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Abstract: In the domain of law and legal systems, jurisprudence principles (JPs) are considered major
sources of legislative reasoning by jurisprudence scholars. Generally accepted JPs are often used to
support the reasoning for a given jurisprudence case (JC). Although eliciting the JPs associated with a
specific JC is a central task of legislative reasoning, it is complex and requires expertise, knowledge of
the domain, and significant and lengthy human exertion by jurisprudence scholars. This study aimed
to leverage advances in language modeling to support the task of JP elicitation. We investigated
neural embeddings—specifically, doc2vec architectures—as a representation model for the task of
JP elicitation using Arabic legal texts. Four experiments were conducted to evaluate three different
architectures for document embedding models for the JP elicitation task. In addition, we explored
an approach that integrates task-oriented word embeddings (ToWE) with document embeddings
(paragraph vectors). The results of the experiments showed that using neural embeddings for the JP
elicitation task is a promising approach. The paragraph vector distributed bag-of-words (PV-DBOW)
architecture produced the best results for this task. To evaluate how well the ToWE model performed
for the JP elicitation task, a graded relevance ranking measure, discounted cumulative gain (DCG),
was used. The model achieved good results with a normalized DCG of 0.9 for the majority of the
JPs. The findings of this study have significant implications for the understanding of how Arabic
legal texts can be modeled and how the semantics of jurisprudence principles can be elicited using
neural embeddings.

Keywords: neural embeddings; paragraph vector; document embedding; doc2vec; jurisprudence
principles; Arabic legal text; Arabic language; Sharia law

1. Introduction

Jurisprudence principles (JPs), or legal maxims, are considered a major source of
legislative reasoning. A JP is defined as “an all-inclusive rule based on legal evidence
written accurately in comprehensive words and applies to all of its related particulars” [1].
JPs are also defined as theoretical abstractions that are expressed as short and concise
statements that are expressive of the goals and objectives of a specific legal rule [2]. JPs are
influential in shaping legal decisions and opinions [3] and provide guidance and support
for scholars in deducing a ruling for a specific jurisprudence case (JC). Such elicitation
is not a simple task. It requires the expertise and knowledge of scholars in the domain
and significant and lengthy individual exertion. Identifying the appropriate JP for the
given JC involves manual analysis of Arabic legal texts (in the form of Sharia law texts)
and a high level of semantic reasoning. This process is lengthy and costly in terms of time
and human effort. Moreover, the semantics of the relationship between the JPs and their
corresponding JCs are not explicit and cannot be easily realized from word usage in the
JC textual description. Thus, the research question we aim to address in this study is as
follows: “Given a jurisprudence case, to what extent can neural embedding models provide
satisfactory results for the task of eliciting and identifying the most relevant jurisprudence
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principle?”. There are numerous JPs used in Arabic legal (Sharia law) texts; however, this
study will focus on the five major principles:

• JP 1: Matters are determined according to intentions;
• JP 2: Certainty is not overruled by doubt;
• JP 3: Hardship begets facility;
• JP 4: Harm must be eliminated;
• JP 5: Custom is a basis for judgment.

The remainder of the paper is structured as follows. In Section 2, we provide a brief
overview of neural embeddings and the different architectures used for natural language
processing (NLP) tasks. Section 3 presents relevant works that use neural embeddings for
Arabic NLP tasks. Section 4 describes the methodology, including the corpus development,
experiments, and evaluation method. In Section 5 we discuss the results obtained, while in
Section 6 we present our conclusions and suggestions for future work.

2. Neural Embeddings

Neural embeddings are representations that enable a wide range of applications in
NLP. An embedding uses contextual information to represent a word based on its context.
These language models are capable of representing the statistical structure of the written
text in ways that can adequately solve many NLP problems. An essential element in
the generation of neural embedding models is the vectorization process, which involves
applying tokenization and then associating a numeric vector with each token. There are
several methods for associating a token with a vector; the two popular methods are one-hot
encoding and word embeddings. One-hot encoding consists of associating an integer, index
i, with each word, which is converted to a binary vector that is the size of the vocabulary.
The vector will have a value of 0 for all elements except the element in position i, which
will have a value of 1. Word embeddings [4] are another method for associating a token
with a vector; they are learned from data and not hard-coded as in the one-hot encoding
method. Word embeddings are low-dimensional dense vectors, unlike one-hot encodings,
which are binary, sparse (mostly zeros), and very high dimensional.

There are two methods for obtaining word embeddings for a given task. The first is
acquiring the embeddings through the main task (such as classification or retrieval); here,
the embeddings are learnt starting from random vectors. The second method is to use a
word embedding model that has been previously trained for another task. In this study we
use the first approach, since there are no pre-trained word embeddings that we can utilize
for Arabic legal texts.

One of the popular methods for the computing of word embeddings from an unla-
beled corpus of text is the word2vec algorithm [5]. Word2vec is, therefore, considered an
unsupervised learning approach. Instead of providing labels to identify the meanings of
target words in the text, the algorithm learns to predict words near the target word in the
sentence; the labels, then, are the nearby words. What is important in this model is not the
predictions but rather the vector that the algorithm builds to generate those predictions.
There are two methods to train a word2vec model, skip-gram and continuous bag-of-words
(CBOW). The skip-gram approach predicts the context of the words (output words) from
the word of interest (input word), whereas the CBOW predicts the target word (output
word) from the nearby words (input words).

More interesting for our purposes are models that go beyond the word level to the
document level and provide sentences or phrase-level representations, such as document
vector models [6] that extend the word embedding model (word2vec) and sentence vector
model (Sentence2vec) [7]. These representations reflect similarities and dissimilarities
between words and documents by grouping the vectors of similar words and documents
in a low-dimensional vector space. Document embedding is an unsupervised learning
technique for representing each document as a vector. The algorithm learns fixed-length
feature representations from variable-length pieces of texts such as sentences, paragraphs,
and documents [6]. The model is trained to map every paragraph to a unique vector,
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and every word is also mapped to a unique vector. There are two architectures for this
model, the paragraph vector distributed memory model (PV-DM) and the paragraph vector
distributed memory model without word ordering (PV-DBOW).

The PV-DM considers the average of the paragraph vector with each of the word
vectors in the paragraph itself to predict the next word in a text window. Each paragraph
and word is mapped to a unique vector. The paragraph is represented by a column in
matrix D, and the word is represented by a column in matrix W. The paragraph word
vectors are averaged, or concatenated, to predict the next word within a context. The
inference stage is used to compute the paragraph vector D for a previously unseen new
paragraph.

The PV-DBOW ignores the context of the word in the input and treats each document
input as a bag-of-words. Rather than learning word vectors, the algorithm learns the
vectors of paragraphs and is trained to predict the words in the document. This model does
not have to store as much data; it only stores the softmax weight without word vectors.
To predict words, the model randomly samples from a paragraph at each iteration of the
stochastic gradient descent. Given the paragraph vector, it samples a text window and then
a random word from the text window and conducts a classification task.

An embedding model that has shown encouraging results for text classification is
the task-oriented word embedding model (ToWE) [8]. This model applies the learning
embeddings of the words based on the semantic or task-specific features of the corpus.
The study presented in [8] indicates that using the Word2Vec Genism implementation for
the word embedding would not improve the performance in the text classification task
because the words’ functional features in real tasks are ignored in the training process;
ToWE, designed for text classification, solves that problem.

3. Related Work

In this section we review studies that use neural embeddings as a language represen-
tation model for tasks in Arabic NLP. A growing number of scholars are employing word
or document embedding as a representational model for information retrieval (IR) and
NLP-related tasks. This approach has been shown to significantly improve performance
in many NLP tasks. El Mahdaouy et al. [9] introduced the semantically enhanced term
frequency (SMTF) approach, which is a modified method used to compute term frequency.
Representations of words are distributed in a vector space (word embedding) based on
semantic similarities. This approach seeks to enhance the relevance scores that enable
distinct but semantically related terms to be matched with one another. Semantically simi-
lar terms are integrated and weighted without modifying the document or query growth
functions. Document scoring was improved and mismatches caused by the bag-of-words
assumptions were decreased by enhancing the document term frequency among the target
query term and its semantically similar word. The retrieval process for documents written
in Arabic depends on the bag-of-words paradigm, which is based on semantic similarities
between word vectors. The SMTF was evaluated at the inText REtrieval Conference (TREC),
and the results demonstrated that incorporating the enhanced term frequency in standard
probabilistic IR models produced significant improvements in comparison with baseline
bag-of-word models.

Researchers expanded the scope of this initial work by comparing SMTF-based ex-
tensions with word-embedding-based IR models. For example, El Mahdaouy et al. [10]
developed an approach to deal with term mismatches in IR by incorporating words em-
bedding semantic similarities into existing IR models. They achieved this by following an
axiomatic approach to semantic term matching. Their work was an extension of existing
IR frameworks, including the BM25, as well as information-based and language models.
The effectiveness of these models depends on the integration of word similarity into the
scoring functions of previous models. As part of the same study, El Mahdaouy et al. also
conducted several experiments on the standard Arabic TREC data set, using title descrip-
tion fields on the Terrier 3.5 IR platform. They investigated three neural word embedding
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models: the CBOW, the skip-gram model (SKIP-G), and the GloVe. The SKIP-G and GloVe
produced results that were similar and significantly better than the baseline CBOW. The
models significantly outperformed both the semantic indexing approach and the three
word-embedding-based IR models (LM+WE, NTLM, and GLM).

Zahran et al. [11] investigated different vectorized space representation techniques in
Arabic. The authors used CBOW, SKIP-G, and GloVe to construct word representations
in a vector space. Each of the models was programmed to contain a wide range of Arabic
text sources. Following the normalization process, the three models were aligned to
the combined corpus. Intrinsic and extrinsic evaluations were then conducted to assess
the impacts on two NLP applications: IR and short-answer grading. The neural word
embedding models, including word2vec and GloVe, outperformed the previous query
around expansion and enhanced the retrieval process more than other semantic expansion
techniques.

Furthermore, these models, compared with previous models, have performed better
on information retrieval tasks. Ganguly et al. [12] developed a technique that used a gener-
alized language model (GLM) as part of a word-embedding-based information retrieval
language model. They used vectors to embed words and model term dependencies to
derive the transformation probabilities between words. Using the GLM, a generative
process transformed a term, t, into a term t observed in the query. This work was based on
the assumption that words in a query could be generated independently in one of three
ways: LM baseline, transformation via document sampling, or transformation via collection
sampling. The three methods were combined in the scoring function to formulate the final
GLM. Several experiments were conducted with TREC data sets, and the results generated
outperformed those produced by the baseline LM and LDA-LM IR models.

A handful of authors have examined the role of word embedding within a retrieval
model, in particular the translation language model. Zuccon et al. [13] proposed the adop-
tion of a neural translation language model (NTLM) for IR. Their research focused on neural
word embedding models, such as CBOW and SKIP-G, and their use within a translation
language model. Translation probabilities were employed to estimate the application of
word embedding. More specifically, cosine similarity was used to obtain the probability
distribution of the translation. These approaches were then evaluated against the trans-
lation language model based on mutual information (TLM-MI) and Dirichlet smoothing
baseline (Dirichlet LM). The subsequent analysis was conducted using four standard TREC
collections for informal retrieval. The results showed a marked improvement in the transla-
tion language model. Indeed, the NTLM approach achieved better performance in terms
of IR than the baseline language model and other state-of-the-art translation language
frameworks.

Various methods that use word embedding vectors have been proposed to improve
the performance of language models in IR. Vulić and Moens [14], for example, introduced
a bilingual word embedding skip-gram (BWESG). This unified technique established a
language modeling framework that could be employed in IR. MoIR was identified for use in
the analysis of monolingual data retrieval and CLIR was identified for use in cross-lingual
information retrieval. This framework relied on the estimation of bilingual embedding
vectors through the use of single-word embedding, based on word occurrences in the
target document. It was also reliant on the vocabulary size of the text as a compositional
approach. Several experiments were conducted on English and Dutch language samples,
using benchmarking CLEF 2001–2003 collections. The authors reported significant im-
provements in performing both monolingual IR and cross-lingual IR tasks by adopting a
linear combination of document embedding and a baseline language model. The proposed
models were superior to LDA-based IR models.

Recent research on word embedding models has clarified that most existing word
representation methods only consider contextual information, which is suboptimal when
they are used in special tasks because of the lack of task-specific features. Liu et al. [8]
proposed a task-oriented word embedding method that can capture both the semantic
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features and task-specific features of words, especially in text classification tasks. This
method incorporates task-specific features into the training process to reveal the words’
functional attributes in the embedding space. They released the source code for this
novel version of word2vec, and they investigated its empirical performance on five text
classification data sets. The proposed methods significantly outperformed the state-of-the-
art methods.

Numerous studies have sought to apply neural embeddings approaches and tech-
niques in machine learning applications. For example, Lee et al. [15] utilized a document
vector to generate a labelled data set by using an unsupervised learning approach on a small
portion of a labelled data set. They proposed the concatenate vector as a representation of
the document vector. The concatenate vector is a combination of the document and polarity
vectors. Every document in the training data set was tagged as positive or negative. Then,
the doc2vec algorithm was trained to have only two vectors, a positive documents vector
and a negative document vector. Inferences were drawn from the training and testing data
with this doc2vec to generate polarity. The resulting vector was used to train a support
vector machine (SVM) classifier to test the documents’ sentiments.

Agrawal et al. [16] used document embedding to learn vector representations for a
paragraph or sentence and develop a process for classifying tweets that spread misinfor-
mation. The doc2vec model was trained on a sentiment corpus that consisted of 1.5 M
tweets. The model was used to obtain vector representations for the tweets in the testing
data sets. Preliminary classification experiments showed that the doc2vec model yielded
better results than n-gram-based features.

Recently, several studies have used document or word vectors as feature extraction
systems and used the vectors to design different distance metrics for question-and-answer
data sets. Belinkov et al. [17] used doc2vec and word2voc to compute the vectors of a
question-answer data set. The vector similarity features were used as input for a multi-class
linear SVM classifier. The approach was evaluated in both English and Arabic and was
effective in both. Similarly, Tran et al. [18] used a word vector and topic model to train an
SVM classifier for answer quality prediction.

Douzi et al. [19] proposed a new spam-filter-based document embedding approach (a
paragraph vector) to capture embedded information in email messages, relevant features of
that information, and similar content and features in other emails. Two vectors were used
to represent each email: one representing the message’s contexts and other the message’s
features. The correct label of the email, together with these two vectors, was used to train a
logistic regression classifier. The experiment proved that the proposed spam filter overcame
the limitation of the bag-of-words approach because it captured the relationship that exists
between words and their context.

In comparison with other languages, we observed a lack of effort related to Arabic
NLP research in the legal domain. The complexity of the Arabic language may be a cause,
as may be the lack of supporting resources, such as adequate annotated corpora, reliable
related tools, and algorithms. Regarding Arabic legal texts, some research efforts have been
conducted for a number of NLP tasks, such as semantic annotation of legal texts, Arabic
legal ontology, and legal text classification.

For semantic annotation of legal texts, several approaches have been proposed to
automatically classify the texts in the legal domain based on the semantic annotation
process. Research has proposed a model for annotating normative provisions in Arabic
legal texts [20]; a rule-based scheme has been utilized to identify explicit linguistic markers
commonly used by legislators to identify specific provision categories in Arabic legal texts.
Another study was introduced in [21], where the authors presented an automated tool to
semantically annotate domain-specific Arabic web documents with the help of ontologies.
The objective was to incorporate semantic notions in the web searching process to enhance
the overall process and the retrieval accuracy. Another research study [22] proposed an
approach to recognize and identify the semantic structure of Arabic legal documents.
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This structural information would help with document annotation, forming a useful and
coherent infrastructure ready for IR.

In the area of Arabic legal ontologies, the development of legal ontologies has increased
significantly with the diversity of approaches and their application to Arabic text. The
formalization of law through legal ontologies has proved the increasingly prominent role of
ontologies in representing, processing, and retrieving legal information. A research study
introduced the Arabic Legal Query Expansion System (ALES) for information retrieval for
Arabic legal texts [23]. The proposed model empowered by an Arabic domain ontology
assists in extracting legal terms from related documents. Moreover, another study on legal
information retrieval proposed an approach for ontological learning using Tunisian legal
texts [24]. Their suggested search process exploits the user’s profile and uses a query
reformulation mechanism based on the learned ontology.

Other research was based on the construction of an ontology application for the legal
domain. [25]. This work was based on the semantic content of jurisprudence decisions
being deployed at several system levels to research decisions. A recent research study
proposed a middle-out approach that allows the rapid construction of a well-founded
ontology [26]. The ontology aims to support users in describing a specific legal situation
and retrieving relevant legal articles and court decisions in similar Moroccan commercial
law cases. Bottom-up construction is another ontological approach proposed for building
a legal-domain-specific ontology from Arabic texts. In their work [27], the authors used
a bottom-up approach that utilized the Arabic WordNet (AWN) project to enrich the
ontological vocabulary. Another approach is to exploit the document properties to generate
ontological relationships, such as the work presented in [28], which investigates the semi-
automatic learning of an ontology from Arabic legal documents.

Regarding legal text classification, one research study [29] examined text classification
techniques for Arabic legal texts. They proposed a system that automatically detects the
judgment class to support law professionals. The study presented four classification models
used to classify Arabic legal documents: naïve Bayes, support vector machine, decision
tree, and k-nearest neighbor. The system was designed specifically for Moroccan court
legal documents. In the area of legal argumentation, a recent study [30] focused on the field
of argumentation mining at the level of Arabic legal texts. They proposed a framework
to extract and detect the components of arguments in Arabic legal document text. A
supervised learning approach that integrates an annotated Arabic legal text corpus was
used to identify the components of arguments from legal decision texts as a final goal.

In a review of the literature, we did not find any studies that used neural embedding
language models on Arabic legal texts (Sharia law) and specifically for the elicitation of
JPs. The study presented in this article aims to fill this gap and evaluate how well neural
embeddings can elicit JPs that are relevant to a specific JC.

4. Methodology

To investigate whether neural embeddings as representations are suitable for identify-
ing and eliciting JPs from JCs, the following methodology was adopted. First, a data set was
developed to serve as the corpus for learning the embeddings. Next, several experiments
were conducted for training and tuning the model parameters to find the optimal settings
for the task. Finally, the resulting models were evaluated, using the ranking performance
of the most similar JCs as the measure. We used discounted cumulative gain (DCG) as
the ranking measure [31]; DCG is a ranking quality measure employed in evaluating the
effectiveness of web search engine algorithms and similar applications. It uses graded
relevance as a measure of usefulness (i.e., the gain from examining a document). This gain
is accumulated starting at the top of the ranking and may be reduced or discounted at
lower ranks. DCG is the total gain accumulated at a particular rank p and is defined as:

DCGp = rel1 + ∑p
i=2 2

reli
log2i

(1)
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We conducted our study using the following steps:

• Produce the ideal DCG at position p (iDCGp) to compare the performance on a list
sorted by relevance. For our task, the relevance score ranges from 0 to 3:
# Legal topic match = No, JP Match = No→ Score = 0
# Legal topic match = Yes, JP Match = No→ Score = 1
# Legal topic match = No, JP Match = Yes→ Score = 2
# Legal topic match = Yes, JP Match = Yes→ Score = 3

• Compute the normalized version of DCG, with the results between 0 and 1, using
this formula:

nDCGp =
DCGp

IDCGp
(2)

4.1. Dataset

As there is no available corpus for Arabic legal JCs based on Sharia law, we developed
our own JC corpus for the experiments. We called this corpus the JC corpus. We used a
key reference text used by legal scholars (Sharia scholars), Almugni’s Book of JCs [32], as
the source for the data. This multivolume series is one of the largest and most widely used
texts for JCs. Its subject matter is classified into 68 legal topics, each with 88 sections; it
contains 7330 individual JCs. A link to the book which shows the JCs organized into legal
topics can be found here [32].

4.2. Preprocessing

Preprocessing involved transforming the collected Arabic documents into texts suit-
able for vectorization. The preprocessing steps required for the experiments and the system
implementation included the normalization and the segmentation of the corpus. The
normalization process performed on the data included removing special characters and
diacritical marks. The PyArabic Python library was utilized to normalize the text [33].
Segmentation is the process of splitting a text document into smaller documents. This
process included separating each JC from the book into an individual text document. Since
the JCs are all in one single document, this process is necessary. This includes extracting a
single JC into an individual text file. Each text file includes a single JC with appropriate
information such as the JC title and number. This single text file is treated as a single
document for the model. The JC title and JC number are included in these individual
documents.

4.3. Experiments

The Gensim library [34] was used to conduct the experiments. It is a Python library
used for topic modeling, document indexing, and similarity retrieval with large corpora,
and is also utilized for NLP tasks. It includes implementations for the algorithms needed
in these experiments, specifically the doc2vec paragraph embeddings algorithms. The
platform that was used to conduct the experiments was Jupyter Notebook 5.3.1, which is a
Python-Integrated Development Environment (IDE).

4.3.1. Experiment 1: Using a Supplementary JP Corpus

In the first experiment, we wanted to investigate whether document embeddings are
capable of modeling the semantic similarity between a JC and its relevant JP using standard
definitions of JP found in legal texts (Sharia texts). To accomplish this, we first built a
supplementary corpus for JP definitions collected from two JP books [35,36]. We called
this corpus the JP corpus. The corpus consists of five documents, one for each of the five
principles (JP1, JP2, JP3, JP4, and JP5). Each document includes definitions, explanations,
and sample JCs. The vocabulary size of the corpus is approximately 1.8 million tokens.
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Next, the Doc2vec model was trained on the combined corpora (the JC corpus as well as
the JP corpus).

According to the literature [6], one of the best performing doc2vec algorithms is the
PV-DM. It is usually adequate for NLP tasks such as similarity and retrieval, providing
state-of-the-art performance. Therefore, this model was chosen for our first experiment. We
used settings for the values of the hyperparameters that were similar to those employed in
a study that conducted an empirical evaluation of doc2vec [37].

The algorithm iterates through each document and tokenizes the words to train the
model using the available vocabulary. Subsequently, the model generates vectors for the
words and vectors for the documents (by combining the word vectors). Then, the similarity
scores between each of the five JP vectors and the JCs vectors were computed. The results
from this experiment were evaluated to see whether the similarity scores between the JCs
and JPs resembled that of a case to its principle.

The top 20 JCs were examined for each of the five JPs. The similarity scores were non-
indicative of the relevance of a JC to a JP; moreover, a single JC was associated with more
than one JP. Interestingly, the JCs expressed in large documents (approximately 1200 words)
overpowered the JCs expressed in smaller documents. They were always considered the
most similar to each JP, even if they were not relevant to a given JP. This may have occurred
because large documents contain sentences and phrases shared with the JP corpus, such as
general words that may be contained in any Arabic legal text.

In this first experiment, using the JP definitions corpus did not yield significant results.
The JP corpus we used was not sufficient to elicit semantic similarities between a JC and a
JP. Therefore, in subsequent experiments, we excluded the JP corpus.

4.3.2. Experiment 2: Using Paragraph Vector Models

In the second experiment, we compared three different architectures for the doc2vec
model on the JC corpus only. We applied three paragraph vector models: (1) the PV-DBOW,
(2) the PV-DM (which averages the paragraph and words vectors), and (3) the PV-DM
(which concatenates the paragraph and words vectors). The hyper-parameter values were
tuned to the optimal setting for the task, as shown in Table 1.

Table 1. Hyperparameter values for the three architectures.

Values for Each Model

Hyperparameter Name and Description PV-DBOW PV-DM
Average

PV-DM
Concatenate

dm: If the value is 1 then distributed memory (PV-DM) is used; if the value
is 0 then distributed bag-of-words (PV-DBOW) is used 0 1 1

vector_size: Dimensionality of the feature vectors 100 100 100

Negative 5 5 5

min_count: Ignores all words with a total frequency < 5 2 2 2

epochs: Number of iterations (epochs) over the corpus 20 20 20

alpha: The initial learning rate - 0.05 -

window: The maximum distance between the current and predicted word
within a sentence 5 10 5

Sample 0 0 0

The three models were trained using the same corpus. To evaluate the models, a
random JC was chosen from the corpus and was used to generate the inference vector. The
inference stage was used to compute the paragraph vector for a new paragraph. Next,
the most similar JC was identified to test whether the models could identify it. The three
models were tested over several iterations with random JCs from the corpus. The results
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indicated the need for further experimentation to gain a satisfactory result by changing the
hyperparameters.

The results of this experiment indicated that the PV-DBOW was the best model for our
task. The PV-DM concatenate performed least well. The PV-DBOW was able to find the
input case and the case most similar to it. Accordingly, this model was used for subsequent
experiments.

4.3.3. Experiment 3: Using Paragraph-Vector with Negative Sampling

Based on the results of the second experiment, which were encouraging for the PV-
DBOW, we used the same model for our third experiment but with new values for the
hyperparameters. The results changed significantly when the following parameters were
changed, as shown in Table 2: window size, negative sample, dbow_words, and sample.
For our task, we needed the model to learn the word embeddings only from those context
words that could be indicative of a JP, while excluding domain-relevant words that are
common or most frequent in Sharia legal texts (so-called noise words).

Table 2. Hyperparameter Values.

Hyperparameter Name and Description Setting

dm: Distributed bag-of-words (PV-DBOW) is employed 0

vector_size: Dimensionality of the feature vectors 300

Negative: “Noise words” should be drawn 20

min_count: Ignores all words with a total frequency < 5 5

epochs: Number of iterations (epochs) over the corpus 30

dbow_words: Trains word vectors simultaneously with DBOW document
vector training 1

window: The word context 3

sample: The threshold for configuring which higher-frequency words are
randomly downsampled 0

hs: Negative sampling will be used 0

Negative sampling is a technique that allowed us to achieve this by having each
training sample modify only a small percentage of the weights rather than all of the
weights. This was accomplished by setting common or most frequent words as negative
(those for which we want the network to deliver an output of 0). We assigned the value to
20 to select the common or frequent words as negative and only update the weights for the
positive words that were relevant to the five major JPs.

The sample parameter value was also changed to represent the probability of keeping
the word in the vocabulary: smaller values for the sample mean that the most frequent
words are less likely to be retained. In our task, the most frequent words were general
words that may occur in any Arabic legal text (Sharia text). Thus, we increased this value
to ensure that only rare words indicative of the JPs remained. Finally, the PV-DBOW is not
concerned with the word ordering and ignores the context words in the input. Thus, the
word vectors were activated to be trained simultaneously with DBOW document vector.
Table 2 presents the values of the parameters used in this experiment.

To evaluate how well the model was capable of eliciting the JP associated with a
specific JC, two JCs were chosen randomly for each JP. Using the model, the inference
vector was generated for each of the two JCs and the 30 most similar JCs were analyzed
by domain experts to evaluate their relevance to the JP (Figure 1 shows a diagram for the
evaluation process).
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The results depicted in Figure 2 show that the model was able to find the JCs most
similar to the input JC regardless of the legal topic of the JC. Thus, the similarity produced
was based on the shared JP. Interestingly, the model can detect the relevance of JCs based
on words that are indicative of a JP.
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4.3.4. Experiment 4: Using Paragraph Vectors with Task-Oriented Word
Embedding (ToWE)

As the PV-DBOW architecture provided encouraging results, we further investigated
the ToWE [8] for the task of JP elicitation. Although the ToWE was originally designed for
text classification, we decided to test it for our task because our experiment was similar to
a classification task; we considered the five JPs classes, with the objective being to classify a
JC with its correct JP class.

The ToWE model is an intelligent learning embedding approach for words based on
the semantic and task-specific features of a text. The semantic or context features were
specified using the negative sampling introduced in the original word2vec [8]. The task-
specific features were dependent on capturing the functional relations between words in
the embedding space by using the salient words—those that could be used to distinguish
the document category.
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Therefore, in the learning framework, if the predicted word (e.g., doubt) is in the
salient words’ category of one JP (Certainty is not overruled by doubt), the function-aware
component will be activated to learn the embedding jointly with the context features. If the
word is not salient, then the embedding will be learnt using the original context features
only. To model the correlations of JP-salient words, the model constructs a set of word pairs
for each salient word. Each word pair contains a positive word and a negative word. The
positive words are randomly selected from the words of the target JP or words synonymous
to the JP words. The negative words are randomly sampled from the salient words of the
other four JPs. The objective function favors higher similarity values for positive word
pairs than negative word pairs. Finally, the word vectors of the corpus are generated with
awareness of the salient words for each JP and are then exploited to learn document vectors.

To evaluate the ToWE model, five target JCs (relevant to each of the five JPs) were
randomly selected. Then, using the model, the most similar JCs were retrieved for each
of the five target JCs and reviewed by domain experts to evaluate the relevance of the
retrieved JCs to the JP of the target JC (relevant/non-relevant). The results for each JP are
presented in Table 3 and depicted in Figure 3.

Table 3. Relevance of results returned for each of the five principles (bold shows best values).

Principle Percent of Relevant Results

JP1: Matters are determined according to intentions 80%
JP2: Certainty is not overruled by doubt 80%

JP3: Hardship begets facility 90%
JP4: Harm must be eliminated 60%

JP5: Custom is a basis for judgment 90%
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5. Results

We present and discuss the results we obtained from the final experiment (Experiment 4)
because they are significant. Table 4 shows the ranking performance for each of the five JPs
(the ideal DCG using the ground truth, and the DCG for the JP obtained from the model)
along with the average ranking performance (the normalized version of DCG, with values
ranging from 0 to 1).
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Table 4. Ranking performance of each JP.

Jurisprudence Principle NDCG

JP 1: Matters are determined according to intentions 11.74/12.52 = 0.9
JP 2: Certainty is not overruled by doubt 11.597/12.72 = 0.9

JP 3: Hardship begets facility 12.16/12.16 = 1.0
JP 4: Harm must be eliminated 10.86/12.07 = 0.8

JP 5: Custom is a basis for judgment 13.22/13.46 = 0.9

From the results presented in Table 4, it can be observed that the model performed
extremely well for the 50 cases it retrieved based on similarity to the input JC, giving an
average normalized DCG value of (0.9) for the majority of the JPs, which is considered a
good result [31]. The best performance was achieved with JP 3 (hardship begets facility),
with a DCG value of (1.0), and the poorest performance was exhibited by JP 4 (harm must
be eliminated), with a DCG value of (0.8).

6. Conclusions and Future Work

In this study we have presented four experiments using neural embeddings for the
task of identifying JPs relevant to JCs in the domain of Arabic legal texts (Sharia law). The
results of this study are very encouraging. They show that for a new problem, by eliciting
the JP relevant to a JC, similarity models built using ToWE with PV-DBOW architecture
tuned with the optimal hyper-parameter values can produce satisfactory results. Using
neural embeddings, it is possible to model the domain of Arabic legal texts, specifically
(Sharia texts) in a way that facilitates the elicitation of the implicit semantics of the text.
The semantics reveal the association or relevance of jurisprudence cases to a jurisprudence
principle, thereby assisting the process of arriving at a judicial opinion. However, to
develop practical solutions, more studies need to be conducted using a larger corpus.

Although the PV-DM model has been shown to be consistently better than PV-DBOW
in previous research studies, the results obtained with Arabic legal texts have shown other-
wise. The main reason for this is that for our task it is important that the model captures
the similarity between the two JCs from different legal topics based on the shared JP.

Although this study provided valuable results and insights, its results were limited
by the size of the corpus and the number of labeled JCs available for testing. Moreover,
the model presented in this study relies on the corpus of one book only. In future work,
other Arabic legal (Sharia law) texts could be included in the corpus for generating the
embeddings. In addition, the model only considers the five JPs. There are many other
principles associated with JCs; future studies could incorporate those principles as well.

From this study, we can conclude that similarity models built using neural embeddings
can produce acceptable results for the task of eliciting JPs. However, more work needs to
be done to produce usable and functional solutions.
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