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Abstract 

In recent years, guidance systems in Morocco are being developed very rapidly; 

ambitious reforms have been put in place, especially in the strategic vision 2015-

2030. With this in mind, those in charge of the field have set up initiatives aimed 

at personalizing educational pathways and enhancing technical and vocational 

training using innovative platforms such as Massar and Taalim. Despite the po-

tential of these platforms, academic guidance, especially in post-baccalaureate, 

learners often find themselves overwhelmed by choices with lasting conse-

quences. 

For this, the creation of a reliable recommendation system is a great challenge 

for researchers, and for learners a very important helping hand in a period that 

can upset a long life. 

The objective of this research is to cite and analyze the different works on auto-

matic recommendation systems carried out in the field of educational guidance, 

making a comparison on the different learning methods used and on the types of 

datasets applied, to have a solid basis on the ideal combination of Algorithms/Da-

tasets used to create an effective recommendation system,  This type of system 

combines human experiences and artificial intelligence to guide the learner to 

make the right decision. 

Keywords: Academic Guidance, Adaptive Education, Personalized Learning, 

Machine Learning, Pedagogical Recommendation Systems. 

1 Theoretical Framework 

In this section, we begin by exploring the concept of educational guidance in Morocco. 

We will first present the different types of guidance, followed by the key stakeholders 

who influence learners' choices. Finally, we will highlight the main issues and chal-

lenges facing the guidance system in Morocco. 
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1.1 Define the theoretical framework and key concepts 

Personalized learning: A method that adapts content and teaching methods to individ-

ual needs, i.e. a pedagogical approach that focuses on the needs, interests, objectives 

and abilities of each learner. 

This approach is based on 4 pillars: 

─ Content: Learners can have content according to their level.  

─ Process: Learners can work either individually, in pairs or in groups.  

─ Product: Learners have the choice to choose the type of product they will work 

on (text, audio, video, etc.) 

 

─ Environment: To provide a flexible and satisfying environment to achieve better 

results. 

 

Academic guidance: A support process to help students choose pathways that are 

aligned with their abilities and aspirations. 

Guidance is declared an integral part of the education and training process. It will ac-

company and facilitate the vocational maturation, the educational and professional 

choices of learners, as well as their reorientation, whenever necessary, from the second 

year of college and up to higher education. 1 

The relationship between personalized learning and academic guidance: The rela-

tionship between learning and educational guidance is a fundamental one—they are 

intrinsically linked and cannot be considered separately. However, several questions 

arise concerning this relationship: which one exerts the greatest influence over the 

other? Which comes first? Does the learning process compel the learner to choose a 

particular field, or is it the learner’s desired profession that determines what should be 

learned? 

1.2 Educational guidance in Morocco 

This section presents an overview of the educational guidance system in Morocco. 

Three stages of orientation:  

• College Orientation (College High Education).  

○ Objectif: Prepare learners to choose between 3 types of courses; General, tech-

nical or vocational high school. 

 

o Mechanism: The choice of course granted to a learner based on 3 factors; the 

student's overall average, the class council and the student's choice on the Mas-

sar2 platform. 

1  https://www.men.gov.ma/Fr/Pages/CNEF_espace2L3.aspx 
2  https://massarservice.men.gov.ma/ 



 

 

 

 

          

• Orientation in High School (Qualifying Secondary Education). 

o Sectors: 

 

▪ General Baccalaureate: Math Sciences, SVT, PC, Letters....  
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▪ Technological baccalaureate: Industrial, Agricultural... 

▪ Technical baccalaureate: Tourism, Crafts...  

o Mechanism: 

The learner has the choice to reorient if he or she needs to. 

• Post-Baccalaureate orientation (University and Grandes Écoles)  

The key players in guidance. 

• Guidance counsellors: Guidance counsellors visit students once or twice to su-

pervise them and inform them about the different disciplines and choices they can 

make. 

• Class council: At the end of each year, the class council meets to study and vali-

date the students' choice. This advice has a slight impact on the final decision and 

does not force the student to change their choice. 

• Family: The family has a lot of influence on the choice of student, especially in 

our society, where parents consider their child as an investment and most of the time 

make the choice for him, regardless of the child's what he wants or his skills. 

•

s

Companies: They organize forums either by organizing integration days or to pre-

ent concrete opportunities. 

 

• Platforms: Massar is a platform that makes it easy for students to make the right 

choice in a few steps. 

Issues and Challenges of the Guidance System in Morocco 

•

c

a

a

Lack of support: Throughout their school career, the learner can see the guidance 

ounsellor once or twice maximum. He must therefore make his choices on his own 

mong dozens of options without having the information, help or support that will 

low him to make the best choice. 

 

l

• Mismatch between training and the labor market: Most of the training courses 

and diplomas offered do not correspond to the real needs of the market, which com-

plicates the professional integration of graduates. 
• Insufficient resources and staff in guidance: the number of guidance counsellors 

is much lower than the needs; A single counsellor can be assigned to supervise sev-

eral schools, which considerably reduces the supervision of pupils. 

School guidance in Morocco is being modernized. There are, however, some chal-

lenges that need to be overcome. In recent years, reforms have been implemented: Vi-

sion 2015-2030, Specialized Baccalaureate, Massar and Taalim. These new reforms 

allow for better personalization of courses as well as create interest in technical and 

professional careers. 
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2 MAIN RESULTS AND DISCUSSION 

2.1 Background and scientific objectives 

After the pandemic, Morocco has stepped up its efforts to integrate AI-based recom-

mendation systems into education. These tools make it possible to personalize learning 

paths, assess students' skills and offer courses adapted to their profiles. For example, 

the National Agency for Evaluation and Guidance, established under Framework Law 

51-17, uses standardized databases and tests to improve student support 3. AI techniques 

also help correct the exercise, detect flaws, or suggest areas for improvement, freeing 

up teachers to perform more creative tasks. 

Choosing a university course is really a great challenge for most learners (high 

school students or students), especially with a large number of training courses availa-

ble, either fundamental or professional. The classic recommendation systems (SR) used 

on websites are really effective in many areas of recommendation such as movies, 

books, etc., and the consequences of error do not have an effect or impact on the user, 

on the other hand in the educational field the error directly affects the professional fu-

ture of the learners. 

The objective of this work is to study the impact of personalized learning on the 

learner's choice of orientation. And make a comparison between the different methods 

of SR applied in the field of education in order to try to achieve an effective SR that 

can help the learner to make a suitable choice according to his interest and his level of 

study at the same time. 

2.2 Data collection 

Choosing the database. 

The choice of the database is a crucial and delicate step, especially in fields that 

require a long period of study and do not have a pre-existing database that respects all 

the constraints. Among the available sources of data are the Massar platform [1] [5], 

which provides for example student grades and absences, or turning to university data-

bases [4] [12] [13] relating to students, to customize the data to specific needs, it is 

often necessary to use the forms [2] [3] [6] in order to generate questions to fill in the 

gaps of the students, or to exploit chatbots [7] [10] [11] that have preconfigured ques-

tions. 

Several types of databases are used in the studies (see Fig 1), varying according to 

the context and the intended audience, they can be classified as follows: 

3 https://www.men.gov.ma/Fr/Pages/CNEF_espace2L3.aspx 
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Fig. 1. Types of databases used 

• Academic database (38%):  

o MASSAR system: Used for the management of student grades and absences. 

o University exam results: Employed to anticipate academic success. 
o Results of preparatory classes (CPGE): Incorporating data related to the scores 

and selection ranking. 

• Institutional database and surveys (31%):  

o Google Forms and Surveys: Collect student preferences and motivations. 

o Academic institutions and various information systems: Contain socio-eco-

nomic and academic data. 

• Specific database for decision-making (31%):  

o Multiple sources (labor market, social networks, institutional bases): Em-

ployed for more comprehensive advice in terms of educational and career guid-

ance. 

The choice of the database type has a great influence on the final results of the re-

search, for example academic databases (MASSAR, universities, CPGE) provide a very 

detailed reading of academic results, on the other hand enriched databases (question-

naires, surveys) give much better contextual information but can be biased according 

to the answers to the participants' questions,  and for the extrapolation of the data (e.g., 

from 350 real observations, we end up with 50000 for the purposes of the interview) 

can introduce an error if it is not well controlled. 

Target audience: 

University orientation is a key choice especially in Morocco where you have only 

one opportunity to change your mind, which is why it is important to focus on this 

category to create a recommendation system that helps future students to make the right 

choice without regrets, and this is what we see, 50% of searches focus on students (see 

Fig 2),  and it comes down to the multitude of choices that can be found at the univer-

sity. 
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Fig. 2. Target audience 

After analyzing the percentage of database usage, two main observations emerge. 

First, university databases are the most utilized, as they are well-structured, readily ac-

cessible, easy to process, and yield reliable results. Second, there is a noticeable lack of 

diversity and integration of different types of data across the set of studied articles. 

2.3 Machine learning methods 

Choice of methods 

The articles reviewed use a variety of methods, ranging from machine learning 

models to decision-making approaches. The choice of method depends on the database 

used, we can see that if researchers have a university database always use automatic 

methods, on the other hand those who have datasets collected from chatbots or forms 

use decision-making methods. 

The methods used include: 

• Supervised learning methods:  

o The most widely used models are SVM (Support Vector Machine) [1] [2] [3] 

[5] [11], Random Forest [2] [5] [9], Neural Network [1] [5] [12], and Decision 

Tree [2] [3] [9] [12] [13]. 

o SVM is often preferred for classification, while Random Forest and Neural 

Network are used for more complex predictions. 

• Decision-making methods:  

o TOPSIS and AHP [4] are two decision-making methods used to solve multi-

criteria problems, especially in the selection of specializations. 

• Hybrid and advanced approaches:  

o Some studies combine several models to improve performance. For example, 

the hybrid Neural Network + SVM approach achieves 99.17% accuracy. [1] 

• Use of chatbots and expert systems:  

o Chatbots based on Dialogflow and natural language processing (NLP) [7] [10] 

methods are used to automate academic and career guidance. 
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Fig. 2. Machine learning methods 

Comparison between the results 

As shown in tables below, we are presenting an overall summary of all the methods 

applied, the databases used and the results obtained in each article. As you can see, 

model performance varies depending on the methods and databases used: 

Method Accuracy (%) Context 

Neural Network + SVM 99.17 
Analysis of grades and ab-

sences (MASSAR) 

Huber Regressor Best model 
Academic Prediction on Google

Forms 

TOPSIS vs. AHP 
TOPSIS more pre-

cise 
Specialty Prediction 

Naïve Bayes 92.10 Academic orientation 

SVM (different contexts) 68 – 99 Classification and orientation 

Random Forest 86 – 99 Performance prediction 

Chatbot NLP (Dialogflow) Promising  
Orientation via artificial intelli-

gence 

Table 1. Best results of algorithms 

Methods Article Results Data Target 

Hybrid
• 

• 

Neural Network 
SVM 

: [1] Accuracy (%): 

99.17 

 

MASSAR 

system 

• Notes 

• Absence 

• Activity 

notes 

High school



4 Models: [3] Accuracy (%):  The dataset Students 
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13 Models: 
• Decision Tree 

• Linear Regression 

• Random Forest 

• K-Neighbours 

• SVM 

• AdaBoost Regres-

sor 

• Gradient Boosting 

Regressor 

• XGBoost 

• CatBoost 

• Lasso 

• Ridge 

• Bayesian Ridge 

• Elastic Net 

• Huber Regressor 

[2] The best performing 

model is the Huber 

Regressor 

Google 

Forms 

• Academic 

interests 

• Final 

exam re-

sults 

• University 

where they 

were ac-

cepted 
•  Eligibility 

criteria 

and re-

quirements 

from 31 

Moroccan 

institutions 

Students 

• Decision tree 

• Logistic regres-

sion 

• KNN 
• SVM 

• DT: 77~87 

• LR: 66~78 

• KNN: 61~75 
• SVM: 68 ~ 82 

size has in-

creased to 

50000 obser-

vations, with 

only 350 ac-

tual observa-

tions taken in 

the field 

2 Methods: 
• TOPSIS 
• AHP  

[4] TOPSIS is more ac-

curate than the 

AHP-based model 

for the prediction of 

specialties, mathe-

matics, physics, 

economics, and bi-

ology, while the 

AHP-based model 

is more accurate for 

technical specialty 

prediction. 

University 

data: which 

contains data 

on 32594 stu-

dents 

High school 

Students 

4 Models: 
• Naïve Bayes 

• SVM 

• Random forest 

tree 
• Neural network 

[5] Accuracy (%):  

• NB: 92.10 

• SVM: 88.13 

• RF: 86.22 

• NN: 90.37 

• Student 

notes 

• Number of 

absences 

 

Students 

Internet of Things (IoT). 

6 Personalities 
• Realistic 

• Investigative 

• Artistic 

[6] • The first step is 

to collect "yes" 

votes on the 

questions by 

area. 

1er Form is 

formed from 

(Yes/No) 

contains 

questions 

High school 

 



the Random Forest 

algorithm is the 

most accurate at 

predicting student 

performance and 

recommending the 

best orientation. 
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• Social 

• Enterprising 

• Conventional 

• The second step 

focuses on the 

personality se-

lected in the 

questionnaire 

and sends out an-

other question-

naire to get more 

choices and in-

formation about 

that personality 

and their profes-

sional career. 

about all pro-

fessional 

fields. 

 

2ème Form is 

an in-depth 

questionnaire 

to build and 

choose the 

corresponding 

profile. 

Chatbot based on Dialog-

flow. 
[7] Depending on the 

user's answers, the 

app can determine 

the dominant type 

of their personality 

in order to offer 

them a good job ac-

cording to the Hol-

land model. 

Questions 

proposed by 

Chatbot 

All 

The technical architec-

ture is based on several 

tools 
• JADE 

• JESS 

• Protege 

• JENA 

• SPARQL  

 

Big Data  
• Hadoop 

•  HBase 

• Flume 

• Pig  

[8] Those who already 

have an orientation 

project: It assesses 

the correspondence 

between their 

choices and their 

skills, then proposes 

adjustments if nec-

essary. 

 

Those without a de-

fined project: It 

guides them in four 

steps: choice of sec-

tor, profession, 

training and learn-

ing path. 

Data from 

various 

sources (labor 

market, social 

networks, in-

stitutional da-

tabases) 

Students 

3 Models: 
• Linear regression 

• Decision tree 

• Random Forest 

[9] The data are 

taken from 

the examina-

tion center lo-

cated at the 

Regional 

Academy of 

Education 

and Training 

of the 

Guelmimoued 

Noun region. 

High school 

 



 
A framework for smart 

academic guidance usin

educational data mining
• Decision trees 

• Naive Bayes 

• Neural networks

330 Students 

(2012–2015). 

• Motiva-

tion, par-

ents' level 

of educa-

tion, selec-

tion rank. 

• Grades in 

mathemat-

ics, phys-

ics, com-

puter sci-

ence, etc. 

282             Y. Bouazza et al.

3 Methods: 
• Using NLP 

• User classifica-

tion: Based on t

RIASEC model

• Chatbot develop

ment with Dialo

flow 

[10] 

he 

 

-

g-

The chatbot has 

shown promising 

results in facilitating 

students' academic 

and career guid-

ance. 

Chatbots with 

301 questions 
Students 

4 Models: 
• Multiclass neura

network based o

John Holland's 

RIASEC theory

• SVM 

• KNN 

• Naïve Bayes

[11] 

l 

n 

 

The multi-class neu-

ral network offered 

the best results in 

terms of accuracy. 

Extraction of 

a dataset 

based on the 

RIASEC test. 

Students 

g 

 

 

[12] • Decision Trees 

(C4.5): To gen-

erate interpreta-

ble rules. 

• Naive Bayes: 

Better accuracy 

(58.69%). 

• Neural networks: 

Intermediate per-

formance 

(56.10%). 

 Preparatory 

classes 

3 Models: 
• CART (Classifi-

cation and Re-

gression Tree)  

• Decision trees 

C4.5  

  

[13] • CART (Classifi-

cation and Re-

gression Tree): 

Best perfor-

mance with an 

error rate of 

18.08% learning 

and 19% test. 

• C4.5: Higher er-

ror rate (19.82% 

in apprentice-

ship, 33.94% in 

test). 

• SMBAU's 

APOGEE 

infor-

mation 

system. 

• 1,200 first-

year stu-

dents 

(2012-

2013) 

Students  

Table 2. summary of algorithms used 

The analysis shows that the choice of method used depends on the nature of the data 

and the audience concerned. Machine learning models are good at predicting perfor-

mance, but business intelligence methods and chatbots serve a more interactive process 

for academic and career guidance. 
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3 CONCLUSION 

Previous studies on the topic demonstrate impressive results, with an accuracy rate fre-

quently over 75%. Their primary differences, nevertheless, are found in the data sources 

they employ. We think that cross-referencing different data such as data from Massar, 

online forms, university databases, or even interactions with educational chatbots is 

essential to making these research more general and context-adaptable. By combining 

this data, we might get around the drawbacks of using separate strategies and get a more 

comprehensive view of students' needs. We are working toward on this goal: creating 

an inclusive system that is nourished by the diversity of sources and provides recom-

mendations that are accurate and reflective of Moroccan reality. 
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