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ABSTRACT 

 

Legal Judgment Prediction (LJP) has recently gained significant interest from both academic and legal practitioners. 

The majority of LJP methods focus on single label prediction problem, neglecting the real-world multilabel case. 

Therefore, this study aimed to classify multilabel legal cases using label correlation and problem transformation 

methods. Data were collected from a publicly accessible legal document in the European Court of Human Rights 

(ECHR) and EUR-Lex. Multilabel text classification tasks face challenges such as sample diversity, complexity, and 

the need for effective utilization of label correlations. In this paper, we propose a model that integrates domain specific 

text embedding and label correlation. Proposed model leverages label powerset as problem transformation to 

transform a multilabel problem to a multiclass problem by incorporating domain specific text embedding and label 

correlation, which enhances classification performance in charge prediction and addresses label omission issues. 

Extensive experiments on two legal text datasets demonstrate the model’s excellent performance. The proposed model 

substantially outperformed two baseline studies by attaining competitive results of 80.32%-90.09% F1-score and 

0.0119-0.0210 Hamming Loss score, respectively. Meanwhile, the baseline models have attained 52%-80% F1-score 

and 0.0452-0.1479 Hamming Loss score. Proposed model’s performance significantly surpasses the baseline models. 

The significance of this study is the implementation of label correlation in label powerset problem transformation 

method and the application of domain specific embedding to solve multilabel classification problem in legal domain. 

 

Keywords: Legal documents; Legal judgment prediction; Label correlation; Multilabel classification; Natural 

language processing, Problem transformation. 

1.0 INTRODUCTION 

 

Recent advances in Natural Language Processing (NLP) have led to a surge in interest in text classification [1]. Text 

classification techniques aim to assign a predetermined label to a given input text [2]. Labeling text data is quite time-

consuming but essential for automatic text classification [3]. Especially, manually assigning multiple labels for each 

document may become impractical when a very large amount of data is needed for training multilabel text classifiers. 

Although it takes a lot of effort, text data labeling is necessary for automatic text classification [4].  In particular, when 

training multilabel text classifiers requires a very large amount of data, manually constructing numerous labels for 

each document requires a lot of effort to create accurate text classification systems [3]. 

 

Text classification can be binary, and multilabel. In a binary classification, the target label has only two possible values 

while multilabel text classification has more than two possible values. Binary classification frequently ignores other 

crucial information in favor of classifying a document according to its primary subject [5]. The binary classification 

may not work well for texts that cover multiple categories or labels [6]. In real-life and industrial applications, 
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multilabel classification is an important task in the field of NLP. The difference between multilabel classification and 

binary classification is the number of labels that can be assigned to one instance. Multilabel classification is more 

complex than binary classification [7]. The reason is that once the category of an instance is determined, a human 

judge can identify the label as a single label resulting from a binary classification. However, in the multilabel problem, 

human judges must determine each instance's possible category. As a result, labelling multilabel data requires a lot 

more work than labelling single-label data. Research on multi-label classification is limited, despite the importance 

and usefulness of this problem. The multilabel classification improves the model’s capacity for generalization in 

addition to offering more thorough and richer information extraction. It is more in line with the requirements of real-

world applications, particularly in situations like recommendation systems and decision support systems where it is 

crucial to identify multiple labels or categories. 

 

There are three main issues with multilabel classification problems. First, label confusion may result from the model's 

inability to predict all relevant labels for certain samples due to the large label feature space's added complexity [8]. 

Larger label space causes unequal label distribution, with certain labels showing up more frequently than others [9]. 

Label skew describes the possibility of a large and low number of cases being assigned to more and less frequent label 

sets, respectively [10][11][12][13][14]. Second, it is a high dimensionality problem where both feature and label 

spaces have enormous dimensions [15]. The number of labels in a dataset can be more than instances. Therefore, 

processing time for high-dimensional data takes a lot of time, suggesting potential overfitting in the model 

[16][17][18][19]. Lastly, errors and noise in labeled data may arise from insufficient or inaccurate manual labeling, 

which may have an adverse effect on model performance and training [20].  

 

In legal domain, text classification models are crucial for intelligent legal support [21], decision-support assistance 

[22], and legal documents management [23]. In the end, these models improve judicial impartiality by making legal 

study and analysis easier. Legal practitioners may obtain more effective, precise, and thorough legal information and 

services by implementing these ideas and models into practice in the legal domain. Classification in legal domain is 

the process of assigning legal documents to label based on content, purpose, or relevance. It is essential in document 

management for courts and law firms, facilitating efficient organization, retrieval, and review. The application of 

classification in the legal domain is relatively under-explored, although the data about legal cases can be accessed 

publicly. Classification in legal domain is commonly known as Legal Judgment Prediction (LJP), which offers 

different multi-tasks [24]. The first task is judgment prediction where a binary classification is implemented to predict 

the judgment of a legal case by identifying the patterns of past documents [25][26]. The judgment prediction is 

considered as a binary classification, determining whether the defendants violated the law or not. The second task is 

charge prediction, where it predicts which law is violated in a legal case. The charge prediction cannot be considered 

as a binary classification because each legal case has the potential to be applied simultaneously to more than one 

different charge. Instead of binary classification, charge prediction is part of multilabel classification focusing on 

assigning multiple violated law labels to related legal cases. In particular, multilabel classification aimed to 

concurrently associate cases to several labels.  

 

Existing studies [27] [28] [29] [30] [31] [32] [33] mainly focused on developing charge prediction models without 

considering whether it is a multilabel problem or not. This is demonstrated by the fact that even though charge 

prediction in the real-world problems is associated with several labels, existing studies solved multilabel problem by 

implementing binary classification. It causes existing studies to be unable to predict multiple labels at once [34] and 

the model becomes impractical and ineffective. Other than the inability to predict multilabel at once, the challenges 

faced in existing studies, including high dimensionality of label space in multilabel problem [27] [28] [29] [34] [35] 

[36] and the independence problem among labels, can be difficult to resolve since multilabel classifier process multiple 

labels simultaneously and this affects the performance of classifier and introduces loss [28] [33] [37] [38] [39] [40] 

[41] [42]. Although some solutions have been proposed, they limit the number of predicted labels to a maximum of 

three labels [28] [29] ignoring real-world multilabel data in legal domain that has an infinite number of labels to 

predict and also their charge prediction models are still considered to have poor performance, only 52-79% accuracy. 

Based on the gaps, there is need for improvement in multilabel classification in the legal domain. Therefore, this study 



 

16 

 

aimed to propose a multilabel classification model ascertaining which charges have been infringed. The main 

objectives are as follows: 

− to develop a ML-based multilabel classification model that can predict multiple charges of a legal case using label 

correlation and problem transformation, 

− to evaluate the model in comparison to the baseline model. 

 

The main contributions of this study are: 

− introducing multilabel classification that combines label correlation and problem transformation, and it increases 

generalizability in multiple contexts, where multilabel classification is applied, 

− applying label correlation in problem transformation method to preserve pre-existing label correlations based on 

its occurrence.  

 

The rest of the study is organized as follows. Section 2 presents the method including the details of the dataset and 

proposed model. Section 3 contains the evaluation of proposed model, comparing several baseline studies and 

discussing the results. Moreover, Section 4 presents the conclusion of the study. 

2.0 METHOD 

This section presents the method of multilabel classification using label correlation and problem transformation to 

perform multilabel classification task in the legal domain. To validate the effectiveness of the proposed model, we 

carried out several experiments. We begin by evaluating how well various models perform on two datasets of legal 

texts. We examine how problem transformation and label correlation affect multilabel classification. Lastly, we 

employ multilabel legal text datasets to compare proposed model with state-of-the-art models. 

2.1 Datasets 

The two datasets used in this study were legal documents, with details as follows: 

2.1.1 Dataset 1: EUR-Lex 

A collection of documents pertaining to EU law is called EUR-Lex, which is published at http://eur-lex.europa.eu/. 

The EU Publications Office has annotated each of EU regulations with multilabel. This study used the dataset of 

Chalkidis et al. [43] which included 57,000 EU legislation documents from EUR-Lex, specifically the English part of 

the datasets with an average length of 727 words per data. 

2.1.2 Dataset 2: ECHR 

The second dataset comes from the publicly available data published by the European Court of Human Rights (ECHR). 

The dataset can be accessed publicly and downloaded at https://echr-opendata.eu/. The number of legal judgment 

documents used is 2,000, each document with 32,518 words per document. The ECHR was founded in 1959, handling 

petitions from both individuals and states alleging violations of several rights outlined in the European Convention on 

Human Rights. In this study, the objective was to predict which law articles were the cases that were violated. 

2.2 Study Design 

The detailed description of the study design is shown in Fig. 1. The method consists of six stages, namely (a) data 

preprocessing for noise removal, normalization, and cleaning, (b) label correlation, (c) problem transformation, (d) 

multilabel classification algorithm, (e) k-fold cross-validation, and (f) evaluation metrics.  

 

Based on the analysis, the acquired data was extracted from collective sources. Fig. 2 shows the transformation from 

a legal document to a data frame in Python. It was claimed further that a particular state had violated the provisions 

of the European Convention on Human Rights and was heard by the ECHR. Therefore, the main aim was to predict 

which procedures (multilabel classification) were violated in relation to human rights. The public dataset from the 
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ECHR was based on claims that human rights laws had been violated. The unmodified dataset form was provided 

since this study did not focus on algorithmic biases. Additionally, the anonymized version of the dataset had minimal 

impact on classification outcomes. The selected ECHR dataset included 2,000 public instances that breached several 

legal articles. Each case contained a text detailing the facts, including additional data elements. Considering this 

perspective, facts were extracted from every court filing. To obtain more information from the accessible ECHR 

database, data scraping was adopted. An issue encountered during the process was the inability to delete superfluous 

content without using regular expressions or regex. The initial deletion of all contents, while retaining THE FACTS 

through the next phase, was regarded as a relevant legal framework and practice. 

2.2.1 Data Preprocessing 

Data preprocessing transforms unstructured data into a more easily and effectively processed format in data mining, 

ML, and other science tasks [44]. It is the process of cleaning and preparing text data, which includes several 

preprocessing steps. These include (1) Noise removal: the process eliminates URLs, punctuation, special characters, 

and any blank space, punctuation, and numbers, enabling the proposed model to easily detect the patterns in the text, 

(2) Lower case conversion is the process of converting all text data to a uniform lower case. This process prompts 

consistency while removing case-sensitivity from comparisons, and (3) Semantic Word Embedding uses pre-trained 

word embedding to replace original words in a sentence with their closest neighbors. This enhances the representation 

of semantic meaning in Natural Language Processing (NLP) tasks, which are converted into numeric vectors. Semantic 

word embedding applied in this study is Legal-BERT sentence embedding (LBERT). An adaptation of BERT for the 

legal domain is called LBERT, which includes pre-training on a variety of English legal text fields, such as contracts, 

court cases, and laws [43][45]. The sub-word vocabulary of LBERT is built from scratch to support legal terminology.  

 

Fig. 1: Study Design of multilabel classification in LJP 

2.2.2 Label correlation and problem transformation 

The summary of label correlation and problem transformation is shown in Fig. 2. Initially, correlation matrix including 

all pairwise correlations between the dataset's label is created using the Jaccard coefficient. This matrix is subjected 
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to an agglomerative hierarchical clustering, which produces a dendrogram showing the relationship between 

correlation. To identify model label correlation, the proposed model initially calculates the pairwise similarity degrees 

of each label using Jaccard, as shown in Table 1 and label space is composed of three labels in this example. 

 

 

Fig. 2: Summary of multilabel classification using label correlation and problem transformation method 

 

Table 1: An example of label space with three labels 

 

 Yi = Labeli 

Xi=Instancei Y1=Label1 Y2=Label2 Y3=Label3 

X1 1 0 1 

X2 1 1 1 

X3 0 1 0 

X4 1 0 0 

X5 1 0 1 

 

This study finds a hybrid partition by exploring the label correlations. Initially, the Jaccard coefficient is used to 

construct a correlation matrix containing all pairwise correlations between the labels of the training set as seen in Eq. 

(1). 

 

𝐽(𝐴, 𝐵) =
|𝐴 ⋂ 𝐵 |

|𝐴 ⋃  𝐵|
=  

|𝐴 ⋂ 𝐵 |

|𝐴|+|𝐵|−|𝐴 ⋂ 𝐵 |
   (1) 

 

Label set Yi linked to the i-th instance Xi of multilabel dataset is represented by each row in Table 1. Therefore, a 

binary matrix M represents label space, with cell Mi;j receiving a value of 1 when instance Xi is given to class Yj and 

0 otherwise. The Jaccard coefficient, as shown in Eq. (1), is used to determine the pairwise similarity of two instances 

based on labels. Based on the results, a similarity matrix is obtained as shown in Table 2 after calculating Jaccard 

coefficient to quantify all label pairwise similarities. The Jaccard coefficient has a value between 0 and 1 that measures 

the similarity between two sets of data. The 0 value means the sets have no overlap while the 1 value means the sets 

are identical. 

 

 

 



 

19 

 

 

Table 2: Pairwise similarity 

 

  

 

 

 

 

After the Jaccard coefficient is calculated, it is converted into a Jaccard distance by subtracting from 1. This distance 

will also range from 0 to 1, but with 1 stating the two groups are entirely different and have no members in common. 

The formula of Jaccard distance can be seen in Eq. (2). 

 

𝑑(𝐴, 𝐵) = 1 − 𝐽(𝐴, 𝐵)    (2) 

 

Clustering methods are built using the distance (dissimilarity) and similarity. Given the nature of quantitative data, 

distance (dissimilarity) is the best way to determine how the variables relate to one another. On the other hand, 

similarity is recommended when working with qualitative data. Clustering approaches rely on distance metrics like 

the Jaccard distance. Selecting the right distance measure for a given dataset can be challenging. Similarity or distance 

metrics are the main tools used by distance-based clustering algorithms to place similar data points in the same clusters 

and dissimilar or distant data points in distinct clusters. A machine learning model performs better when the distance 

metric is effective. Agglomerative hierarchical clustering techniques, in which every instance is regarded as a cluster 

and the clusters are subsequently combined to form larger clusters, are suggested in this work. This continues until all 

the clusters are merged into one large cluster that contains all the instances. Agglomerative hierarchical clustering is 

known as a bottom-up approach that does not need to determine the number of clusters. The bottom-up approaches 

treat each instance as a single cluster at first, then merge the cluster pairs one after the other until all of the clusters 

are combined into a single cluster that includes every instance. As a problem transformation technique, the clusters 

are utilized to identify label combinations for the label powerset once they have been merged. 

 

By treating every label combination as a distinct class, label powerset method combines several labels into a single 

dataset. Multilabel classification can be achieved by classifying an instance according to a collection of label. 

Moreover, an instance is trained to be given to any class using a multiclass classifier. Table 3 shows label powerset as 

one of problem transformation. 

 

Table 3: Illustration of Label Powerset 

 

 Yi = Labeli  

Xi=Instancei Y1=Label1 Y2=Label2 Y3=Label3 New Label 

X1 1 0 1 1 

X2 1 1 1 2 

X3 0 1 0 3 

X4 1 0 0 4 

X5 1 0 1 1 

 Label1 Label2 Label3 

Label1 1 0.77 0.62 

Label2 0.57 1 0.11 

Label3 0.13 0.47 1 
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2.2.4 Classification Algorithms 

To classify the law articles that were violated on each legal document, this study used Multi-SVM and DT classifiers. 

Multi-SVM extends binary classifiers to handle multiple class labels, enabling accurate classification into predefined 

categories. Moreover, DT is a supervised ML algorithm that uses principles that are similar to human decision-making 

to partition datasets. The study concentrated on DT classification, which is also applied to regression applications. 

2.2.5 k-fold cross-validation 

One resampling method for evaluating machine learning models is cross-validation. The number of groups into which 

a given data sample is to be divided is shown by a single parameter, k. Therefore, the method is frequently referred to 

as k-fold cross-validation. The initial stage is to shuffle and divide the dataset into k-folds of similar size. Each iteration 

conducted at this stage uses a different fold of data for validation and the remaining k-1 for training. Particularly, 5-

fold cross-validation is used in this study for both training and validation. Later, after shuffling the dataset and dividing 

the dataset into five sets, then one set is taken for validation and another four set for training. The next stage is to 

repeat the process for all five sets. The results of the k-fold cross validation are given for same session and cross 

session, respectively. Thus, the process is repetitive until all datasets are evaluated. k-fold CV results are normally re-

iterated with the mean score of the values of the classification. Fig. 3 provides an example of k-fold cross-validation. 

 To accurately assess the classifier’s performance when generalizing to new data, it is critical that we use separate 

datasets to train and test the classifier. It has been shown that k-fold cross-validation appears to be the optimal choice 

to assess the classifiers’ performance in generalization to new data. When the dataset is small, k-fold cross-validation 

is an important technique to assess the robustness of a model. The advantages of k-fold cross validation are (1) k-fold 

cross-validation has stable accuracy to solve the random precision issue. In other words, stable accuracy can be 

achieved because the model is trained on a dataset split into multiple folds. It improves model robustness: It uses all 

data for training and validation, reducing bias and variance in estimates; (2) k-fold cross-validation prevents the 

overfitting of the training data set by using multiple training and testing cycles, it minimizes the risk of overfitting to 

a particular data split. 

 

 

 

Fig. 3: Illustration of k-fold cross-validation 

2.2.6 Evaluation Metrics 

A total of four performance metrics, namely recall, accuracy, F1-score, and Hamming Loss, are used to evaluate the 

model's performance. It is essential to specify the type of errors and prediction that a classifier is capable of before 

establishing the metrics. False Positives (FP) are results that are incorrectly predicted to be positive. False Negatives 

(FN) are results that are incorrectly predicted to be negative. True Positives (TP) are results that are correctly predicted, 

and True Negatives (TN) are correctly predicted to be negative. Subsequently, the metrics can be identified based on 

the information provided. 

 

The ratio of correctly predicted samples to all positive samples is known as precision. During the analysis, Eq. (3) is 

used to calculate this metric, which shows the percentage of FP rates. The number of TP is divided by positive 
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prediction obtained from the precision score. A 100% precision shows that all of the model's prediction is true without 

FP. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

(𝑇𝑃+𝐹𝑃)
   (3) 

 

Recall measured the proportion of positive samples accurately classified as TP among the total positive subjects within 

the same actual class. This measurement is implemented to show the model ability to identify FN, as presented in Eq. 

(4). The number of TP is divided by prediction that should be given positively yields the recall score. When a model 

has 100% recall score, no FN is predicted. In light of these results, all negative predictions are considered accurate. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

(𝑇𝑃+𝐹𝑁)
   (4) 

The recall and precision metrics combined into a single measurement known as the F1-score. This measurement is 

calculated by using Equation (5), primarily as an evaluation metric for imbalanced datasets. The precision and recall 

scores are added together to obtain an F1-score, which is often used for classifier comparison. Therefore, F1-score 

produces a harmonic mean between the two measuring units. 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×
(𝑅𝑒𝑐𝑎𝑙𝑙 ×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛)

(𝑅𝑒𝑐𝑎𝑙𝑙+𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛)
  (5) 

The percentage of labels that are mispredicted is measured by the Hamming Loss, which is calculated using the 

average number of incorrectly classified label per instance. The formula of Hamming Loss is shown in Eq. (6). 

 

𝐻𝑎𝑚𝑚𝑖𝑛𝑔 𝐿𝑜𝑠𝑠 =  
1

𝑁 ×𝐿
∑𝑁

𝑖=1 ∑𝐿
𝑗=1 1(𝑦𝑖𝑗 ≠ ŷ𝑖𝑗)  (6) 

where: 

N = the number of instances, 

L = the number of labels, 

𝑦𝑖𝑗  = the true label of the jth label for the ith instance, 

ŷ𝑖𝑗 = the predicted label for the 𝑗𝑡ℎ jth label of the 𝑖𝑡ℎ instance, 

1 = the indicator function that returns 1 when the argument is true and 0 when false. 

 

A low score of Hamming Loss shows better performance of classification algorithm. Since the optimal value of 

Hamming Loss is 0, there is no mistake. In multilabel classification, when a single instance of data might belong to 

multilabel, prediction of label is assessed using Hamming Loss. However, only the single label is penalized by 

Hamming Loss in multilabel classification, considering both missing and prediction errors. By calculating the 

percentage of incorrectly predicted labels, Hamming Loss plays a critical role in assessing multilabel classification 

models. It is also essential in complex scenarios where multiple labels are assigned to instances. 

3.0 RESULTS AND DISCUSSION 

The experimental results demonstrate the effectiveness of our proposed model compared to the baseline models. A 

baseline implementation is used in this study to evaluate performance in comparison to different variations. Baseline 

implementation can refer to the initial version of a system or model, or a strategy for improving performance. A 

strategy for improving performance by identifying and addressing shortfalls. We achieved competitive performance 

in terms of classification performance, indicating that proposed model effectively addresses the challenges of 

multilabel legal text classification.  

Table 4: Summary results of proposed model compared to baseline model 

 

Datasets Methods Metrics 

Precision Recall F1-score Hamming Loss 

EUR-Lex Baseline-1 SVM 0.7339 0.7331 0.7305 0.0811 

 Baseline-1 DT 0.7598 0.7195 0.7190 0.0854 

 Baseline-2 SVM 0.8797 0.7573 0.8048 0.0452 

 Proposed model SVM 0.9057 0.8965 0.9011 0.0109 

 Proposed model DT 0.8541 0.8536 0.8537 0.0179 
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ECHR Baseline-1 SVM 0.6068 0.6060 0.6041 0.0706 

 Baseline-1 DT 0.5401 0.5240 0.5287 0.0862 

 Baseline-2 SVM 0.7720 0.4780 0.5654 0.1479 

 Proposed model SVM 0.8626 0.8289 0.8379 0.0154 

 Proposed model DT 0.8095 0.8114 0.8084 0.0197 

 

The comparison results are shown in Tables 4 and Fig. 4, where proposed models consistently achieve the best 

performance across all datasets. Compared to baseline models, proposed models further reduce Hamming Loss by at 

least 3.33% and increase the F1-score by at least 9.61%. The performance improvement of proposed model varies 

across different datasets due to the diverse characteristics of samples and labels. The average Hamming Loss from the 

baselines and proposed model is shown in Fig. 4. Prediction and the missing error are simultaneously considered by 

the Hamming Loss because of the ability to effectively represent the case when the output is partially correct. 

Hamming Loss is defined as the number of misclassified labels to the total number of labels. A low score of Hamming 

Loss denotes better performance of classification algorithm, with an optimal value of 0, showing there is no mistake. 

Compared to baselines, proposed models do not attain high recall. Despite maintaining a high recall, the precision is 

significantly lower. Since precision and recall are opposing traits, the F1-score is used to assess models showing the 

balance between the two metrics (precision and recall). 

 

 

(a) 

 



 

23 

 

 

 

(b) 

 

Fig. 4: Precision, Recall, F1-score in (a) EUR-Lex dataset; (b) ECHR dataset 

 

Fig. 4 shows the comparison of Hamming Loss among different models across the two legal text datasets. It 

demonstrates that proposed model utilizing the Label Powerset problem transformation and label correlation has 

significant impact on improving model performance, proposed model reduces Hamming Loss by up to 3.33%-7.35% 

on the EUR-Lex dataset and reduces 6.52%-7.08% Hamming Loss on the ECHR dataset. Proposed model establishes 

correlations between labels and transforms multilabel problems using Label Powerset, enabling more accurate 

predictions and reducing the chance of missing labels. Fig. 4 shows the experiments on the EUR-Lex and ECHR 

datasets evaluating precision, recall, and F1-score. Proposed model achieves the highest F1-score. The improvements 

in these metrics align with the reductions observed in Hamming Loss, confirming the effectiveness of the approach in 

enhancing model performance. These results underscore the importance of incorporating label correlation information 

and problem transformation to achieve better performance across various evaluation metrics. 

 

In the EUR-Lex dataset (Table 4), where text is relatively short but has more labels per sample, baseline models 

struggle to extract sufficient information for accurate label prediction. Proposed model addresses this challenge 

through the application of LBERT as semantic pre-trained model and transforms the problem using Label Powerset 

and label correlation, preventing the omission of true labels, resulting in 9.69%-17.04% improvement in F1-score and 

3.33%-7.35% reduction in Hamming Loss compared to the baseline models.  

 

In the ECHR dataset (Table 4), which has longer text and less labels per sample, models show improved performance. 

However, the number of legal cases from ECHR datasets is only 2,000 while EUR-Lex dataset has 57,000. Proposed 

model effectively utilizes the label correlation, enriching label distribution information and preventing overconfidence 

in predicted labels. This results in 23.38%-27.25% improvement in F1-score and 6.52%-7.08% reduction in Hamming 

Loss compared to baseline models. 

 

Overall, our proposed model consistently outperforms baseline models across the evaluated legal text datasets, 

demonstrating its effectiveness in multilabel text classification tasks. The primary reason for baselines’ 

underperformance lies in their model architectures, which are not fully optimized for multilabel classification. 

Baseline models did not transform charge prediction problems into multilabel problems, and they do not utilize label 

correlation to enhance the classification performance. Additionally, we compare four text embeddings which are BoW, 
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TF-IDF, SBERT and LBERT. The baselines only utilized BoW and TF-IDF, so we employed BERT-based pre-trained 

model as text embedding: SBERT and LBERT. BERT is typically pre-trained on large-scale single-label data, 

focusing on tasks like text classification and sentence pair tasks but BERT-based text embedding does not adequately 

capture the dependencies and correlations between labels, resulting in performance that falls short compared to models 

specifically designed for multilabel tasks.   

 

LBERT is a specialized pre-trained BERT model designed for legal NLP tasks, pre-trained on 12 GB of diverse 

English legal text [43]. It supports legal studies computational law, and legal technology applications, outperforming 

general BERT models on domain-specific tasks. The use of pre-trained BERT can solve the issue of small-size data 

without sacrificing the model’s performance [46]. This is because pre-trained models reuse a data-driven model trained 

for one task to others. When data is insufficient, the pre-trained model aims to enhance performance in a target task 

by leveraging the knowledge learned from the original task [47]. Problem of small-sized datasets in existing legal 

studies is caused by the lack of lower court data in digital format [40] [48]. However, the number of legal documents 

has increased due to digitalization. This shows that the small-sized dataset might be sufficient for humans to start 

deciding what features can uniquely describe the target.  

 

Another benefit of using pre-trained model is to reduce the data dependence on large-sample learning. Therefore, pre-

trained model gains knowledge from a previous task to improve generalization about another. Generalization refers to 

the ability of a trained model to generate accurate predictions on unseen data. When the model does not generalize 

well, it will probably perform poorly in real-world scenarios despite showing high accuracy on the training set. Due 

to this restriction, the model is unreliable and impracticable for use in real-world scenarios. 

 

Compared to TF-IDF and BoW which derive text embeddings based on the frequency of word occurrence in the 

trained data. LBERT captures the semantic meaning of words where similar meanings are closer together in the 

embedding space. This phenomenon facilitates easy classification of documents for the model based on content 

[42][49]. Therefore, the pre-trained LBERT is a more suitable option as the word embedding is applied for this study 

compared to TF-IDF and BoW. The experiments in Table 4 and 5 prove that proposed model gains higher performance 

when we employed LBERT than other text embeddings. 

 

To evaluate the impact of label correlation and problem transformation on model performance, we conducted ablation 

experiments on the legal text datasets, isolating each type of text embedding. The experimental scenarios include label 

correlation and problem transformation with four different text embedding approaches and different values of Jaccard 

coefficient (j). The Jaccard coefficient is used to measure similarity between two distinct instances. We set Jaccard 

coefficient to a minimum of 0.06 to ensure an equal proportion of label similarity representations and multilabel vector 

information. When computing the Jaccard coefficient for pairs of labels, what one is essentially doing is quantifying 

a form of correlation based on co-occurrence. 

 

To analyze the effect of Jaccard coefficient and prevent overfitting, we conducted experiments on the EUR-Lex and 

ECHR datasets. As shown in Table 5 and 6, smaller Jaccard coefficient values, indicating a larger proportion of 

similarity representation information, lead to faster model learning. Proposed model continues to improve, learning 

more effective information and enhancing performance.  

 

Table 5: Proposed model’s results in EUR-Lex dataset in different values of Jaccard coefficient (j) 

 

Jaccard 

coefficient 

(j) 

Metrics Proposed modelSVM Proposed modelDT 

BoW TF-IDF SBERT LBERT BoW TF-IDF SBERT LBERT 

j >= 0.1 Precision 0.8081 0.8232 0.8781 0.9057 0.7660 0.7615 0.8395 0.8541 
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Recall 0.7781 0.8071 0.8469 0.8965 0.7465 0.7718 0.8416 0.8536 

F1-score 0.7827 0.8142 0.8622 0.9011 0.7481 0.7673 0.8404 0.8537 

Hamming 

Loss 

0.0237 0.0192 0.0140 0.0109 0.0244 0.0450 0.0287 0.0179 

0. 08 <= j < 

0.1 

Precision 0.7928 0.7874 0.8642 0.8922 0.7507 0.7444 0.8357 0.8522 

Recall 0.7773 0.7969 0.8311 0.8654 0.7457 0.7421 0.8366 0.8525 

F1-score 0.7826 0.7931 0.8473 0.8786 0.7480 0.7412 0.8361 0.8523 

Hamming 

Loss 

0.0266 0.0219 0.0189 0.0117 0.0247 0.0253 0.0241 0.0171 

0.06 <= j < 

0.08 

Precision 0.7415 0.8061 0.8589 0.8902 0.7249 0.7348 0.8413 0.8425 

Recall 0.7484 0.7774 0.8198 0.8579 0.7288 0.7377 0.8391 0.8079 

F1-score 0.7511 0.7881 0.8389 0.8738 0.7274 0.7339 0.8401 0.8155 

Hamming 

Loss 

0.0284 0.0227 0.0239 0.0124 0.0226 0.0230 0.0194 0.0254 

 

Table 6: Proposed model’s results in ECHR dataset based in different values of Jaccard coefficient (j) 

 

Jaccard 

coefficient 

(j) 

Metrics Proposed modelSVM Proposed modelDT 

BoW TF-IDF SBERT LBERT BoW TF-IDF SBERT LBERT 

j >= 0.1 Precision 0.6591 0.7247 0.7295 0.8626 0.5652 0.5760 0.8175 0.8095 

Recall 0.6173 0.6739 0.6899 0.8289 0.5478 0.5739 0.8017 0.8114 

F1-score 0.6346 0.6902 0.7017 0.8379 0.5548 0.5741 0.8032 0.8084 

Hamming 

Loss 

0.0323 0.0256 0.0261 0.0154 0.0459 0.0416 0.0201 0.0197 

0. 08 <= j < 

0.1 

Precision 0.6744 0.7076 0.7342 0.8522 0.5805 0.5589 0.8071 0.8048 

Recall 0.6181 0.6442 0.7110 0.8254 0.5486 0.5442 0.7982 0.7903 

F1-score 0.6347 0.6641 0.7156 0.8289 0.5549 0.5480 0.7942 0.7945 

Hamming 

Loss 

0.0323 0.0272 0.0253 0.0157 0.0470 0.0456 0.0213 0.0215 

0.06 <= j < 

0.08 

Precision 0.6078 0.6889 0.7312 0.8529 0.5394 0.5493 0.7974 0.8122 

Recall 0.5884 0.6637 0.6753 0.8114 0.5309 0.5398 0.7807 0.7982 

F1-score 0.6031 0.6691 0.6920 0.8245 0.5342 0.5407 0.7808 0.8018 

Hamming 

Loss 

0.0347 0.0265 0.0264 0.0158 0.0452 0.0497 0.0210 0.0193 

 

Table 5 and 6 show the experimental results of proposed model in terms of each evaluation metric. Each model is 

assigned three different Jaccard coefficient (j) as label correlation and four text embedding techniques. Figs. 5-8 
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illustrate the experimental results from Tables 5 and 6. The horizontal axis of each sub-figure indicates different values 

of the Jaccard coefficient, and the vertical axis represents the result of F1-score and Hamming Loss as evaluation 

metrics. Based on the experimental results, the following observations can be made: 

● Positive label correlations will have a considerably smaller impact and multilabel classification performance 

will be worse if the Jaccard coefficient (j) is lower. The weaker label correlations would result in a decline 

in performance, strong label correlations are able to help classifiers perform better.  

● In two distinct legal datasets, the multilabel classification performance varies depending on the text 

embedding techniques and the Jaccard coefficient (j). The classification performance appears to stay at a 

rather consistent level in the EUR-Lex dataset, which contains more instances and a larger label space but a 

shorter text sequence. As label correlation increases, performance also improves in the ECHR dataset, which 

has a longer text sequence but fewer instances and a smaller label space. 

● In addition to applying the Jaccard coefficient (j) to the model, we used four text embedding techniques to 

transform the text sequence from both datasets into feature vectors. The findings indicate that BERT-based 

text esmbedding approaches (SBERT and LBERT) have outperformed frequency-based methods like BoW 

and TF-IDF.  In contrast to BoW and TF-IDF, which disregard context, BERT is able to extract more context 

information from a sequence than the other two. The BoW and TF-IDF are unable to understand synonyms 

or alternative word forms since they only know how frequently a word appears and not its meaning. In both 

datasets, proposed model using the LBERT text embedding strategy from each experiment achieves a lower 

Hamming Loss score and a higher F1-score than alternative text embedding strategies. 

 

According to Jaccard coefficient (j), we learn that the optimal parameter settings, in particular the correlation for 

different data sets, are distinct. Thus, in the experiments, we searched for the best configuration for all parameters in 

each dataset by five-fold cross validation on the training data. 
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Fig. 5: Experimental Results SVM-based Classifier in comparation to different word embedding & Jaccard 

coefficient in EUR-Lex dataset (a) F1-score of the proposed model vs baseline per Jaccard coefficient; (b) 

Hamming loss score of the proposed model vs baseline per Jaccard coefficient 
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(b) 

 

Fig. 6: Experimental Results DT-based Classifier in comparation to different word embedding & Jaccard 

coefficient in EUR-Lex dataset (a) F1-score of the proposed model vs baseline per Jaccard coefficient; (b) 

Hamming loss score of the proposed model vs baseline per Jaccard coefficient 
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(b) 

 

Fig. 7: Experimental Results SVM-based Classifier in comparation to different word embedding & Jaccard 

coefficient in ECHR dataset (a) F1-score of the proposed model vs baseline per Jaccard coefficient; (b) 

Hamming loss score of the proposed model vs baseline per Jaccard coefficient 
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(b) 

 

Fig. 8: Experimental Results DT-based Classifier in comparation to different word embedding & Jaccard 

coefficient in ECHR dataset (a) F1-score of the proposed model vs baseline per Jaccard coefficient; (b) Hamming 

loss score of the proposed model vs baseline per Jaccard coefficient 

 

To analyze the results from the experiments, a non-parametric statistical test is used to validate the performance of 

proposed model and baseline models. A Mann-Whitney U test is performed to compare proposed model that 

implemented multilabel classification with label correlation and problem transformation, and the baseline model. The 

Mann-Whitney U test, also known as the Wilcoxon Rank Sum Test, is performed to evaluate whether there are 

significant differences in the results. This non-parametric test is applied to rank the method over the datasets according 

to the p-value and z-score. The hypotheses for the Mann-Whitney U test for paired data are as follows: 

H0:  There is no difference between the two groups (proposed model and baseline model) in the population.  

H1:  There is a difference between the two groups (proposed model and baseline model) in the population. 

There is a significant difference between proposed model and the baselines, with z-score= -2.50672, and p-value = 

0.01208. The U-value is 0 and the critical value of U at p-value < 0.05 is 2, showing a significant at p-value < 0.05. 

For Z-ratio, the z-score is -2.50672 with p-value of 0.01208, showing that the result is significant (H0 is rejected).  

 

The application of label correlation and label powerset problem transformation is to resolve the limitations mentioned 

by [27] and [28]. The limitation of the current charge prediction model is the inability to predict violations of law 

articles simultaneously. This poses a significant challenge, as legal cases are mostly associated with more than one 

charge. However, existing studies only applied binary and multiclass prediction to address this challenge. Multilabel 

legal document classification has also been explored in previous studies [50], focusing on keyword-based legal search 

engines [51]. The majority of reports also use frequency-based word embedding as features without considering any 

possible label correlation between multilabel [50] [51]. Table 7 summarizes the topic by listing the studies, datasets, 

countries, the evaluation criteria, the classifiers with best results, the NLP, and ML methods, and the year of 

publication. 

 

According to [52], multilabel classification problem can easily be solved by treating label individually. This method 

transforms multilabel problems into a series of binary classification tasks, where each label's existence in a sample is 

predicted independently. However, multilabel classification problem ignores the reality that label in multilabel data is 

not independent of one another but rather display certain associations. For example, certain labels may be mutually 
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exclusive, while others appear frequently. Label correlation is the term used to describe the reliance between labels. 

To solve the limitation, this study used label correlation and powerset problem transformation for the model to predict 

charges simultaneously. Making good use of label correlation significantly improves multilabel classification 

procedure and aids in the development of more reliable as well as efficient classifiers [53]. This study measures 

correlations between labels using Jaccard. Consequently, a classifier can estimate the probability that an instance will 

have multiple highly correlated labels, in addition to predicting the presence of a specific label. 

 

Table 7: Comparison of recent studies applying NLP and ML classifiers to relatively different datasets in law 

 

Study Year NLP used Dataset Results Classifier 

Proposed model 2024 LBERT 

semantic 

embedding 

EUR-Lex & 

ECHR 

EUR-Lex: 

86.75% precision 

85.69% recall  

86.18% F1-score 

0.0359 Hamming Loss 

 

ECHR: 

82.80% precision 

79.44% recall  

80.6% F1-score 

0.0322 Hamming Loss 

SVM 

[32] 2021 TF-IDF & 

Tax2Vec 

Drugs effect 

& Drugs 

side 

47% f-measure drugs effect 

52.3% drugs side 

SVM 

 

[28] 2020 TF-IDF ECHR 75% accuracy SVM 

[33] 2017 Manual 

based on 

metadata 

US Supreme 

Courts 

70.2% accuracy 

71.9% precision 

Random 

Forest 

 

Classification in charge prediction may speed up the decision support system [54], link similar legal cases, and prevent 

diverging judgments. Therefore, the use of classification to relate new legal cases with the previous judgments 

becomes essential for judges and other legal professionals. The practical implications of LJP include consideration of 

the potential impact of its use on legal practice and the ecosystem. For example, when courts base their decisions on 

LJP results, this can devalue legal reasoning, supporting the idea that computers are capable of legal reasoning, and 

degrade the skills of judges. The impact may be more significant when the LJP is used as a decision-making system. 

In this context, there can be serious repercussions when LJP fails to offer a legally valid response, as minor errors or 

biases have serious consequences. Based on these concerns, LJP remains an algorithmic investigation and will not be 

implemented directly in court. Rather than making final decisions without humans, the primary objective is to offer 

recommendations to courts. Human judges need to be the final option in practical applications for equality and justice.  

4.0 CONCLUSION AND FUTURE WORK 

 

In conclusion, extensive experiments were conducted on multilabel classification model to predict charges of legal 

documents utilizing label correlation and label powerset problem transformation. By evaluating two large-scale legal 

datasets, the proposed model substantially outperformed two baseline studies by attaining competitive results of 

80.32%-90.09% F1-score and 0.0119-0.0210 Hamming Loss score, respectively. The generalizability of the model 

was proven by two large-scale datasets from legal domain. The implementation of label correlation in multilabel 

classification showed the broad range of actual problem-solving applications of the model. In addition to showing the 

significance of label correlation, this study suggested that future investigations should focus on effective management 
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of multilabel in the absence of enough training data in several branches of knowledge with long texts. Our findings 

contribute to advancing the field of multilabel text classification, offering a powerful tool for various applications that 

require accurate and comprehensive text categorization. The scalability of the proposed model is limited to the legal 

domain and two different legal datasets, so for future work, it will be focused on improving the scalability of the model 

and exploring its application across different domains to realize its full potential. 
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