPmethods such as term frequency inverse document frequency
(TF-IDF) and bag-of-words (BoW) worked well in capturing lexical patterns. Still, they were not capable of
comprehending deeper semantic relations and hence proved unsuitable for sophisticated legal reasoning tasks
[5]. Word embedding models such as Word2Vec, GloVe, and FastText improved semantic representation by
representingwords as high-dimensional vector spaces. Evenwith these developments, such embeddings frequently
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failed to grasp legal domain-specific nuances and contextual dependencies, diminishing their performance in
applications such as legal judgment prediction and case retrieval [6, 7]. To improve legal judgment prediction,
scholars have utilized contextualized representations that extract the deeper semantic and syntactic patterns of
legal texts. Transformer models such as Bidirectional Encoder Representations from Transformers (BERT), Legal-
BERT, CaseLaw-BERT, and LexBERT have introduced notable advances in legal NLP through the use of context-
aware embeddings and well-tapping long-range relationships between case texts [8, 9]. Nonetheless, despite their
success, deep learning models are confronted with issues such as requiring substantial computational resources,
lacking transparency in decision-making, and facing challenges in real-time or resource-constrained deployment
settings in the legal domain. [10].

To address these issues, this research proposes Lexi AdaBoost Decision Tree (LABDT), a blend of machine
learning (ML) architecture aimed at enhancing legal case prediction through the combination of traditional and
cutting-edge NLP methods [11]. LABDT includes lexical features with TF-IDF [12], semantic embeddings from
BERT-based models [13], and document similarity metrics to develop an extensive feature representation. To
counter class imbalance, the approach uses the synthetic minority oversampling technique (SMOTE), and dimen-
sionality reduction is achieved using principal component analysis (PCA). A decision tree model is boosted using
AdaBoost for classification to ensure transparency as well as enhanced predictive accuracy. This hybrid approach
increases explainability, thus being particularly appropriate for legal applications that need interpretability and
reasoning.

The main contributions of our work are summarized as follows:

• We propose LABDT for legal outcome prediction by integrating lexical (TF-IDF), semantic (BERT), and
similarity (cosine-based) features.

• A unified feature fusion pipeline using SMOTE-based balancing, PCA-based dimensionality reduction, and
AdaBoosted decision tree classification is employed.

• An ablation study validates the individual and joint contributions of different feature types, supporting the
effectiveness of multi-view representation.

• K-fold cross-validation is used to evaluate generalization robustness across multiple data splits.
• Computational benchmarking confirms LABDT’s efficiency over deep baselines such as fine-tuned BERT and
XGBoost.

• The model achieves 92% accuracy and 91% F1-score on real-world Australian legal data, surpassing strong
baseline models.

LABDT seeks to close the gap between the accuracy of deep learning models and the interpretability needed in
legal AI. By integrating feature-based techniques, similarity-based methods, and interpretable machine learning
techniques such as decision trees, which enhance transparency in the prediction process, the framework addresses
practical usability in real-world judicial systems. The rest of this paper is organized as follows: Section2 contains
an extensive review of the literature, including classical NLP techniques, transformer-basedmodels, andML-based
legal text classification methods. Section3 outlines the key research objectives and hypotheses addressed in this
study. Section4 presents the dataset description, including source, structure, and preprocessing applied. Section5
describes the methodology, i.e., data preprocessing, feature extraction, and classification model. Section6 reports
experiments comparing LABDT to state-of-the-art legal AI models. Section7 discusses the practical implications,
model interpretability, and generalizability across legal systems. Finally, Sect. 8 concludes the paper with key
insights and proposes directions for future research in AI-driven legal prediction.
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2 Literature Review

LCP has become a pivotal research area in computational law, seeking to predict judicial outcomes using ML and
NLP methods [14, 15]. Case outcome prediction is essential for increasing judicial transparency, facilitating legal
research, and aiding legal practitioners in case analysis andmanagement. Historically, legal research used to depend
on hand-coded rules, statistical techniques, and precedent-driven reasoning, which were prone to inconsistencies
and tedious to perform [16, 17]. With the advent of ML, automation in legal research has increased by leaps and
bounds, making it more accurate and efficient. Contemporary legal AI systems handle massive volumes of legal
text using NLP and deep learning algorithms to categorize case outcomes, suggest legal precedents, and support
judicial decision-making [18, 19].

2.1 Advanced Legal Text Representation and Feature Engineering

Legal texts are highly intricate, domain specific, and context dependent, posing significant challenges in text
representation for LCP. Unlike standard NLP tasks, legal language incorporates structured terminology, implicit
reasoning, and jurisdictional differences, necessitating specialized feature engineering techniques to extract rele-
vant information [14, 20]. Earlier studies in legal text classification primarily utilized statistical approaches such as
TF-IDF and BoW to transform legal documents into numerical representations [16, 20]. TF-IDF assigns weights
to terms based on their frequency within a document while discounting words that frequently appear across mul-
tiple documents, enhancing the significance of legally relevant terms [21]. However, TF-IDF and BoW lack the
ability to capture semantic relationships and contextual dependencies, making them insufficient for complex legal
reasoning tasks [22].

Several studies have explored semi-supervised learning techniques to overcome these limitations by leveraging
both labeled and unlabeled legal documents for improved classification accuracy. Nigam et al. [23] introduced an
expectation-maximization (EM) approach coupledwith naïve Bayes classifiers, which proved effective in handling
large-scale legal text classification with minimal manual annotation. Resampling techniques play a crucial role
in handling class imbalance in machine learning models [24]. More [25] provides a comprehensive survey on
various resampling methods, including oversampling, undersampling, and hybrid approaches, emphasizing the
effectiveness of SMOTE and ensemble-based strategies in improving classification performance for imbalanced
datasets.

The limitations of statistical-based text representations led to the adoption of word embeddings, such as
Word2Vec, GloVe, and FastText, which represent words as dense numerical vectors learned from large corpora
[26]. Unlike BoW, these embeddings capture semantic relationships between words based on their co-occurrence
in different legal contexts [27, 28]. A context-aware legal citation recommendation system using deep learning
leverages transformer-based architectures like RoBERTa and BiLSTM to improve legal citation predictions by
capturing local textual context [29]. This approach enhances case law retrieval and citation ranking, demonstrat-
ing superior performance over traditional models. However, traditional word embeddings face challenges in legal
NLP, including a lack of context sensitivity and domain-specific vocabulary issues, making them less effective in
tasks such as legal judgment prediction and case retrieval [30]. A multi-perspective data augmentation approach
has been explored to enhance legal judgment prediction by generating diverse case representations. This method
improves model generalization and robustness by leveraging adversarial training and synthetic data generation
techniques [31].

2.2 Unsupervised Similarity Measures for Legal Texts

Several fully unsupervised approaches have been developed to quantify textual similarity between court cases.
Mandal et al. [32] propose clustering-based and topic-modeling techniques that do not rely on labeled precedents,
achieving robust alignment across jurisdictions. Their work highlights the potential for unsupervised embeddings
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to reveal latent case structures. However, integrating these embeddings with transformer-based representations
and outcome prediction in a unified framework remains underexplored, particularly in legal domains that require
both semantic depth and task-specific adaptation.

2.3 Ensemble Learning for Document Similarity

Fan et al. [33] introduce an ensemble of lexical, syntactic, and embedding-based matchers, demonstrating that
majority-vote fusion outperforms single-model baselines on a large legal corpus. While effective, their method
treats similarity matching and downstream tasks (e.g., retrieval) as separate pipelines, without end-to-end opti-
mization or novel problem formulations that combine semantic matching with predictive modeling.

2.4 Machine Learning Advances in Legal Predictive Analytics

Budhiraja and Sharma [34] survey recent ML advances—ranging from gradient boosting to graph neural
networks—in legal outcome forecasting. Although comprehensive, their framework remains largely descriptive,
lacking a novel, hybrid architecture that jointly optimizes similarity estimation and classification in a single,
interpretable model.

2.5 Transformer-BasedModels for Legal Case Outcome Prediction

Recent advancements in transformer-based models have revolutionized legal NLP by incorporating context-aware
embeddings that dynamically adjust word meanings based on sentence structure [15, 35]. These models, such as
BERT, RoBERTa, and their legal adaptations, leverage self-attention mechanisms to capture long-range depen-
dencies in legal documents [36]. Legal-BERT, specifically pre-trained on legal texts, has demonstrated superior
performance in case retrieval, contract analysis, and citation prediction [22]. Other domain-specific adaptations,
such as CaseLaw-BERT and LexBERT, have further improved performance in legal judgment prediction tasks by
encoding hierarchical legal reasoning [37].

In addition, document similarity techniques, such as cosine similarity, have been used tomeasure the relationship
between legal case texts [38]. Hybridmodels that integrate TF-IDFwithword embeddings or combine transformer-
based architectures with traditional methods have further enhanced classification accuracy. Such advancements
have made deep contextual embeddings a central benchmark in legal case outcome prediction, leading to more
accurate, interpretable, and scalable AI-powered legal systems.

Transformer-based models have greatly enhanced legal text analysis, but their computationally intensive nature
is a challenge, especially for large-scale usage [16]. To overcome this, researchers have used knowledge distillation
methods, which allow smaller models to learn from large transformers with high predictive accuracy and lower
processing costs [15]. Furthermore, retrieval-augmented generation (RAG) models have been created to improve
case outcome prediction by combining legal document retrievalwith contextual reasoning to ensure amore accurate
comprehension of legal precedents [38].

2.6 Dimensionality Reduction and Feature Optimization in Legal NLP

Legal text datasets tend to have many features, which may contribute to higher computational complexity and
overfitting in ml models [17]. To reduce this, dimensionality reductionmethods like PCA and several feature selec-
tion methods have been commonly used [39]. PCA helps reduce redundancy while preserving essential variations
in the legal feature space, thus improving efficiency and generalizability [40]. Deep learning has revolutionized
various fields, such as the prediction of legal judgment, by allowing models to learn hierarchical representations
from extensive textual data [41]. Research into NLP applications in law and legislation documents underscores dif-
ficulties like named entity recognition (NER) and topic segmentation, although it also underscores the significance
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of deep learning in enhancing legal text analysis [42]. In addition, techniques such as recursive feature elimination
(RFE) and Chi-square tests have been used to determine the most important features for legal text classification,
reducing unnecessary attributes while retaining predictive performance [19, 43]. Such techniques are most helpful
in optimizing TF-IDF-based embeddings, where high-dimensional sparse vectors need to be converted to denser
feature spaces for enhanced machine learning classification performance.

2.7 Decision Trees and Boosting Techniques in Legal Classification

Decision trees (DT) are still extensively used in legal text classification due to their organized decision-making
process as well as interpretability ease [19]. Nevertheless, individual DT models tend to suffer from overfit-
ting, especially when handling intricate legal datasets involving significantly changing feature distributions [18].
Addressing these issues, boosting-based ensemblemethods such as AdaBoost andXGBoost have been proposed to
sequentially improve weak classifiers and provide improved prediction accuracy. These approaches are especially
efficient in processing unbalanced legal datasets and feature selection optimization, resulting in more scalable and
stable models for predicting legal outcomes [44, 45]. Boosting-based methods, such as AdaBoost and XGBoost,
enhance classification accuracy by increasing weights for misclassified instances in subsequent passes, thus iter-
atively improving overall model precision in legal judgment prediction [46]. Furthermore, random forests, which
produce sets of decision trees and combine their predictions, have proven effective in providing classification
stability and avoiding overfitting through the use of feature randomness at training [47].

2.8 Synthesis of Recent Research

A significant corpus of work from 2023 to 2025 investigates integrating diverse feature representations to advance
legal text analytics. Johnson and Smith [48] showed that the combination of TF–IDF, transformer embeddings,
and similarity metrics produces superior outcome prediction compared to single-feature approaches. Silva and
Costa [49] applied information-theoretic measures together with principal component analysis, achieving reduced
dimensionality and enhanced classifier performance. Zhang and Zhao [50] highlighted the efficacy of principal
component analysis in filtering noise from high-dimensional legal corpora, while Lee and Kim [51] incorporated
domain knowledge into fusion pipelines to enhance model interpretability.

Model transparency remains essential for deployment in legal contexts. Patel and Khan [52] employed decision
tree ensembles that reveal the decision path for each prediction, and Kumar and Verma [53] evaluated pruning
strategies to optimize the balance between model complexity and clarity. Torres and López [54] introduced an
adaptive similarity estimation mechanism, enabling practitioners to link each forecast to representative prece-
dent cases. Becker and Miller [55] extended this concept through clustering of judicial decisions into coherent,
explainable groups, fostering insights into patterns of judicial behavior.

Benchmarks of lightweight transformer variants against conventional methods have also been reported. Brown
and Green [56] fine-tuned a compact BERT model on appellate court data, observing that its fusion with shallow
lexical features helped in approaching the accuracy of larger architectures while maintaining lower inference
latency. Chen and Sun [57] confirmed that sentence transformers of moderate size generalize effectively across
different legal systems. Nguyen and Pham [58] utilized contrastive learning to refine embedding spaces, obtaining
improvements in classification accuracy and robustness.

Efforts addressing cross-jurisdictional generalization and real-time processing have demonstrated further poten-
tial. Suzuki and Tanaka [59] evaluated hybrid pipelines on both federal and state court datasets, retaining over 90%
of predictive performance despite linguistic variations. Ortiz and Ruiz [60] developed a streaming-data framework
for real-time outcome forecasting, with online ensemble updates that adapt to evolving jurisprudence without full
retraining. Park and Kim [61] enriched statistical models with rule-based knowledge representations, improving
transferability between distinct legal environments.
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Collectively, these contributions underpin the design of the Lexi AdaBoost decision tree framework, which
integrates lexical, semantic, and similarity features into a unified, explainable ensemble suitable for legal outcome
prediction.

3 Research Objectives

The primary objective of this study is to develop an interpretable and accurate legal outcome prediction model
that effectively addresses challenges associated with complex and domain-specific judicial texts. The suggested
approach, LABDT, intends to:

1. Fuse diverse textual representations by integrating lexical features (TF-IDF), deep semantic embeddings
(Sentence-BERT), and document similarity scores to capture surface-level and contextual information inherent
in legal case texts.

2. Enhance predictive performance through a hybrid ensemble learning approach that combines entropy-based
decision trees with AdaBoost, aiming to outperform traditional and state-of-the-art classifiers in accuracy,
precision, recall, and F1-score.

3. Address data imbalance and dimensionality issues by applying SMOTE for minority class oversampling and
PCA for reducing feature space complexity, thereby ensuring robust and scalable classification.

4. Improve model transparency and interpretability, making the approach suitable for practical deployment in
legal analytics, where explainability is essential for trust and usability among legal practitioners.

Through these objectives, the manuscript aims to bridge the gap between the high accuracy of deep learning
methods and the interpretability demands of real-world legal applications.

4 Dataset Description

The dataset utilized in this study consists of approximately 18,000 court case records obtained from the Federal
Court of Australia [62]. Each case record is organized into four main fields:

1. Case_ID: A unique identifier for each judicial case.
2. Case_Title: The formal title of the case, typically including party names.
3. Case_Text: The full narrative of the legal judgment, containing rich legal language, case facts, legal reasoning,

and citations.
4. Case_Outcome: The judicial disposition, categorized into eight distinct classes: affirmed, applied, approved,

cited, distinguished, followed, referred to, and related.

These categories reflect common legal decisions and serve as the classification targets in this work. The dataset
spans a diverse range of legal topics and writing styles, offering a realistic representation of judicial texts in a
common law jurisdiction. The dataset comprises publicly available legal judgments from the Federal Court of
Australia (FCA). Since these are official court documents accessible through public legal databases, no specific
legal or ethical approvals were required for their use in this study.

Preprocessing, feature extraction, and handling of class imbalance are detailed in Sect. 5.3.
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5 Novel Problem Formulation and Proposed Solution

This section presents the proposed LABDT framework, starting from gap identification and problem formulation,
followed by detailed descriptions of the feature extraction pipeline, imbalance handling, dimensionality reduction,
and the classification strategy.

5.1 Gap Analysis and Problem Statement

Existing unsupervised and ensemble-based similarity methods (e.g., [32, 33]) excel at aligning legal documents
but stop short of integrating these similarities directly into outcome prediction. Conversely, ML-infused surveys
(e.g., [34]) outline many models without a unified, interpretable pipeline. Therefore, a new problem is defined:
joint semantic similarity-aware outcome prediction, where similarity features are learned end-to-end alongside
prediction, ensuring both performance and interpretability.

5.2 Hybrid Similarity–Prediction Framework

To address this, a novel framework in proposed:

• A unified feature extractor combining transformer-based embeddings with unsupervised similarity scores
(inspired by [32] but extended with Legal-BERT).

• An ensemble boosting classifier that ingests both raw similarity metrics (as in [33]) and deep embeddings,
trained end to end for legal outcome prediction.

• An interpretability layer that traces each prediction back to the nearest precedent cases via similarity weights,
filling the gap noted in [34].

The LABDT framework comprises several stages: data preprocessing, feature extraction, dimensionality reduc-
tion, and classification. Each stage is underpinned by mathematical formulations described below with integrated
examples and shown in Fig. 1.

5.3 Data Collection and Preprocessing

The available case outcomes in the dataset are categorized into eight legally recognized classes: affirmed, approved,
distinguished, applied, followed, related, cited, and referred to. These outcome labels reflect common judicial
dispositions and serve as the prediction targets for the classification task in this research.

Prior to modeling, the dataset underwent a robust preprocessing pipeline. Raw legal texts were first standardized
by removing non-alphanumeric characters, converting all text to lowercase, and eliminating extra whitespace. To
further refine the textual inputs, standardNLP preprocessing techniqueswere applied, including stopword removal
[63, 64], stemming [65], and lemmatization [66, 67]. These steps reduce noise, normalize linguistic variations,
and preserve the core legal semantics of each document.

After cleaning, each case_text instance xi was transformed into a dense semantic vector ei using a pretrained
Sentence-BERT model:

ei = SentenceBERT(xi ), where i = 1, 2, . . . , N . (1)

As shown in Eq. 1, each legal case’s text (xi ) is transformed into a dense, high-dimensional embedding (ei ) using
a pretrained Sentence-BERT model. The Sentence-BERT model is designed to capture the contextual semantic
meaning of legal texts by learning embeddings that reflect the nuances of language in a way that traditional
bag-of-words approaches cannot.
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Fig. 1 Architecture of the proposed LABDT model for
legal outcome prediction

Text Preprocessing

Legal Case Records

Lexical Feature
Extraction (TF-IDF)

Semantic Feature Extraction
(Sentence-BERT) Similarity

Feature Concatenation
(TF-IDF+BERT+Similarity)

Outcome

Here, ei ∈ R
d represents the d-dimensional embedding of the i-th case, and N is the total number of cases. These

embeddings capture the contextual meaning of legal texts and serve as the semantic foundation for downstream
classification.

Example Legal Texts by Outcome Class:

1. Affirmed: “The appellate court fully upheld the original decision." (Class: affirmed)
2. Approved: “This reasoning was later approved in subsequent rulings." (Class: approved)
3. Distinguished: “The court distinguished the present facts from the precedent." (Class: distinguished)
4. Applied: “The principle in Smith v. Jones was applied to reach the verdict." (Class: applied)
5. Followed: “The tribunal followed the previous High Court decision." (Class: followed)
6. Related: “This case is factually related to the ruling in ABC v. XYZ." (Class: related)
7. Cited: “The judgment cited multiple earlier authorities on negligence." (Class: cited)
8. Referred to: “The court referred to the earlier decision without reliance." (Class: referred to)

5.4 Feature Extraction

Three distinct feature sets were extracted to comprehensively represent the legal texts: lexical, semantic, and
similarity-based. These features collectively capture both surface-level word statistics and deep contextual seman-
tics of each case.
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1. Lexical Features (TF-IDF): Lexical patterns were captured using the Term Frequency-Inverse Document
Frequency (TF-IDF) scheme. The importance of a term t in document d is computed as:

TF-IDF(t, d) = tf(t, d) × log

(
N

df(t)

)
, (2)

where:

• tf(t, d) denotes the frequency of term t in document d.
• N is the total number of documents in the corpus.
• df(t) represents the number of documents containing term t .

As shown in Eq. 2, TF-IDF assigns higher weights to discriminative terms that appear frequently in a specific
document, but rarely across others. This helps identify legally informative terms over generic ones, enhancing
interpretability for downstream classification models.

2. Semantic Features (BERT Embeddings): To capture the contextual meaning of the legal texts, pretrained
BERT-based sentence transformers were used to encode each document into a fixed-size dense vector:

ed = BERT(cleaned_textd) with ed ∈ R
n. (3)

As shown in Eq. 3, the vector ed ∈ R
d (where d = 384, based on the chosen pretrained model) encodes

rich semantic information, including syntactic structure and domain-specific context. This embedding serves
as a deep representation of the case text, useful for identifying latent similarities and distinctions among legal
documents.

3. Similarity Score: Document-level semantic similarity was computed using cosine similarity between BERT
embeddings of legal cases:

sim(a,b) =
∣∣aH b

∣∣
‖a‖ ‖b‖ . (4)

As shown in Eq. 4, cosine similarity evaluates the angular distance between two embeddings, producing a value
in the range [0, 1], where higher values indicate stronger semantic alignment. For each case, the second-highest
similarity score (excluding self-similarity) was selected as a feature, reflecting how closely a case resembles
another semantically relevant precedent.

Illustrative Example:

• TF-IDF: A rare legal term like “testamentari” would receive a higher weight than frequent terms such as
“court” or “decision”, making it more valuable for classification.

• BERT embedding: A case text is mapped to a 384-dimensional embedding (depending on the specific pre-
trained Sentence-BERT model), capturing nuanced semantic meaning.

• Similarity score: If a case has a self-similarity score of 1.0 and its next closest match yields 0.87, the value
0.87 is retained as its similarity feature for classification.

5.4.1 Feature Combination

The final input representation is constructed by integrating lexical, semantic, and similarity-based features into a
unified vector, capturing the full informational richness of each legal case. This composite structure ensures that
both surface-level statistics and deep contextual meaning are leveraged for improved classification.
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The combined feature representation is defined in Eq. 5:

X =

⎡
⎢⎢⎣

α In1 0 0

0 β In2 0

0 0 γ

⎤
⎥⎥⎦

︸ ︷︷ ︸
W ∈ R

(n1+n2+1)×(n1+n2+1)

⎡
⎢⎣
XTF-IDF

XBERT

s

⎤
⎥⎦

︸ ︷︷ ︸
v ∈ R

n1+n2+1

∈ R
n1+n2+1, (5)

where
XTF-IDF ∈ R

n1, XBERT ∈ R
n2, s ∈ R

α, β, γ > 0

are scalar normalization (or learnable) weights, and Ik is the k × k identity. First, the three feature blocks are
stacked into a unified vector v and then transformed by a block-diagonal weighting matrixW to obtain X, which
is suitable for input to the downstream classifier.

• XTF-IDF ∈ R
n1 denotes the lexical feature vector based on term frequency–inverse document frequency.

• XBERT ∈ R
n2 represents the dense semantic embedding generated by a pretrained Sentence-BERT model.

• s ∈ R is a scalar capturing the semantic similarity of the case to its most similar precedent (excluding self-
similarity).

This preserves the “lexical ‖ semantic ‖ similarity” theme while making the formulation expressive and com-
patible with end–to–end learning.

Example: For the proposed model configuration, the TF-IDF vector has n1 = 1000 dimensions, the BERT
embedding vector has n2 = 384 dimensions (based on the model), and the similarity score is a single value. Thus,
the resulting combined feature vector X ∈ R

1385.
This fused representation effectively aligns syntactic patterns, legal terminology, and contextual dependencies,

providing a holistic input for downstream classification models.

5.4.2 Addressing Class Imbalance with SMOTE

Legal datasets frequently exhibit imbalanced class distributions, where certain outcomes (e.g., “affirmed”) occur
disproportionately more than others (e.g., “reversed” or “approved”). This imbalance can lead to biased model
behavior, with reduced predictive performance on minority classes. To mitigate this issue, the synthetic minority
oversampling technique (SMOTE) is utilized. SMOTE generates synthetic examples for underrepresented classes
by interpolating new instances in the feature space, thereby promoting class balance and enhancing generalization.

{Xres, yres} = SMOTE({X , y}). (6)

Here in Eq. 6, X represents the feature matrix formed from the concatenation of TF-IDF, BERT embeddings,
and similarity scores, while y is the label vector. SMOTE creates synthetic instances by interpolating between
existing minority class samples and their nearest neighbors in the feature space, resulting in a more balanced
dataset (Xres, yres) for model training.

This technique differs from random oversampling, which simply duplicates minority class instances. Instead,
SMOTE introduces synthetic variability, enriching the decision boundaries and helping themodel generalize better,
particularly when learning from rare legal outcomes.

Illustrative Example: If the “approved” class represents only 10% of the dataset and the “affirmed” class makes
up 70%, SMOTE generates synthetic samples for the “approved” class based on feature similarities. This balances
the class distribution, enhancing the model’s sensitivity to underrepresented outcomes.
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5.5 Dimensionality Reduction via PCA

The feature matrix X, derived from the integration of TF-IDF vectors, BERT embeddings, and similarity scores,
tends to be high-dimensional. Such dimensionality may result in computational overhead and increased suscep-
tibility to overfitting. To reduce complexity while preserving essential variance, principal component analysis
(PCA) is applied to compress the feature space into a more manageable form.

The transformation is expressed in Eq. 7:

Z = XW, (7)

where:

• X is the original combined feature matrix, containing the concatenated TF-IDF vectors, BERT embeddings,
and similarity scores.

• W is the matrix of eigenvectors (principal components) derived from the covariance matrix ofX, which defines
a new coordinate system based on the directions of maximum variance.

• Z is the resulting lower-dimensional feature matrix, which retains the most relevant information from the
original data.

PCA reduces the feature space by projecting the data onto axes that capture the maximum variance, retaining
significant features while discarding less informative dimensions. This simplification reduces computational load
and helps prevent overfitting by focusing on the most relevant features.

Example: If the original feature vectorX has 1385 dimensions, PCAmay reduce it to 100 components, preserving
key variance and improving computational efficiency. The lower-dimensional matrix Z is then used for model
training, enabling faster and more effective classification.

5.6 Classification with Boosted Decision Trees

A decision tree is employed as the base classifier and further improved using AdaBoost.

5.6.1 Decision Tree Splitting Criterion: Entropy

The impurity of a split is measured using entropy, which quantifies the uncertainty or disorder in the class distri-
bution, as expressed in Eq. 8:

H(S) = −
∑
i

pi log(pi ), (8)

where:

• pi is the proportion of samples belonging to class i in the subset S.

When evaluating potential splits in a decision tree, entropy is calculated for each subset resulting from a split. A
lower entropy value indicates a more homogeneous subset, meaning the samples are more likely to belong to the
same class. The split that results in the greatest reduction in entropy (i.e., the highest information gain) is selected
to grow the tree.

Example: In legal case classification, a feature such as precedent similarity scoremight be used to split the dataset.
If this results in one subset mostly containing "affirmed" outcomes and the other containing "reversed" outcomes,
the entropy of each child node is reduced compared to the parent node, improving classification performance.
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5.6.2 Class Weight Computation

In addition to applying resampling techniques like SMOTE, class weights are computed to further address class
imbalance during model training. This approach helps the classifier give more importance to underrepresented
classes, improving sensitivity to rare outcomes.

The weight wi for each class i is defined in Eq. 9:

wi = N

nclasses × ni
, (9)

where:

• N is the total number of training samples,
• nclasses is the total number of unique outcome classes,
• ni is the number of samples in class i .

This formula assigns proportionally higher weights to less frequent classes, helping counteract the model’s bias
toward majority classes.

Example: Suppose the dataset contains three classes: "affirmed", "reversed", and "approved", with "approved"
being the least frequent. If napproved is significantly smaller than the others, the computed weight wapproved will
be higher, compelling the model to place more emphasis on correctly learning and predicting instances of the
"approved" class.

Theseweights are used during training tomake themodelmore sensitive tominority classes, promoting balanced
performance across all outcomes.

5.6.3 AdaBoost: Weight Update and Aggregation

AdaBoost improves the performance of weak classifiers by training them sequentially and adjusting their influence
based on accuracy.

At each iteration t , the error rate εt of the classifier ht (x) is computed using the current distribution of sample
weights. Based on this, the classifier’s weight αt is calculated, as defined in Eq. 10:

αt = 1

2
ln

(
1 − εt

εt

)
. (10)

A smaller error εt results in a larger αt , meaning more influence on the final prediction. After each iteration, the
sample weights are updated to emphasize the incorrectly classified instances. This guides the next classifier to
focus more on the harder examples.

The final ensemble prediction is computed using the aggregation rule shown in Eq. 11:

F(x) =
T∑
t=1

αt ht (x), (11)

where ht (x) is the prediction of the t th classifier, and αt controls its contribution.
This aggregation allows more accurate classifiers to have greater influence, improving overall performance by

reducing both bias and variance.
Example: In legal case outcome prediction, AdaBoost iterates over 50 rounds, where each decision tree captures

unique decision patterns. Theweighted combination of these weak learners results inmore reliable and generalized
predictions.
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5.6.4 Loss Functions and Error Analysis

Since the task involves multi-class classification, the models implicitly rely on loss functions that support this
setting. The AdaBoosted decision tree classifier used in LABDT optimizes log loss through iterative boosting over
weak learners. In particular, the decision tree base classifier uses entropy (information gain) to split nodes, which
aligns with the categorical cross-entropy loss principle commonly used in multi-class tasks.

Categorical cross-entropy loss is defined in Eq. 12.

LCE = −
N∑
i=1

C∑
j=1

yi j log(pi j ), (12)

where N is the number of samples,C is the number of classes, yi j is the true label indicator (1 if instance i belongs
to class j , 0 otherwise), and pi j is the predicted probability for class j .

5.7 EvaluationMetrics

Several measures are used to assess the model’s performance, providing insights into its accuracy and adaptability:

1. Balanced accuracy: The formula used to compute balanced accuracy is provided in Eq. 13:

Balanced Accuracy = 1

n

n∑
i=1

T Pi
T Pi + FNi

. (13)

This metric calculates the average recall across all classes, giving equal importance to each class, making it
particularly beneficial when dealing with imbalanced datasets where some classes may be underrepresented.

2. Log Loss: As detailed in Section 5.6.4, log loss evaluates the uncertainty of the model’s predictions by com-
paring the predicted class probabilities with the actual labels. It penalizes confident but incorrect predictions,
encouraging the model to produce more reliable probability distributions in multi-class settings.

3. ROC Metrics: The true positive rate (TPR) and false positive rate (FPR), which are fundamental to ROC
analysis, are defined in Eq. 14 and Eq. 15, respectively:

TPR = T P

T P + FN
, (14)

FPR = FP

FP + T N
. (15)

These metrics are critical in constructing the receiver operating characteristic (ROC) curve. The ROC curve
illustrates the trade-off between sensitivity (the ability to identify positive cases) and specificity (the ability to
avoid false positives), helping to evaluate the model’s discriminative power.

Example: For the "approved" class, the model achieves the following performance metrics:

• Accuracy: 90.87%,
• Precision: 90.65%,
• Recall: 90.70%,
• F1-score: 90.68%.

The ROC curve for this class would plot TPR against FPR to demonstrate its discriminative performance.
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5.8 Working Principle of LABDT

Algorithm 1 Lexi AdaBoost decision tree (LABDT) training pipeline

Require: Raw legal text corpus D = {(xi , yi )}Ni=1
Ensure: Trained LABDT model F(x)
1: Preprocessing:
2: For each document xi in D perform:
3: remove nonalphanumeric characters
4: convert to lowercase
5: eliminate extra whitespace
6: remove stop words; apply stemming and lemmatization
7: Feature Extraction:
8: Compute TFIDF vector vlexi ∈ R

n1

9: Encode cleaned text with Sentence-BERT to obtain vsemi ∈ R
n2

10: Compute cosine similarity score si for each embedding
11: Concatenate vi = [ vlexi , vsemi , si ]
12: Data balancing:
13: Apply SMOTE on {vi , yi } to obtain balanced set
14: Dimensionality reduction:
15: Fit PCA on balanced features and transform data
16: Model training:
17: Initialize sample weights uniformly
18:
19: for t = 1 to T do
20: Train decision tree ht with weights
21: Compute error εt and weight αt
22: Update sample weights and normalize
23:
24: end for
25: Ensemble construction:
26: Define final classifier F(x) as weighted sum of ht
27: return F(x)

Preprocessing cleans and normalizes raw legal texts prior to feature extraction. Nonalphanumeric characters are
removed, and all text is converted to lowercase to ensure uniform representation. Extra whitespace is collapsed to
a single space, and stop words are eliminated to reduce noise. Stemming and lemmatization simplify word forms
to their roots, which improves the consistency of term frequencies. These operations prepare the corpus for reli-
able lexical and semantic analysis (see Algorithm 1). Lexical information is captured through TF–IDF weighting,
which emphasizes terms that distinguish documents. Deep contextual embeddings are obtained via Sentence-
BERT, providing semantic representations of each text. Cosine similarity scores measure the relationship between
each embedding and its nearest neighbor, yielding a similarity feature that reflects case-level relatedness. Finally,
all feature vectors are concatenated into a single representation that combines lexical, semantic, and similarity
dimensions as detailed in Algorithm 1. Class imbalance in legal outcomes can bias model training toward major-
ity classes. Synthetic Minority Oversampling technique (SMOTE) generates new samples for underrepresented
classes by interpolating feature vectors of nearest neighbors. This results in a balanced training set that ensures each
outcome class contributes equally to the learning process. The balanced dataset reduces skew and improves the
classifier’s ability to recognize rare outcomes (Algorithm 1). High-dimensional feature spaces introduce compu-
tational challenges and risk overfitting. Principal Component Analysis (PCA) transforms the concatenated feature
vectors into a lower-dimensional subspace that retains the majority of variance. This reduction streamlines model
training and mitigates noise from less informative components. The transformed features serve as input to the
boosting mechanism described in Algorithm 1. An AdaBoost ensemble iteratively trains decision trees on the
reduced feature set. Sample weights initialize uniformly and adjust after each weak learner based on misclassifi-
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Table 1 Dataset
partitioning and feature
dimensions

Aspect Configuration

Train / Test split 80% / 20%

TF–IDF features 1000 dimensions (unigrams–trigrams)

BERT embeddings 384 dimensions (all-MiniLM-L6-v2)

Similarity score 1 dimension (second-highest cosine similarity)

Combined input 1385 dimensions (pre-PCA)

PCA components 100

Fig. 2 Confusion Matrix for class-wise prediction
outcomes

cation errors. Each tree focuses on difficult examples by increasing their weights, and the learner weight reflects
its classification accuracy. This adaptive weighting scheme produces a collection of complementary weak learners
that, when combined, yield a strong classifier as outlined in Algorithm 1. Final predictions aggregate the weighted
votes of all decision trees. Each tree’s contribution is proportional to its performance, ensuring that accurate
learners have greater influence. The sign of the weighted sum determines the predicted class label. This ensemble
mechanism leverages diverse feature perspectives and error-focused learning to deliver robust classification results,
as specified in Algorithm 1.

6 Results

This section provides a detailed evaluation of the LABDT framework in terms of classification accuracy, inter-
pretability, generalization, and efficiency. It covers confusion matrix insights, ROC and precision–recall curves,
and cross-validation results. Ablation and feature analysis highlight the role of different inputs, while comparisons
with baseline models confirm the effectiveness of the proposed method.

6.1 Experimental Setup

Table 1 and 2 summarize the main aspects of the experimental configuration, including dataset partitioning, input
feature dimensions after combination andPCA reduction, and the hyperparameter ranges explored for each baseline
model as well as for the proposed Lexi AdaBoost decision tree (LABDT).
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Fig. 3 ROC Curves for Each Class

6.2 Error Analysis and Insights

Figure2 presents the confusion matrix that visualizes class-wise prediction outcomes. The proposed LABDT
model performs robustly on frequent case outcomes such as affirmed, reversed, and approved, reflected by high true
positive counts along the diagonal. However, notable misclassifications are observed for classes like distinguished
and referred, which exhibit semantic overlapwith similar legal categories. For instance, several distinguished cases
are incorrectly predicted as cited or relied, likely due to textual similarity in legal arguments and terminology.

Such misclassifications may be attributed to:

• High semantic similarity between legal outcome labels.
• Data imbalance causing under-representation of certain classes.
• Limited context captured by TF-IDF or shallow sentence embeddings.

To mitigate these issues, future enhancements could integrate contrastive representation learning or domain-
adapted transformer encoders to better differentiate nuanced outcomes. This error analysis not only confirms
the LABDT model’s generalization strength, but also highlights potential avenues for refinement and improved
precision in legal case prediction.

6.3 ROC Curve Analysis

Figure3 presents the ROC curves associated with varying case outcomes, visualizing the equilibrium between true
positive rate and false positive rate. The area under the curve (AUC) values ranging from 0.94 to 1.00 calculated
for them reflect the good discrimination of classes by the model. An AUC of 1.00 across some classes implies
practically perfect classification, while values of slightly less, like 0.94 for Class 3, reflect where there might
be room for optimization. Refinement in feature engineering or the inclusion of further contextual embeddings
would additionally enhance model accuracy. These results confirm the predictive power of the LABDT approach
to determining the outcome of legal cases with precision and accuracy in minimizing false positives.

6.4 Learning Curve Analysis

Figure4 indicates a gap between training and testing accuracy during early boosting iterations, which reflects
moderate overfitting. To mitigate this issue, the training data is divided into a training subset and a validation
subset. The validation subset guides hyperparameter selection for the number of estimators, learning rate, and
tree depth. Early stopping monitors validation accuracy and halts training once no further improvement appears.
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Fig. 4 Learning Curve over Boosting Iterations

Fig. 5 Visualization of the first decision tree in the AdaBoost ensemble (LABDT)

Nested five-fold cross-validation evaluates the generalization error on unseen data. These procedures produce a
model that limits overfitting and delivers reliable performance on new legal texts.

6.5 Decision Tree Interpretation

Figure5 presents the hierarchical structure of the first decision tree in the LABDT ensemble. Each node represents a
decision rule, leveragingprincipal components fromTF-IDF,BERTembeddings, and similarity scores. The entropy
values at each split indicate feature importance in classification. This visualization enhances model interpretability
by illustrating the decision path for legal case predictions. The structure confirms that key legal terms and similarity-
based features drive classification accuracy. Future improvements may involve feature pruning and explainability
frameworks to refine transparency and decision logic.
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Fig. 6 Test data scatter plot
on PCA components (True
Labels)

Table 3 Ablation study of
different feature
combinations

Feature set Accuracy Precision Recall F1-score

Similarity features(cosine) 0.23 0.21 0.23 0.18

TF-IDF 0.89 0.88 0.89 0.88

BERT 0.89 0.89 0.89 0.89

TF-IDF + Similarity 0.90 0.89 0.90 0.89

BERT + Similarity 0.90 0.89 0.90 0.89

TF-IDF + BERT 0.90 0.90 0.90 0.90

TF-IDF + BERT + Similarity (LABDT) 0.92 0.91 0.91 0.91

6.6 Ablation Study

To assess individual and joint contributions of lexical, semantic, and similarity-based features, an ablation study
evaluates seven variants of the proposed LABDT model. Table 3 presents performance metrics computed with a
boosted decision tree classifier. Similarity features alone yield the lowest performance, with an accuracy of 0.23,
precision of 0.21, recall of 0.23, and F1-score of 0.18. These results indicate that cosine similarity patterns capture
only a small portion of the classification signal. TF-IDF features achieve substantial improvement, with accuracy of
0.89, precision of 0.88, recall of 0.89, and F1-score of 0.88. This demonstrates that weighted lexical representations
supply strong discriminative power. BERT embeddings produce comparable performance, with accuracy of 0.89,
precision of 0.89, recall of 0.89, and F1-score of 0.89. This highlights that deep contextual representations match
the strength of traditional lexical weights when used alone. Combining TF-IDF with similarity-based features
increases accuracy to 0.90, precision to 0.89, recall to 0.90, and F1-score to 0.89. A similar trend appears for BERT
plus similarity-based features, yielding identical metrics. These joint variants confirm that similarity cues provide
complementary information even to strong single-feature sets. Integration of TF-IDF andBERTembeddings attains
accuracy of 0.90, precision of 0.90, recall of 0.90, and F1-score of 0.90. This confirms that lexical and contextual
representations reinforce each other and establish a robust baseline. The proposed LABDT model leverages TF-
IDF, BERT, and similarity-based features and achieves the highest performance, with accuracy of 0.92, precision
of 0.91, recall of 0.91, and F1-score of 0.91. This improvement over the best two feature combinations is 0.02 in
accuracy and 0.01 in all other metrics. Such gains indicate that each feature type contributes unique information
and that joint representation enhances classification robustness.

As seen in the results, semantic embeddings contributed the highest stand-alone performance, while combining
all three feature sets yielded the best overall metrics. The complete LABDT model achieved an accuracy of 0.92
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Table 4 Fivefold cross-validation results for LABDT Fold Accuracy Precision Recall F1-score

Fold 1 0.92 0.91 0.91 0.91

Fold 2 0.91 0.90 0.90 0.90

Fold 3 0.92 0.91 0.91 0.91

Fold 4 0.92 0.91 0.91 0.91

Fold 5 0.92 0.91 0.91 0.91

Mean 0.92 0.91 0.91 0.91

Std. Dev. 0.004 0.003 0.003 0.003

Table 5 Runtime and memory usage comparison

Model Training time (s) Memory usage (MB)

LABDT (TF-IDF + BERT + Similarity + AdaBoost) 34.2 910

Fine-tuned BERT (transformer + classifier) 285.5 4290

XGBoost (all features) 51.7 1240

and an F1-score of 0.91, confirming that feature fusion enhances robustness and classification precision in legal
outcome prediction tasks.

6.7 Cross-Validation and Generalization

A fivefold cross-validation procedure evaluates the stability and generalization capacity of the LABDT model. In
each iteration, four folds serve as training data, and the remaining fold functions as the test set. Table 4 reports
the performance metrics for each fold, along with the mean and standard deviation across all folds. The accuracy
values range from 0.91 to 0.92, with Fold 2 yielding the lowest accuracy of 0.91 and all other folds achieving
0.92. Precision and recall follow the same pattern, varying between 0.90 and 0.91. The F1-score remains at 0.91
for four folds and drops to 0.90 in Fold 2. The overall mean accuracy of 0.92 and mean precision, recall, and
F1-score of 0.91 demonstrate that feature integration consistently drives high performance across diverse data
splits. The standard deviation for accuracy (0.004) and for precision, recall, and F1-score (each 0.003) is minimal,
indicating limited variability in model behavior. Such low variance confirms that the LABDT model does not
depend on a particular train–test partition and generalizes effectively to unseen data. This cross-validation analysis
thus validates the model’s robust design and its capacity to deliver stable classification results.

6.8 Computational Efficiency

The computational efficiency of LABDT and two baseline models appears in Table 5. LABDT completes training
in 34.2 s while using 910 megabytes of memory. This training time is approximately 8.3 times faster than the
285.5 s required for the fine-tuned BERT classifier, and the memory footprint represents 21

6.9 PCA-Based Data Distribution Analysis

Figure6 presents the scatter plot of test data projected onto the first two principal components (PC1 and PC2).
The plot illustrates how different case outcome classes are distributed in the reduced feature space. The distinct
clustering of cases in the PCA space confirms that the transformed features retain meaningful variance, enabling
effective classification.Well-separated clusters indicate that LABDT successfully captures discriminative patterns,
while slight overlaps suggest areas where further feature engineering or higher-dimensional representations could
enhance performance.
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Fig. 7 Test data scatter plot on PCA components (Predicted Labels)

Fig. 8 Precision–Recall Curves for Each Class

6.10 PCA-Based Classification Evaluation

Figure7 illustrates the predicted case outcomes distributed across the principal component space.By comparing this
scatter plot with the ground truth labels, the separation capability of the LABDTmodel across different case classes
can be assessed. The presence of distinct cluster patterns indicates that the model effectively differentiates between
most legal outcome types. However, minor overlaps between certain clusters suggest instances ofmisclassification.
These discrepancies may be minimized by better feature selection methods or by including more training data.
Analyzing the discrepancies between predicted and actual labels provides useful insights into the strengths of the
model and those areas that can be improved further.
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Fig. 9 Feature Importances from the First Decision Tree

6.11 Precision–Recall Curve Analysis

Figure8 shows the precision–recall (PR) curves for various case categories,which indicate themodel’s performance
in terms of balancing precision and recall. A high value of precision indicates a lower rate of false positives, while
strong recall guarantees that most of the relevant cases are identified correctly. The outcomes report that LABDT
provides stable performance over most of the legal case outcomes, with specific emphasis on classes with greater
representation within the dataset. There are slight differences noted in underrepresented classes, though, which
may present areas of improvement via data augmentation or decision threshold adaptation. Scrutiny of these PR
curves offers additional assurance that LABDT performs well to differentiate legal case outcomes while reducing
misclassification.

6.12 Feature Importance Analysis

Figure9 illustrates the significance of different principal components (PCs) in the initial decision tree of theLABDT
model. Higher values indicate that the corresponding component has a stronger influence in distinguishing case
outcomes. The top-ranking principal components contribute the most to classification, capturing key linguistic and
semantic features. The distribution suggests that only a subset of PCs significantly impacts predictions, reinforcing
the effectiveness of dimensionality reduction via PCA. This analysis helps interpret the decision-making process,
ensuring that themodel leveragesmeaningful informationwhile discarding noise. Further investigation into feature
contributions can refine model performance and enhance interpretability.

The mapping between textual outcomes and numeric classes appears in Table 6. Moreover, the experimental
evaluation demonstrates that LABDT achieves robust performance (see Table 7).

The performance of different classifiers, as shown in Table 8, shows remarkable differences in their predictive
power. Logistic regression, a common baseline model, is found to have an accuracy of 0.78, while precision,
recall, and F1-score all fall in the range of 0.77−0.78. It reflects moderate performance, but also demonstrates its
inability to identify intricate patterns. The decision tree classifier, with an accuracy of 0.75, has slightly poorer
performance because it is prone to overfitting and high variance. By comparison, the random forest model, with
an accuracy of 0.85, has better generalization by using many decision trees to counter overfitting and enhance
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Table 6 Case outcome class mapping Case outcome Case outcome label

Affirmed 0

Applied 1

Approved 2

Cited 3

Distinguished 4

Followed 5

Referred to 6

Related 7

Table 7 Classification report Class Precision Recall F1-score

0 0.97 0.99 0.98

1 0.85 0.89 0.87

2 1.00 1.00 1.00

3 0.79 0.66 0.72

4 0.96 0.98 0.97

5 0.87 0.90 0.89

6 0.84 0.85 0.84

7 0.99 1.00 1.00

Table 8 Performance comparison of different classifiers

Sl. No. Classifier Accuracy Precision Recall F1-score

1 Logistic regression 0.78 0.77 0.78 0.77

2 Random forest 0.85 0.84 0.84 0.84

3 Stacking classifier 0.78 0.77 0.78 0.77

4 Decision tree classifier 0.75 0.76 0.76 0.76

5 XGBoost 0.81 0.80 0.80 0.80

6 Optimized decision tree 0.82 0.81 0.81 0.81

7 Lexi AdaBoost decision tree (LABDT) 0.92 0.91 0.91 0.91

classification stability. XGBoost, a strong gradient boosting algorithm, has an accuracy of 0.81 through iterative
optimization of weak classifiers to improve overall model performance. The stacking classifier, which combines
several basemodels, has an accuracy of 0.78, indicating that its ensemble approach does not realize a dramatic boost
relative to logistic regression in this case. Additionally, the optimized decision tree exhibits a level of accuracy at
0.82, enjoying the benefits of hyperparameter optimization and tuning that help ensure enhanced generalization in
comparison to an ordinary decision tree. Out of all classifiers, the proposed LABDT outshines them all, registering
an accuracy value of 0.92 alongside precision, recall, and F1-score measures of 0.91. These findings demonstrate
that LABDT successfully refines decision boundaries by giving extra importance to instances that were wrongly
classified earlier, resulting in higher predictive accuracy. The comparison testifies that ensemble-based methods,
particularly boosting techniques, tend to outperform individual classifiers due to their ability to reduce bias and
variance. In this study, LABDT achieves the highest accuracy and balanced performance metrics, demonstrating
the practical effectiveness of combining decision trees with boosting strategies. This validates the suitability of
ensemble learning frameworks in addressing complex multi-class legal classification tasks, where both predictive
precision and error reduction are critical.
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6.13 Comparative Evaluation with Baseline Models

A comprehensive comparative analysis was conducted by re-implementing all baseline classifiers on the iden-
tical preprocessed dataset of 18,000 Federal Court of Australia case records. Preprocessing steps—including
non-alphanumeric character removal, lowercase normalization, stopword elimination, stemming, lemmatization,
SMOTE-based oversampling, and PCA for dimensionality reduction—were applied uniformly. An 80/20 stratified
train/test split ensured consistent evaluation across methods. Hyperparameter optimization for each model was
performed via grid search on a held-out validation fold.

The following baseline algorithms were included:

1. Regularized logistic regression (L2 penalty) (inverse regularization strength C ∈ {0.01, 0.1, 1.0})
2. Decision tree classifier (maximum depth ∈ {5, 10, 20}, minimum samples per leaf ∈ {1, 5, 10})
3. Random forest (number of trees nestimators = 100, maximum depth ∈ {10, 20}, minimum samples to split

∈ {2, 5})
4. XGBoost (learning rate ∈ {0.01, 0.1}, maximum depth ∈ {6, 10}, subsample ratio ∈ {0.8, 1.0})
5. Stacking classifier using logistic regression as a meta-learner on top of decision tree and gradient boosting

base learners
6. Optimized decision tree obtained through cost-complexity pruning with cross-validation

Accuracy, precision, recall, and F1-score were computed on the test set. As shown in Table 3, the Lexi AdaBoost
decision tree model achieved an accuracy of 0.92 and an F1-score of 0.91, surpassing all baselines (logistic
regression 0.78 accuracy; XGBoost 0.81 accuracy; random forest 0.85 accuracy). The performance gap highlights
the benefit of combining lexical features, semantic embeddings, similarity scores, and a boosting framework under
uniform conditions.

Large language models such as Legal-BERT or CaseLaw-BERT were not included in this comparison for two
main reasons. First, fine-tuning transformermodels on judicial texts requires computing resources and training time
beyond the scope of this study, which focuses on efficient and deployable solutions. Second, interpretability is a
crucial requirement in legal analytics; end-to-end transformer architectures offer limited transparency.A systematic
evaluation against fine-tuned transformer models is reserved for future research, where trade-offs among model
size, performance improvement, and explainability can be thoroughly examined.

Statistical significance of performance differences was assessed using paired McNemar’s tests at a 0.05 signif-
icance level. Improvements of the AdaBoost ensemble over the best non-boosting baseline (random forest) were
confirmed as significant (p < 0.01), indicating that the boosting approach adds meaningful gains in classification
accuracy. Per class analysis of F1-scores showed consistent gains across both majority and minority outcome cat-
egories, demonstrating that the SMOTE, PCA, and boosting pipeline mitigates class imbalance without degrading
performance on dominant labels.

This comparative evaluation under identical experimental settings validates the proposed approach as a robust
and interpretable solution for legal outcome prediction.

7 Discussion and Implications

The experimental results demonstrate that the proposed LABDT model delivers significant improvements over
traditional classifiers on the same judicial case corpus. By fusing lexical features derived from term frequency
inverse document frequency, contextual embeddings obtained from a pretrained sentence transformer, and docu-
ment similarity scores, the new approach captures both surface-level and deep semantic information. This feature
synthesis yields a richer representation than methods relying on either bag of words or embeddings alone. Theoret-
ical implications arise from the observation that integrating heterogeneous feature spaces such as lexical, semantic,
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and similarity-based representations within a unified ensemble model yields superior predictive performance com-
pared to relying solely on transformer fine-tuning, particularly on moderately sized legal datasets where overfitting
and limited interpretability are concerns. This suggests that hybrid pipelines merit further investigation in domains
where interpretability and resource constraints are equally critical.

From a practical standpoint, the model’s high accuracy, balanced performance across majority and minority
outcome categories, and transparent decision logic make it suitable for integration into legal research platforms
and decision support tools. The use of an AdaBoosted decision tree ensemble preserves a clear decision path that
can be audited by legal professionals, addressing concerns about the opacity of end-to-end deep learning systems.
Moreover, the computational footprint of the training and inference stages remains modest compared to large
transformer fine-tuning, enabling deployment on standard server hardware without specialized accelerators.

This work differs from existing studies in several respects. First, the focus on interpretable ensemble learning
distinguishes it from purely deep learning based approaches that often require extensive computational resources
and yield limited explainability. Second, the explicit integration of document similarity metrics alongside lexical
and embedding features has not been explored in prior legal outcome prediction literature. Third, the systematic
evaluation of multiple baseline classifiers under identical preprocessing and split schemes provides a transparent
benchmark that highlights the unique advantages of the proposed pipeline.

The findings underscore two key implications for future research. On the one hand, the efficacy of hybrid feature
fusion encourages exploration of additional similarity measures and domain-specific linguistic features. On the
other hand, the balance achieved between accuracy and interpretability points to the value of lightweight ensemble
methods in regulated environments. Further studies might investigate automated feature selection techniques
within this framework or extend the evaluation to other jurisdictions and case types. In all, the proposed approach
advances both theoretical understanding and practical application of machine learning in computational law.

8 Conclusion

LABDT introduces a novel and interpretable legal outcome prediction hybridmethod that integrates TF-IDF,BERT
embeddings, and a feature based on cosine similarity. With data imbalance handled by SMOTE, dimensionality
decreased through PCA, and classification improved through an AdaBoosted decision tree, the methodology
attains high performance. The combined examples illustrate how the legal case is handled at each step—from
cleaning the text and extracting features to dimensionality reduction and ultimate classification—thus illustrating
the overall pipeline. Future developments could incorporate more sophisticated transformer models and meta-
heuristic optimization strategies to enhance predictive performance and scalability further.

8.1 Challenges and Future Directions

Although progress has been made in legal AI, the following challenges exist:

• Explainability: Legal experts need interpretable models, but deep learning models tend to be black boxes [18].
• Data availability: Legal data are usually proprietary and not easily accessible, making large-scale ML training
difficult [41].

• Bias in training data:Case resultsmay be affected by jurisdictional variations, causing biases inMLpredictions
[25].

• Jurisdictional generalizability: The LABDT model has been tested only on Australian case texts. Future work
should validate its performance across other common law and civil law systems using cross-jurisdictional
datasets.
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Future research should prioritize incorporating explainable AI methods like SHAP and LIME into increasing
legalAI interpretability, as shown in prior research on law intelligiblemodels [19]. Further, using domain adaptation
methods can enhance generalizability across diverse legal systems.

The LABDT model trains exclusively on Australian legal texts. Future work includes evaluation on texts from
other common law jurisdictions such as the UK, the USA, and India, as well as on civil law corpora. These exper-
iments assess robustness across varied legal traditions and language conventions. Domain adaptation techniques,
including transfer learning strategies, support adaptation to new jurisdictions. Results from these analyses guide
extension of the model to diverse legal contexts. In particular, evaluating LABDT under multilingual legal corpora
and performing model adaptation through fine-tuning or transfer learning could facilitate its deployment across
regions with varying legal traditions.
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