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 In Morocco, the escalating challenges in the education sector underscore the 

necessity for precise predictions and informed decision-making. Effective 

management of the education system depends on robust statistical data, 
which is crucial for guiding decisions, refining policies, and improving both 

the quality and accessibility of education. Reliable indicators are vital for 

ensuring efficiency, equity, and accuracy in educational planning and 

decision- making. Without dependable data, implementing effective policies, 
addressing the needs appropriately, and achieving positive outcomes 

becomes difficult. This paper aims to identify the optimal machine learning 

model for analyzing educational indicators by comparing a range of 

advanced models across a comprehensive set of metrics. The objective is to 
determine the most effective model for profiling relevant information and 

addressing predictive challenges with high accuracy. 
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1. INTRODUCTION 

In Morocco, the education sector faces numerous challenges that require precise, data-driven 

intervention [1]. The rapid rise of issues such as educational access, quality disparities, and resource 

allocation has heightened the need for accurate forecasting and predictive analysis to inform policy decisions 

[2]. Effective management of education systems hinges on the availability of reliable statistical data [3], 

which not only informs policymakers but also plays a pivotal role in crafting strategies to enhance the overall 

quality and equity of education [4]. However, achieving these goals depends on the robustness and reliability 

of educational indicators [5]. 

Educational indicators, such as academic support [6], dropout [7], enrollment rates [8], literacy 

levels [9], government expenditure [10], and student performance metrics [11], are fundamental in assessing 

the efficiency and equity of educational systems [12]. The absence of dependable data can severely hinder 

the ability to implement effective policies and make informed decisions [13], leading to suboptimal outcomes 

and missed opportunities for improvement [14]. Thus, there is a pressing need for advanced analytical tools 

capable of profiling [15], and predicting key trends within the educational landscape [16]. 

This paper explores the application of machine learning techniques to educational data analysis [17], 

with the primary aim of identifying the optimal predictive model for analyzing and forecasting educational 

statistics in Morocco. By comparing a variety of advanced machine learning algorithms across a 

comprehensive set of educational indicators [18]–[20], this study seeks to determine which model offers the 

https://creativecommons.org/licenses/by-sa/4.0/
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highest accuracy. It also aims to assess the reliability in predicting trends and guiding decision-making in the 

education sector. 

 

 

2. RELATED WORKS 

The use of predictive modeling and machine learning techniques in the education sector has 

garnered increasing attention in recent years [21]. Researchers have explored various methodologies to 

analyze educational data [22], develop predictive insights [23], and aid decision-makers in addressing critical 

challenges, such as resource allocation [24], student performance [25], and educational access [26].  

This section reviews key studies and advances in the field, highlighting relevant machine learning models 

and their application to educational indicators [27].  

One prominent area of research focuses on the predictive modeling of student performance [28]. 

Studies such as those by [29], [30] have explored machine learning algorithms, including decision trees, 

random forests, and support vector machines, to predict academic outcomes based on factors such as student 

demographics, prior academic history, and socio-economic status. These models have demonstrated 

considerable accuracy in forecasting student success and identifying at-risk students, providing valuable 

insights for educators and administrators. 

Another significant line of research involves using machine learning to predict school dropout rates. 

For example, Alam et al. [31] utilized logistic regression and neural networks to identify students at risk of 

dropping out of school. The study found that machine learning models could effectively predict dropout rates 

by analyzing historical enrollment data, attendance records, and socio-economic factors. Similarly,  

Kuleto et al. [32] expanded this work by incorporating additional predictors such as student engagement 

metrics and teacher assessments, further improving the accuracy of dropout predictions. 

Research has also investigated the optimization of resource allocation and expenditure in the 

education sector. The research in [33], [34] have employed machine learning techniques to analyze 

educational expenditures, staffing patterns, and school infrastructure needs. These works demonstrate that 

predictive modeling can support more efficient and equitable distribution of educational resources, ensuring 

that financial and human capital is allocated where it is most needed [35]. 

In the context of educational policy planning, machine learning models have been applied to 

forecast trends such as enrollment rates, literacy levels, and the demand for teachers. For instance, group of 

researcher developed a time-series forecasting model using recurrent neural networks (RNN) to predict future 

student enrollment across different educational levels [36]. Their model provided actionable insights into 

expected changes in enrollment trends, allowing policymakers to adjust strategies and resources accordingly. 

Similarly, Kangiwa et al. [37] explored how data-driven decision-making could enhance the effectiveness of 

educational interventions, suggesting that predictive models could serve as powerful tools for shaping 

national educational policies. 

Despite the growing body of research in this field, there remain challenges in the accurate and 

reliable prediction of educational indicators [38], particularly when dealing with large and diverse datasets. 

Integrating data profiling with machine learning has the potential to improve the accuracy and usability of 

predictive models in the education sector [39]. As the availability of educational data continues to expand, 

researchers are increasingly focusing on refining these models to address complex issues such as inequality 

[40], dropout rates [41], and the efficient allocation of resources [42]. 

This paper builds on this body of work by employing a comparative approach to machine learning 

models [43], with the goal of identifying the most suitable techniques for profiling and predicting educational 

indicators in Morocco [44]. By analyzing a wide range of indicators, this study aims to contribute to the 

ongoing development of AI-driven solutions. These solutions can address the critical challenges faced by the 

education sector [45], particularly in the context of developing countries [46]. 

 

 

3. PROBLEMATIC 

In Morocco, the education sector faces dynamic challenges that demand precise and forward-

looking data to guide policy and improve outcomes [47]. Reliable forecasting of educational indicators is 

essential for effective decision-making [48], particularly in addressing issues related to access, quality, and 

resource allocation [49]. However, the selection of an appropriate machine learning model for predicting 

future educational values presents a complex problem [50]. The core issue lies in determining which machine 

learning model can deliver the most accurate and dependable forecasts based on historical educational data. 

This study aims to address this problem by analyzing a range of educational indicators literacy levels, and 

academic performance metrics, dropout, academic support and discussing their meanings and implications, 

and applying various advanced machine learning models to predict future trends. The research will involve 
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comparing models on their predictive accuracy and suitability for different types of educational data. 

Additionally, the study aims to identify challenges related to data quality and model performance,  

offering insights into the practical application of machine learning in educational planning. By pinpointing 

the most effective machine learning model for this purpose, the study will contribute to more informed 

decision-making and strategic planning in Morocco’s education sector, ultimately supporting efforts to 

enhance educational quality and equity. 
 

 

4. METHODOLOGY 

4.1.  Analysis of educational data and indicators 

This study aims to analyze historical educational data and apply various advanced machine learning 

models to predict future educational indicators in Morocco, including literacy levels, academic performance 

metrics, dropout rates, and participation in support programs. The objective is to evaluate and compare the 

predictive accuracy and reliability of different machine learning models in various educational contexts. 

Additionally, the research will explore challenges related to data quality and model performance, offering 

actionable insights for enhancing decision-making and strategic planning within Morocco’s education sector. 

Ultimately, this study seeks to improve educational quality and equity by supporting the development of 

informed, data-driven policies. 
 

4.2.  Dataset 

In recent years, the World Bank has made significant strides in enhancing transparency and 

accessibility of educational data globally. As part of this initiative, the World Bank has published a range of 

statistics specifically focused on education in Morocco [18]. These statistics, available through their data 

repository at World Bank education indicators for Morocco, providing a valuable resource for stakeholders 

interested in understanding the dynamics of Morocco’s education system. 
 

4.3.  Indicators 

The dataset includes detailed indicators on various aspects of education (253 indicators), such as 

enrollment rates, educational attainment, and the availability of educational resources. These indicators are 

crucial for evaluating the performance of the education system, identifying trends, and making informed 

decisions to enhance educational policies and practices. Among the 253 indicators, we focused on those 

related to academic support. To achieve this, we extracted the relevant data from the main file. Table 1 

presents the results of this extraction. 

Indicators for assessing educational outcomes include several key areas. Firstly, no 

education/dropout indicators measure the percentage of individuals who have either received no formal 

education or are not currently enrolled in school, reflecting the prevalence of educational disengagement. 

Secondly, teacher training indicators assess the qualifications and professional development of educators, 

which directly impact the quality of academic support provided to students. Education expenditure indicators 

quantify the financial resources allocated to education, influencing the availability of essential resources and 

support within schools. Additionally, benefiting from support programs tracks the proportion of students 

receiving supplementary academic assistance, which can enhance learning outcomes. Finally, international 

assessments evaluate student performance on global scales, providing insights into the effectiveness of 

academic support programs in improving educational achievements. 
 

 

Table 1. List of the indicators related to school dropout and academic support 
Indicator type Indicator code (CSV file) Description 

No education 

(School dropout) 

BAR.NOED.1519.FE.ZS, BAR.NOED.1519.ZS, 

BAR.NOED.15UP.FE.ZS. 

Percentage of individuals with no education in 

various age groups, implying school dropout. 

Out of school 

(Dropout) 

SE.LPV.PRIM.OOS.FE, SE.LPV.PRIM.OOS.MA Percentage of primary students who are out of 

school, reflecting potential dropouts. 

Unenrollment 

(Dropout) 

SE.PRM.UNER.ZS Percentage of students unenrolled at the primary 

level, implying a relationship to school dropout. 

Teacher training 

(Academic support) 

SE.PRE.TCAQ.ZS, SE.PRM.TCAQ.ZS, 

SE.SEC.TCAQ.LO.ZS, SE.SEC.TCAQ.UP.ZS 

Percentage of teachers who are trained/qualified at 

pre-primary, primary, and secondary levels. 

Education expenditure 

(Support) 

SE.XPD.CUR.TOTL.ZS, SE.XPD.PRIM.ZS, 

SE.XPD.SECO.ZS, SE.XPD.TERT.ZS 

Public expenditure on education as a percentage of 

total government expenditure, by education level. 

Benefiting from 

support programs 

SE.LPV.PRIM.BMP.FE, SE.LPV.PRIM.BMP.MA Percentage of primary students benefiting from 

academic support programs. 

International 

assessments (Support) 

LO.PIRLS.REA.INT, LO.TIMSS.MAT8.INT Performance in international assessments (trends in 

international mathematics and science study 

(TIMSS), progress in international reading literacy 

study (PIRLS)), indirectly reflecting academic 

support. 
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4.4.  Importance 

Educational indicators are vital tools for measuring progress, identifying trends, and assessing the 

effectiveness of policies and interventions in the education sector. They provide essential data on key areas 

such as literacy rates, dropout rates, and academic performance, allowing policymakers and educators to 

understand the current state of the system. These indicators help track improvements or challenges over time, 

enabling targeted interventions where needed. For example, monitoring dropout rates can identify vulnerable 

regions or populations that require additional support, while literacy rates help evaluate the impact of national 

and local strategies.  

Additionally, indicators enable data-driven decision-making, ensuring that resources are allocated 

efficiently and equitably. They also promote accountability and continuous improvement in educational 

outcomes. Ultimately, educational indicators are crucial for guiding strategic planning and achieving goals 

related to educational quality, equity, and access. Analyzing these statistics can offer critical insights into 

areas where improvements are needed, help monitor the effectiveness of current educational policies, and 

guide future planning and interventions. Leveraging machine learning techniques to analyze this data can 

further enhance the accuracy and depth of these insights, leading to more informed decision-making and 

targeted policy adjustments. 
 
 

5. IMPLEMENTATION 

5.1.  Environment 

In this study, we will use Python as the primary programming environment due to its powerful 

libraries and tools for data analysis and machine learning. Specifically, we will leverage scikit-learn 

(sklearn), a versatile and user-friendly machine learning library within Python, which offers a wide range of 

algorithms for predictive modeling. This environment allows for seamless data preprocessing, model 

training, and evaluation, ensuring that we can efficiently compare various machine learning models in terms 

of their accuracy and performance. Python’s rich ecosystem, combined with sklearn’s robustness, provides 

the ideal platform for analyzing educational indicators and building reliable predictive models to address the 

challenges in Morocco’s education sector. 
 

5.2.  Data visualization 

We aim to present the extracted data discussed in section 4.3. A particular focus is placed on 

academic support information in Morocco. This includes the analysis of data on support program 

participation as shown in Figure 1, and international assessments as shown in Figure 2. 
 

 

 
 

Figure 1. Data visualization for benefiting from support programs 
 

 

The graph in Figure 1 illustrates the "Benefiting from support programs" indicators from 2002 to 

2016 with two lines representing distinct metrics. The blue line (SE.LPV.PRIM.BMP.FE) begins at 

approximately 63 in 2002, rises to around 73 in 2010, and then declines sharply to about 58 by 2016. This 

indicates an initial improvement followed by a significant drop. Conversely, the orange line 
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(SE.LPV.PRIM.BMP.MA) starts at around 70 in 2002, steadily climbs to a peak of about 80 in 2012, and 

then falls to roughly 70 in 2016. This shows a continuous increase until 2012, followed by a decrease. The 

peak between 2010 and 2012 corresponds with the implementation of project E1.P5 under the 2009 to 2012 

emergency program, which aimed to combat school repetition and dropout rates through personalized 

monitoring and support [6] The graph effectively contrasts the trends of both indicators, highlighting their 

rise and subsequent decline over time. 

The graph in Figure 2 tracks two international assessment indicators over time: progress in 

international reading literacy study (LO.PIRLS.REA.INT) and trends in international mathematics and 

science study for 8th graders in mathematics (LO.TIMSS.MAT8.INT). The blue line for 

LO.PIRLS.REA.INT shows a significant decline from 2001, reaching its lowest around 2011, then rising 

sharply until 2016 before slightly declining by 2019. In contrast, the orange line for LO.TIMSS.MAT8.INT 

displays a steady increase from 2001 to 2006, a minor decline until 2011, and then a stabilization with a 

slight decrease by 2016. The graph reflects student performance trends in these assessments, revealing the 

lowest performance between 2010 and 2012. This drop is linked to the implementation of an alternative 

academic support program during that period. 
 

 

 
 

Figure 2. Data visualization for international assessments 
 

 

5.3.  Machine learning regression algorithms 

To make prediction about the number of students who need benefiting from the support programs, 

machine learning algorithms are essential because they can process large and complex datasets to identify 

patterns and trends that traditional methods might miss. In fields like education, machine learning  

helps predict student performance, dropout rates, or the success of interventions, enabling more effective 

decision-making. Machine learning models continuously learn from data, adapting to changes over time and 

improving accuracy. Their ability to handle nonlinear relationships and diverse data makes them crucial for 

forecasting, allowing for better resource allocation and proactive strategies, ultimately driving improved 

outcomes and efficiency in decision-making processes. As consequence, we need to identify the optimal 

machine learning model for analyzing educational indicators. In this context we cite the list of algorithms that 

we will use in this paper, as presented in Table 2. 
 

 

Table 2. Machine learning regression algorithms 
Title Description 

Linear regression A simple regression model that assumes a linear relationship between the input 

features and the target variable. 

Polynomial regression A variation of linear regression that models a nonlinear relationship by including 

polynomial features. 

Random forest An ensemble method that constructs multiple decision trees and merges them together 

to get more accurate and stable predictions. 

Support vector regression A regression algorithm that tries to fit the best hyperplane within a margin of tolerance 

while minimizing the error outside this margin. 

Decision tree A tree-based regression algorithm that splits the data into branches to predict the target 

variable by following simple decision rules. 

Multi-layer perceptron (MLP) regressor A type of neural network with multiple layers and nodes that approximates complex 

functions for regression tasks through backpropagation. 
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6. RESULTS AND DISCUSSION 

6.1.  Data visualization and prediction 

6.1.1. Benefiting from support programs indicators 

Using the indicators on percentage of primary students benefiting from academic support programs 

(Benefiting from support programs), we are going to apply the machine learning algorithms: linear regression 

as shown in Figure 3 and random forest as shown in Figure 4. This is done in order to make a comparison 

between them. The goal is to determine the best algorithm to make the prediction in this framework. 

 

 

 
 

Figure 3. Prediction using linear regression 

 

 

 
 

Figure 4. Prediction using random forest regression 

 

 

The graph in Figure 3 is the result of a linear regression analysis, visualizes trends for two 

indicators: female primary school completion rate (SE.LPV.PRIM.BMP.FE) and male primary school 

completion rate (SE.LPV.PRIM.BMP.MA) related to support programs. Historical data (solid lines) is shown 

alongside model fits (dashed lines), and test data points are included. Predictions for future values extend 

from 2017 to 2020, represented by red crosses. The graph indicates declining trends for both male and female 

completion rates after 2015, as shown by the downward-sloping dashed and solid lines, suggesting a potential 

drop in educational outcomes without further intervention. 
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The graph in Figure 4 illustrates the results of a random forest regression model with a train-test 

split and predictions for two indicators: female primary school completion rate (SE.LPV.PRIM.BMP.FE) and 

male primary school completion rate (SE.LPV.PRIM.BMP.MA). Historical data is plotted from around  

2002 to 2015, with train and test predictions overlayed. Future predictions for both indicators extend beyond 

2017 to 2020. The orange and blue lines represent the historical and predicted trends for female and male 

completion rates, respectively. The red crosses represent future predictions, indicating a steady or decreasing 

trend after 2017 for both indicators. 

 

6.1.2. International assessments (support) indicators 

Using the performance indicators from international assessments such as TIMSS and PIRLS, which 

indirectly reflect academic support, we applied machine learning algorithms. Specifically, we used linear 

regression as shown in Figure 5 and random forest as shown in Figure 6. This was done to compare the 

effectiveness of both algorithms in predicting outcomes within this framework and to identify the most 

suitable model. 
 

 

 
 

Figure 5. Prediction using linear regression 
 

 

 
 

Figure 6. Prediction using random forest regression 
 
 

The graph in Figure 5 derived from a linear regression analysis, forecasts trends for two 

international assessment support indicators: LO.PIRLS.REA.INT and LO.TIMSS.MAT8.INT. The historical 
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data (solid lines) and test data points reveal the performance trends over time, while the dashed lines 

represent the model fits for these indicators. The graph spans from around 2000 to 2015 for observed data, 

with future predictions extending to 2020, represented by red crosses. The PIRLS scores exhibit early 

fluctuations, but the general trend for both indicators is upward, suggesting an overall improvement in 

reading and mathematics performance. The future predictions also indicate a steady rise in both assessment 

scores, showing potential progress in these international evaluations. 

The graph in Figure 6 illustrates the results of a random forest regression model with a train-test 

split and predictions for two indicators: LO.PIRLS.REA.INT and LO.TIMSS.MAT8.INT. Historical data is 

depicted from approximately 2002 to 2015, with train and test predictions overlaid. Future predictions for 

both indicators extend from 2017 to 2020. The orange and blue lines correspond to the historical and 

predicted trends for female and male completion rates, respectively. The red crosses denote future 

predictions, suggesting either a stable or declining trend beyond 2017 for both indicators.  

Result: through this analysis, we conclude that it is insufficient to determine the best machine 

learning model based on just two models. In consequence, to identify the most effective model for predicting 

educational indicators, we will apply various machine learning algorithms to the entire dataset obtained from 

the World Bank website. Then, we will compare these models based on accuracy measures to determine 

which one performs the best. 

 

6.2.  Machine learning comparison 

To identify the best machine learning model for predicting educational indicators, we will apply 

multiple algorithms to the full dataset obtained. This approach will allow us to evaluate each model's 

performance and determine which is most effective for making accurate predictions based on the data. Our 

program, written in Python language and using the same machine, produces the Table 3. Analysis:  

‒ Mean absolute error (MAE): measures the average magnitude of errors in predictions without 

considering their direction. Lower values indicate better performance. 

Best: random forest (3.14) 

Worst: MLP regressor (21.10) 

‒ Mean squared error (MSE): measures the average of the squares of the errors, giving more weight to 

larger errors. Lower values indicate better performance. 

Best: random forest (87.62) 

Worst: support vector regression (9159.70) 

‒ Root mean squared error (RMSE): square root of MSE, providing an error metric in the same unit as the 

target variable. Lower values indicate better performance. 

Best: random forest (3.91) 

Worst: MLP regressor (23.94) 

‒ R² score: represents the proportion of variance in the dependent variable that is predictable from the 

independent variable. 0.92 indicates that the model random forest has converged successfully. 

Result: random forest is the best-performing model across all provided metrics, with the lowest MAE, MSE, 

and RMSE. This suggests that it has the most accurate and consistent predictions among the models tested. 

 

 

Table 3. Comparison of machine learning for predicting 
Algorithm MAE MSE RMSE R² 

Linear regression 5.14 539.95 5.88 0.75 

Polynomial regression 4.43 140.25 5.04 0.85 

Random forest 3.14 87.62 3.91 0.92 

Support vector regression 14.12 9159.70 17.45 0.10 

Decision tree 3.43 136.60 4.12 0.84 

MLP regressor 21.10 8479.91 23.94 0.15 

 

 

7. CONCLUSION 

In summary, our paper explores how machine learning models can improve prediction accuracy in 

Morocco's education sector. By comparing various algorithms across different educational indicators, we aim 

to identify the best model for guiding data-driven decisions. This research will help us develop better, fairer, 

and more accurate educational policies to address key challenges in Morocco's education system. In our 

future work, we will focus on incorporating larger, real-time datasets to enhance the precision of our models. 

Additionally, we plan to develop personalized education system suggestions to tailor recommendations based 

on individual needs and learning styles. This approach aims to further improve the effectiveness of 

educational interventions and policy decisions. 
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