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Abstract. The study conducted focuses on predicting the
different types of judicial cases presented to Moroccan
administrative courts by using court decisions in the form of
non-searchable PDF documents in the Arabic language. To
achieve this, we utilized image processing, text cleaning
techniques, and machine learning algorithms.We carried
out a comparative study using both machine learning and
deep learning techniques. The experiment was conducted
in two phases: first on 697 court decisions, and then on
14,207 decisions from the Administrative Court of Appeal in
Marrakech. Despite the challenges associated with the
Arabic language, our methods were able to efficiently
extract text, leading to accurate predictions. For the
experiment on 697 decisions, machine learning achieved
an accuracy rate of 91%, while deep learning reached
100%. For the experiment on 14,207 decisions, machine
learning obtained an accuracy of 97%, and deep learning
achieved 96%.As a result, this study contributes to the
existing literature on the digitization and processing of
unstructured documents in the Arabic language, as well as
on the prediction of judicial case types through the use of
machine learning and deep learning algorithms.

Keywords :

Machine learning - Deep learning - Judicial case prediction - Non-
searchable PDFs - Image processing - Text extraction.

l.Introduction:

The digitization of documents is a common and essential practice in
various fields of research and application, enabling the transformation of
unstructured data into manipulable structured data [1]. This
transformation greatly facilitates the access, search, and manipulation of
the information contained within these documents. However, a major
challenge arises when dealing with non-searchable PDF documents,
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particularly those generated through the digitization of paper documents
[2]. These documents often contain images embedding text, making
their processing and analysis difficult and labor-intensive. Furthermore,
the reduced quality of scanned PDF files results in additional loss of
information, which further complicates their use in research and data
analysis. Thus, the need to develop efficient methods for extracting,
processing, and analyzing the content of these documents has become a
major concern in contemporary research [3].

Additionally, the integration of Arabic-language documents adds an
extra layer of complexity due to the distinctive graphical characteristics
of the language, which makes character and word recognition more
challenging [4]. For instance, Arabic letters are often connected to form
words, and a single letter can take on different forms depending on its
position within the word, creating unique challenges for Optical
Character Recognition (OCR) and textual analysis. These linguistic
nuances require a sophisticated methodological approach in the
development of document processing tools, highlighting the need to
adopt specialized techniques to ensure precise text extraction from
Arabic-language documents.

In this context, it is also crucial to provide concrete examples of
processed PDF documents, along with clear details about the tools and
technologies used. These elements help illustrate the practical
implementation of the proposed methods and validate their applicability
in real-world contexts, thereby reinforcing the impact of this study.

In this study, we aim to predict the various types of judicial cases
presented before the administrative courts of appeal in Morocco, using
court decisions from these courts that have been digitized from Arabic-
language paper documents and treated as unstructured data [5]. To
achieve this, we utilized several specialized Python libraries to clean and
extract text from the documents, and we also compared the
effectiveness of different machine learning algorithms in our prediction
process [6].

Following this introduction, our paper will be structured into five main
sections. The first section, the state of the art, will review existing
research on document digitization and the analysis of Arabic-language
judicial documents. Next, the methodology will detail the tools and
techniques used to preprocess our dataset. The results of our study,
presented in the third section, will highlight the performance of the
document processing techniques employed. A discussion will then
analyze these results in depth, focusing on their implications and the
challenges encountered. This will be followed by a section on ethical and
confidentiality considerations, addressing data protection issues and the
responsible use of artificial intelligence models in a judicial context.
Finally, the conclusion will summarize the key findings of our research
and outline future perspectives for this field of study.
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2.State of the Art:

Over the past few decades, research on the digitization and processing
of non-searchable documents has seen remarkable progress, becoming
a crucial field in information engineering and artificial intelligence. From
the early attempts at Optical Character Recognition (OCR) in the 1950s
to today’s sophisticated image processing and text prediction
algorithms, researchers have faced a major challenge: transforming
complex visual data into usable textual information. This continuous
pursuit has led to an in-depth exploration of various innovative
approaches, all aimed at overcoming the inherent challenges of visual
documents [7].

Among these approaches, the use of Convolutional Neural Networks
(CNNs) has emerged as a particularly promising technique for
recognizing patterns in images [8]. CNNs are deep learning models
capable of automatically detecting and extracting significant visual
features from images, making them highly effective for processing
complex visual data, such as digitized documents. Unlike traditional OCR
[9], which relies on predefined rules to recognize characters, CNNs can
autonomously identify significant patterns and structures, enabling
precise recognition of text and other visual elements in documents.

Simultaneously, Natural Language Processing (NLP) techniques offer a
complementary approach for analyzing the textual content of documents
[10]. NLP methods allow for the understanding and interpretation of
human language by extracting meaningful information from raw text.
These techniques include tokenization [11], lemmatization [12], named
entity recognition [13], and syntactic analysis [14], which facilitate the
systematic and effective processing and analysis of text. By combining
the visual data-processing capabilities of CNNs with NLP techniques for
textual analysis, it is possible to gain a deeper understanding of the
content of digitized documents and transform them into actionable
information for a variety of applications [15].

In the legal domain, several studies have highlighted the use of
machine learning to analyze and classify court decisions, contributing to
the automation of tasks that were previously labor-intensive and prone
to human error [16][17]. For example, research has shown how
clustering and classification techniques can be used to group judicial
decisions based on common characteristics, thereby facilitating their
analysis and understanding [18]. Additionally, studies have examined
the effectiveness of machine learning algorithms such as Support Vector
Machines (SVM) and artificial neural networks in predicting legal
outcomes [19].

However, most of this research has been conducted on English-
language data sets, leaving a gap when it comes to other languages and
legal contexts. Future studies could, therefore, focus on adapting and
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applying these techniques to specific languages and legal systems, such
as Arabic and the Moroccan judiciary, to address this gap in the
literature [20]. Furthermore, integrating natural language analysis and
NLP techniques could further enhance the ability to understand and
interpret judicial decisions across different linguistic contexts [21].

In the area of judicial case type prediction, several studies have
explored the use of machine learning techniques to classify decisions,
whether in the Moroccan judicial system [22] or in other jurisdictions [23
- 24]. However, it is worth noting that most of this research has focused
on analyzing structured data, such as pre-organized databases of judicial
decisions.

As such, few studies have specifically addressed the use of machine
learning algorithms for prediction based on unstructured data, such as
scanned documents [25]. This gap in the literature underscores the
importance of our study, which focuses precisely on predicting the types
of judicial cases from non-searchable PDF documents in the Arabic
language, representing a significant contribution to research in this field.

3.Materials and Methods :

As part of our experiment, we utilized 14,207 Arabic-language judicial
decisions from the Administrative Court of Appeal in Marrakech, digitized
from paper documents into medium-quality PDF files. These documents,
covering 15 types of judicial cases, represent a valuable source of
information for our study. Despite the technical challenges inherent to
the non-searchable nature of these PDF files, we developed a robust
methodology, combining sophisticated data processing tools to analyze
these documents and extract relevant information for our research.

3.1.Data structuring:

We began by converting each document into a series of images, thus
initiating the processing before extracting the text. In our approach, the
choice of Python for image processing was crucial to ensure the
efficiency and accuracy of our method [26]. Python offers many
advantages in the field of artificial intelligence, including its simple
syntax, its large developer community, and its wealth of libraries
specialized in image processing. After evaluating various available
options, we selected the libraries that best met our specific needs.

For converting PDF documents into images, we considered using
libraries such as pdfplumber and PyPDF2. However, these alternatives
presented limitations in terms of compatibility with certain types of PDF
files and error handling during conversion. Instead, we opted for
pdf2image to convert each page of our PDF documents into an image
and OS to effectively manage system operations and ensure smooth file
handling. These libraries were chosen for their robustness and broad
compatibility with a variety of PDF formats.
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For image preprocessing, we also explored options such as OpenCV
and scikit-image, which offer advanced image processing features.
However, these libraries were less suited to tasks specific to handling
Arabic judicial documents, and their more complex configurations would
have increased the complexity of our processing pipeline. Therefore, we
chose to use the Python Imaging Library (PIL) [27]. PIL is known for its
versatility and ease of use, which allowed us to easily adjust
preprocessing parameters such as grayscale conversion, removal of
unreadable areas and noise, and sharpening, based on the specific
characteristics of Arabic judicial documents.

Regarding text extraction from the images, we evaluated several
alternative options such as TesseractOCR and textract. However, these
libraries generally offer lower accuracy in recognizing Arabic text
compared to pytesseract [28]. Pytesseract is specifically trained to
handle non-Latin scripts, including Arabic. Therefore, we favored it due
to its proven reputation in Optical Character Recognition (OCR) across
various languages, ensuring the accuracy of the data extracted from the
judicial decisions. Initially, we saved each extracted text in an HTML file
to preserve the source layout and accurate character encoding. Then,
we transferred this textual data to an Excel file using the Python libraries
xlwt and glob. Each row of this file corresponded to a judicial decision,
where column A contained the extracted Arabic text and column B the
corresponding case type [29].

To reinforce the applicability of our approach in real-world scenarios,
we present below a concrete example of PDF documents before and
after processing with the mentioned tools. This example illustrates the
effectiveness of artificial intelligence techniques in handling
unstructured data, providing a better understanding of the advantages
these methods offer in processing judicial documents.
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Fig. 1. Data before processing and extraction.
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Fig. 2. Data after processing and extraction.

Note: Proper names have been masked in the screenshots to ensure the
confidentiality of sensitive personal data.

This final Excel file constituted our dataset, which we used for
machine learning to predict the different types of judicial cases. This
methodology allowed us to effectively structure the extracted data for
subsequent analysis while adopting a standardized format to train our
machine learning models.
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Fig. 3. Proposed Model Schema

Our objective was clear from the start : First, to evaluate the
performance of machine learning and then explore deep learning. This
comparative approach, initially conducted on 697 decisions and later on
14207 decisions, allowed us to identify the most suitable method for our
study.

3.2.Machine Learning Phase:

In the first phase of our study, focusing on machine learning, we
implemented three classification algorithms [30] to predict the case type
for each judicial decision. Machine learning, a subset of artificial
intelligence, enables computers to learn from data and improve their
performance without being explicitly programmed. Its classification
algorithms, such as decision trees, Naive Bayes, and SVM, are used to
categorize data based on their features.

- Decision Tree : We began our analysis with the decision tree, a
widely used method in data analysis and machine learning. This
algorithm segments the data into subgroups and establishes a
series of decision rules based on the characteristics of each
group.

- Naive Bayes : We also employed the Naive Bayes model, a
statistical classification method based on probability and Bayes'
theorem, which assumes the independence of all features.

Support Vector Machine (SVM) : Finally, we utilized the SVM method,
a popular classification approach that involves finding a hyperplane to
separate the data into different classes.

3.3.Deep Learning Phase:
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The second phase of our study was dedicated to deep learning [31], a
sub-discipline of machine learning that relies on the use of artificial
neural networks to analyze and interpret complex data. In contrast to
traditional machine learning methods, deep learning can automatically
extract relevant features from raw data. This capability makes it
especially effective for tasks such as image recognition, natural
language processing, and more.

We focused on two specific algorithms :

- Multi-Layer Perceptron (MLP) : MLP is an artificial neural network
model consisting of multiple layers of nodes, including an input
layer, one or more hidden layers, and an output layer. MLP can
learn complex relationships between the data by adjusting the
weights of the connections between the layers during the training
phase.

- Probabilistic Neural Network (PNN) : Unlike MLP, which uses a
supervised learning approach, PNN is a neural network model
based on a probabilistic approach. It is mainly used for
classification and operates by estimating the posterior
probabilities of classes for each input instance based on the
provided training data.

3.4.Model Evaluation:

After applying these various algorithms to predict the type of each
judicial case, we evaluated the accuracy of our predictions using a
sophisticated method called cross-validation. This complex technique
involved several key steps : First, our data were divided into distinct
training and validation sets. Then, we trained our models on the training
set, allowing them to learn the patterns and features inherent in our
data. Finally, we tested the performance of our models on the validation
set, which provided an unbiased assessment of their accuracy. Through
this rigorous methodology, we not only estimated the reliability of our
predictions but also identified the best-performing classification
algorithm for our specific dataset.

4.Results and Discussion :

To evaluate the text extraction method, a sample of 10 judicial decisions
was manually reviewed to verify that the extracted words were correct
and without omissions. The words were then compared to an online
Arabic dictionary (arabdict.com) to ensure their validity. The correct
extraction rate was calculated and revealed an average accuracy of
95%, with errors mainly related to segmentation issues, such as words
being stuck together or missing spaces. This result confirms the
effectiveness of the extraction method applied to digitized judicial
documents.
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With the successful text extraction process established, we proceeded
to apply machine learning and deep learning techniques to predict the
types of judicial cases based on the extracted data.

4.1.Using machine Learning :

The evaluation of the system's ability to identify the types of legal cases
from the decisions using machine learning revealed a significant
variation in accuracy across different classification algorithms.

In the experiment on 697 decisions, SVM stood out with the best
performance, achieving an accuracy rate of 91%, followed by the
decision tree at 81%, while Naive Bayes recorded a much lower score of
only 30%. In the experiment on 14207 decisions, SVM again produced
the best results with an accuracy of 97%, followed by the decision tree
at 92%, while Naive Bayes, though improved, still showed inferior
performance with a rate of 88%. This performance disparity highlights
the distinct characteristics of each algorithm and their ability to handle
the data.

Naive Bayes, despite its assumption of conditional independence
between features, can be effective in certain situations. Its decision
function can be formulated as follows:

fxp(z) = argmax, P(Y =) [[\, P(X; = ;Y =) (1)

Here, P(Y = y) represents the prior probability of class Y, while P(Xi =
Xxi | Y = y) is the conditional probability of observing feature Xi given
classy.

Although this method relies on a conditional independence
assumption, which may seem unrealistic in real-world contexts where
features can be interdependent, Naive Bayes has the advantage of being
fast to train and can deliver satisfactory results when this assumption is
reasonably met.

However, our experiment showed that Naive Bayes achieved an
accuracy of 30% when analyzing 697 decisions, but reached 88% with
the analysis of 14207 decisions. This performance difference can be
explained by the fact that with a larger number of decisions, the model
benefits from a greater volume of data, which can improve the accuracy
of conditional probability estimates and mitigate the impact of the
conditional independence assumption. In other words, Naive Bayes can
offset its simplifying assumptions when the dataset is sufficiently large
to capture a wider range of variations and dependencies between
features.
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Fig. 4. Graph of Predictions Using the "Naive Bayes" Algorithm

Conversely, the decision tree, although relatively simple to interpret,
can be prone to overfitting, limiting its ability to generalize to new data.
Despite this, its approach of dividing the feature space into segments
defined by simple rules makes it suitable when model transparency is
crucial and facilitates the identification of decisions made by the
algorithm.

The functioning of a decision tree can be formulated as a series of
decision rules based on the characteristics of each group.
Mathematically, this can be represented as follows :

for(z) = {; ifgCOHditiou
else 2)

Where x represents the features of the instance to be classified, and
the conditions are defined by the divisions of the tree.

In the experiment with 697 decisions, the decision tree achieved an
accuracy rate of 81%. However, in the analysis of 14207 decisions, its
accuracy increased to 92%. This improvement can be explained by the
fact that a larger volume of data allows the decision tree to better learn
and adjust its segmentation rules, thereby reducing overfitting and
improving generalization to new data. With a larger dataset, the decision
tree can capture more variations and refine its classification criteria,
leading to enhanced performance.

10
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Fig. 5. Graph of Predictions Using the "Decision Tree" Algorithm

The SVM, on the other hand, stands out for its ability to better
generalize on nonlinear data thanks to the use of appropriate kernels. It
is also robust against overfitting. However, its computational complexity
can be a drawback, especially for large datasets where the computation
time can be significant.

In the case of SVM, the decision function can be represented as follows :

Fsvar(z) = Sil_{ll(Z;Llﬂl-iyiK(ife-lf) +b) 3)
Here, ai are the Lagrange coefficients, yi are the class labels, K(xi,x)
is the kernel that measures the similarity between the support vectors xi
and the input vector x, and b is the bias. This equation shows that the
classification decision depends on the weighted sum of the dot products

between the support vectors xi and the input vector x, plus a bias term
b.

In the analysis of 697 decisions, the SVM achieved an accuracy rate of
91%. However, in the analysis of 14207 decisions, its accuracy increased
to 97%. This improvement can be attributed to the fact that a larger
volume of data allows the SVM to better capture the nuances and
complexities of the data, enabling a more precise separation of the
classes. With a larger dataset, the SVM can better adjust its parameters
and refine the decision boundaries, significantly enhancing its
performance.

11
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Fig. 6. Graph of Predictions Using the "SVM" Algorithm

4.2.Using deep Learning :

In the second phase of our study, we evaluated two deep learning
algorithms: the Multi-Layer Perceptron (MLP) and the Probabilistic Neural
Network (PNN) on our dataset of judicial decisions. The results were
impressive, with a prediction accuracy of 100% for both algorithms in
the experiment on 697 decisions, but an accuracy of 96% in the
experiment on 14207 decisions. This variation in performance can be
attributed to the specifics of each algorithm.

The MLP, with its hidden layers allowing it to learn hierarchical
representations of the data, is capable of capturing complex
relationships between the features of judicial decisions. Its decision
function can be mathematically represented as follows :

N

4 M
MrLpl®) = argmaxo w® .o w . g s @
8 ! iy i i
y ~ ()

i=1

Where x represents the features of the instance to be classified,
Wij(1) and Wi(2) are the weights of the connections between the hidden
layers and the output layer, b(1) and b(2) are the biases, and o is the
activation function.

In the experiment with 697 decisions, the MLP achieved a prediction
accuracy of 100%. However, in the analysis of 14207 decisions, its
accuracy slightly decreased to 96%. This drop in performance may be
due to the increased complexity of the data in the larger dataset, which
can make the model more susceptible to overfitting or require finer
optimization of parameters. With a larger dataset, the MLP has to handle
greater variability and complexity, which can affect its ability to
generalize as well as with a smaller dataset.

12
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Fig. 7. Graph of Predictions Using the "MLP" Algorithm

The PNN, on the other hand, is based on computing the conditional
probabilities of the classes for each input instance. This approach allows
it to estimate the posterior probabilities of the classes, which is
particularly useful in contexts where a probabilistic assessment is
crucial.

Its decision function can be formulated as follows :
fP"\;_\.‘(.’I:) = arg max, P(Y = y) Hzil P(X; E :z!;|Y = y) (5)

Where P(Y=y) represents the prior probability of class y, and P(Xi=xi
[Y=y) is the conditional probability of observing the feature xi given
classy.

During the analysis of 697 decisions, the PNN achieved a prediction
accuracy of 100%. However, in the analysis of 14207 decisions, its
accuracy decreased to 96%. This decline can be attributed to the
increased complexity of the larger dataset, which may make the model
more sensitive to variations and noise in the data. With a larger volume
of data, the PNN may struggle more to accurately estimate the
conditional probabilities due to the increased diversity of instances,
which can reduce its overall performance.

13
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Fig. 8. Graph of Predictions Using the "PNN" Algorithm

The generalization capability and accuracy of these algorithms are
supported by their respective abilities to learn complex patterns from
training data. The MLP can learn hierarchical representations, while the
PNN uses a probabilistic approach to estimate the posterior probabilities
of classes for each input instance.

4.3. Summary of key findings and comparative analysis :

The results revealed notable differences between machine learning and
deep learning algorithms, both for the analysis of 697 decisions and for
the analysis of 14207 decisions.

For machine learning algorithms :

Machine learning
97%

o 91% 858% 92%
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Dataset containing 697 decisions Dataset containing 14207 decisions

® Native Bayes ™ Decision tree B SVM

Fig. 9. Graph comparing different machine learning algorithms used in our
predictions

14
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For deep learning algorithms :

Deep learning

100% 100%

Dataset containing 697 decisions Dataset containing 14207 decisions

EMLP mPNN

Fig. 10. Graph comparing different machine learning algorithms used in our
predictions

The results indicate that machine learning algorithms, such as SVM,
Decision Tree, and Naive Bayes, improved their accuracy with a larger
dataset. This improvement is due to the enhanced ability of these
algorithms to detect more complex patterns and reduce errors when
provided with a greater volume of data. In particular, SVM demonstrated
a remarkable accuracy of 97% with the larger dataset, while Decision
Tree and Naive Bayes also showed significant improvements compared
to their performance with the smaller dataset. These results highlight
the importance of having a sufficient amount of data to optimize the
accuracy of machine learning models.

Deep learning algorithms, notably MLP and PNN, maintained high
performance across both datasets. Their ability to achieve perfect
accuracy of 100% on 697 decisions, as well as 96% accuracy on 14,207
decisions, suggests they are particularly effective at capturing the
nuances and complex structures in the data. However, the perfect
accuracy of MLP and PNN on the smaller dataset may indicate a
potential risk of overfitting, although their performance remains strong
with the larger dataset.

This risk of overfitting occurs when the model memorizes the training
data instead of learning underlying patterns, which compromises its
ability to generalize to new data. This is particularly concerning with a
small dataset of 697 decisions, as the model might have learned specific
details unique to these data, limiting its ability to predict accurately on
larger or new datasets.

To mitigate this risk, several measures were implemented:

15
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- Cross-validation: This method ensures that the model generalizes
well across different subsets of the data.

- Regularization: Techniques such as dropout were used to prevent
the model from becoming too specialized to the training set.

- Data augmentation: Where possible, variations were introduced
in the documents to diversify the training set and improve
generalization.

- Evaluation on unseen data: Model performance was measured on
a separate test set to ensure that the model was not overfitting.

Despite these precautions, a perfect accuracy of 100% on a small
dataset should be interpreted with caution. This is why additional tests
on larger datasets were necessary to confirm the robustness of the
models.

This experience shows that both machine learning and deep learning
algorithms can produce excellent results when used with sufficiently
large datasets. Deep learning algorithms, in particular, are highly
effective at understanding complex relationships in the data, especially
with larger datasets. However, attention must be paid to the risk of
overfitting, especially with smaller datasets. These findings emphasize
the importance of selecting the right algorithms based on the
characteristics of the data to achieve accurate and reliable predictions.

4.4.Impact of the experiment on a real case (The Administrative
Court of Appeal in Marrakech) :

The experiment conducted on 14,207 decisions from the Administrative
Court of Appeal in Marrakech, classified into 15 distinct types, had a
direct and measurable impact on the court's operations, proving its
effectiveness in practice. The experience modernized and optimized
several aspects of judicial management, notably by speeding up case
processing and facilitating access to similar decisions, thereby
enhancing the efficiency and consistency of the court.

Among these improvements, the following aspects stand out:

- Digitization of Decisions and Access to a Searchable Database :
The digitization of decisions transformed how judges and clerks
access information. Previously, decisions were stored in paper
format or non-searchable digital files, making the search for
specific decisions time-consuming and imprecise. Thanks to this
digitization, a searchable database was created, allowing
magistrates to quickly retrieve decisions based on specific
criteria, such as keywords or case types. This greatly facilitates
their work, enabling them to save time in analysis and make
more informed decisions.

- Quick Identification of Similar Cases: Access to this database
allows judges to rapidly identify similar decisions, which is crucial
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in legal systems based on jurisprudence. For instance, when a
judge is handling a case, they can quickly search for previous
decisions with similarities to guide their own ruling. This
alignment with established precedents fosters greater
consistency and fairness in the verdicts delivered.

- Anonymization of Decisions for Public Sharing: A key benefit of
this digitization is the ability to easily anonymize decisions before
sharing them with the public. Anonymization involves removing
or masking personal information (names, addresses, etc.) to
protect the privacy of the individuals involved, in accordance with
data protection regulations. This allows certain decisions to be
made accessible to the public or researchers without
compromising the confidentiality of the parties involved, thus
enhancing the transparency of the judicial system by enabling
controlled access to decisions.

- Classification of Older Decisions : Digitization is not limited to new
decisions; it has also enabled the classification of older decisions
that were not clearly identified or categorized. For example,
decisions made in the past without precise classification were
organized based on their type or subject. This makes the
management of judicial archives more efficient and allows judges
to easily consult older decisions that were previously difficult to
access or unclassified.

Efficiency, Speed, and Reduction of Human Errors : The digitization of
decisions has significantly accelerated and optimized the entire process.
Whereas judges and clerks previously had to manually search through
documents or files, automated searches in the database now allow for
access to relevant information in a matter of seconds. By eliminating
manual handling of documents, this greatly reduces the risk of human
errors, whether in data entry, omissions, or classification mistakes.

In summary, this initiative has brought considerable advantages in
terms of time savings, accuracy, and security, while contributing to the
consistency of judicial decisions and the overall improvement of case
management.

5. Ethical considerations and confidentiality :

In the context of this study conducted at the Administrative Court of
Appeal in Marrakech, the judicial documents used were not anonymized.
This is due to the fact that the personal information contained within
them is essential for internal research carried out by judges and court
personnel. To ensure the effectiveness of these searches, judicial
decisions must remain accessible to authorized individuals, particularly
for queries based on criteria such as name, date, or other pertinent
information.
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To guarantee the confidentiality and security of the data, access to
the digitized documents is strictly limited to court personnel. No
personal data or sensitive information leaves the premises of the Court
of Appeal, and these files are not accessible to the public. All necessary
precautions have been taken to ensure that this information remains
protected from unauthorized disclosure.

For decisions intended for future public use, particularly for
researchers and law students, a process of anonymizing the digitized
decisions has been implemented. This process involves removing or
masking all personal information, such as names, addresses, and other
identifying data, to protect the privacy of the individuals involved. The
goal is to make these decisions accessible to a broader audience while
strictly adhering to data protection regulations. Once anonymized, these
decisions can be shared safely, ensuring both transparency and
confidentiality.

While artificial intelligence is used in this context to facilitate internal
research and analysis, we have adhered to the data protection
regulations applicable within the court. This approach aims to enhance
the efficiency of judicial processes without compromising the
confidentiality of sensitive information.

6.Conclusion:

In conclusion, this doctoral research explored the application of machine
learning to the analysis of Arabic-language judicial decisions from non-
searchable PDF documents. One of the main challenges addressed in
this study was the extraction of Arabic text, an essential step that was
successfully completed, enabling the models to be trained effectively.

The results showed a significant difference in the performance of
machine learning and deep learning algorithms depending on the
datasets used. For the first set of 697 decisions, SVM achieved an
accuracy of 91%, while MLP and PNN reached a perfect accuracy of
100%. However, this perfect accuracy may indicate a risk of overfitting,
where the models memorize the data rather than generalize effectively.
This risk was less pronounced for the larger set of 14,207 decisions,
where SVM achieved 97% accuracy, and deep learning algorithms
reached 96%, reflecting better generalization.

This research represents a major breakthrough in processing non-
searchable Arabic documents, demonstrating the effectiveness of
machine learning for analyzing judicial decisions. It also opens up new
perspectives, particularly through the integration of online learning
techniques that could continuously update models to keep up with the
evolving legal language and judicial practices, ensuring consistently
accurate and up-to-date analyses. The developed models can be easily
transferred to other administrative courts or jurisdictions, whether in
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Morocco or internationally, simplifying the automation of processing and
classification of decisions.

Finally, integrating these algorithms into judicial systems could create
predictive analysis tools capable of identifying trends in similar cases,
thus providing valuable support to judges in decision-making.
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