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Abstract (French Version) 
Les marchés boursiers, par nature, consistent en des actifs financiers négociés. À mesure 

que la demande de ces actifs évolue, leurs prix évoluent également. Ces fluctuations des prix 

rendent très difficile pour les investisseurs de déterminer quand et quoi acheter et vendre. 

Cependant, après avoir analysé les variations de prix, il est parfois possible d’identifier des 

tendances et d’estimer les résultats futurs à l’aide de divers modèles de prévision. 

En utilisant une approche quantitative, ce projet fournira une implémentation des séries 

chronologiques, en utilisant le modèle ARIMA, du marché boursier marocain avec le langage R. 

Quatre entreprises de différents secteurs du marché marocain ont été sélectionnées : Cosumar, 

Banque Centrale Populaire (BCP), LafargeHolcim et Cartier Saâda. Les cours des actions des 

sociétés pour l'année 2018 ont été collectés pour effectuer l'analyse. Le modèle ARIMA a été 

utilisé pour produire des prévisions des cours des actions des sociétés. Les prévisions ont été 

analysées et comparées aux données réelles qui ont été récupérées. Enfin, une dernière analyse a 

été réalisée pour comparer les résultats du modèle ARIMA au modèle GARCH. 
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Abstract (English Version) 
Stock markets, by nature, consist of trading financial assets. As the demand for those 

assets changes, so does their prices. Those fluctuations in prices are what make it very hard for 

investors to determine when and what to buy and sell. However, after analyzing the price 

changes, patterns can sometimes be identified, and thus, future outcomes can be estimated using 

various forecasting models. 

Using a quantitative approach, this project will provide an implementation of Time Series 

using ARIMA model of the Moroccan stock market with the R language. Four companies from 

different industries within the Moroccan market were selected: Cosumar, Banque Centrale 

Populaire (BCP), LafargeHolcim, and Cartier Saâda. The stock prices of the companies for the 

year 2018 were collected to perform the analysis. ARIMA model was run to produce forecasts of 

the companies’ stock prices. The forecasts were analyzed and compared to actual data that was 

retrieved. Lastly, a final analysis was conducted to compare the outcomes of the ARIMA model 

to the GARCH model. 
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1 INTRODUCTION	  

1.1 Background 

1.1.1 Moroccan Stock Market  

Trading financial assets became an essential component of today’s civilization. This practice is 

exercised in financial markets around the world where an excess of funds is transferred to people 

with a shortage [1]. Financial markets create an environment where lender and borrower can 

exchange securities such as stocks and bonds. “Intermediaries such as as banks and investment 

banks” can also facilitate the trading process [2]. 

A form of a financial market is a stock exchange. It is an “organized and regulated financial 

market where securities (bonds, notes, shares) are bought and sold at prices governed by the 

forces of demand and supply” [3]. 

In this project, we focused on the Moroccan Stock Exchange Market, also called the Casablanca 

Stock Exchange. Although Morocco’s financial market is not as advanced and diverse as many 

large markets around the world, it “achieves one of the best performances in the region of the 

Middle East and North Africa (MENA), is Africa's third largest Bourse after Johannesburg Stock 

Exchange (South Africa) and Nigerian Stock Exchange in Lagos” [4]. Furthermore, the efforts 

that Morocco is putting into the expansion and enlargement of its financial sector are significant. 

These ambitious attempts to bring the Moroccan economy forward can be seen in the many 

financial projects that are being established in Morocco’s largest cites. The Casablanca Stock 

Exchange has two indexes that measure best it security market change: MASI and MADEX, 

where MASI (Moroccan All Shares Index) includes all listed shares, and MADEX (Moroccan 

Most Active Shares Index) contains the most active listed shares.  

1.1.2 Food Producers and Processors Industry 

Morocco benefits from geographic diversity, including a large cost line viewing the 

Mediterranean in the north and the Atlantic Ocean in the west, a vast Sahara, mountain slopes... 

that allow its climate to be moderate and cool. Due to these factors, in addition to the large 

availability of water recourses, “the food industry is the second largest processing industry in 

Morocco” [5]. “It generates an output of USD 6.78 billion and an added value of USD 2.07 

billion (31% of GDP)” [5]. 
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In this sector, we chose to work on two companies. The first one being Cosumar (Compagnie 

Sucrière Marocaine de Raffinage), specialized in the extraction, refining and packaging of sugar 

in various forms [6]. 

The second company that is selected is Cartier Sâada specialized in the production of canned 

foods such as ready-made meals, canned fruits and vegetables, Jams, marmalades, and 

compotes...  

1.1.3 Bank Industry 

Morocco’s “banking sector is the most highly developed in North Africa in terms of penetration 

indicators and is also among the most advanced in the wider MENA region” [7]; still, it is under 

constant modernization attempts. Morocco counts 19 operating banks, as well as 34 financial 

institutions. In addition to that, Morocco has approximately a rate of 60% of its population 

owning a bank account [7]. 

In this sector, we chose to tackle the bank BCP (Banque Centrale Populaire). It is the second 

largest Moroccan bank, in terms of revenues, after Attijariwafa Bank [8]. 

1.1.4 Construction and Building Materials Industry 

Construction and material building industry is one of Morocco’s most significantly important 

industries as a result of its relevance to other economic and infrastructure activities [9].  It is part 

of the industrial sector that constitutes 25% to 35% of the annual GDP of the country. This 

steady growing sector is rising due to the influence of housing development projects, tourism and 

infrastructure developments in the country which is leading the importance of the sector to rise 

[10]. 

One of the main companies in this sector, and the one that we chose to work on, is 

LafargeHolcim Maroc. It is an affiliate of the international group LafargeHolcim Ltd based in 

Switzerland specialized in building materials (cement, concrete, plaster, aggregates and lime) 

and is leading the way when it come to the Construction and Building Materials Industry in 

Morocco. 

1.2 Project Description 

This capstone consists of performing a time series analysis and forecasting of the Moroccan stock 

exchange, located in Casablanca, using Arima analysis and the R language to provide a prediction 

in the stock’s behaviour in the future. 
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The analysis process is composed of three main parts. The first part is the process of collecting the 

data from the Casablanca stock market’s website. During this step, and based on the data found, 

the sector with the most diversified inputs are selected. The second part of this project is 

implementing the data in the R statistical software, applying the Arima function, and forecasting 

the future behaviour of the stock. The third part consists of the analysis part where the forecasted 

data is compared to the actual data.   

R is a software that enables its user to perform statistical analyses in an interactive easily manner 

while a time series is a collection of observations of well-defined data items obtained through 

repeated measurements over time. The use of the R program will enable us to read all the data 

gathered into the program and conduct the time series analysis in a simple and effective way. 

As for the timetable for the capstone, the first weeks are dedicated to research regarding 

understanding the general behaviour of the Moroccan stock market and how it operates. The 

following step is collecting the data form Casablanca stock market’s website. The next phase is 

dedicated to organizing and filtering the data gathered. Then, the implementation of the time series 

analysis using the Arima analysis with the R software is performed. 

Being able to predict the behaviour of stocks in the market will not only help investors select which 

field or company they should invest in, but will also help to avoid investment risks and possible 

future crises that can have major impacts financially and socially. 

1.3 Objective 

The objective of this capstone is to conduct a time series analysis and Arima analysis to study the 

behavior of Moroccan stocks and predict their future performance. Few sectors from the 

Moroccan market are chosen to test the accuracy of the model. The data chosen in each sector is 

different from the other in terms of volatility, variance… 

1.4 Quantitative approach   	

A quantitative approach is a method of analysis that uses logic, numerical values and measurable 

variables to investigate the behavior and relationship within the variables, predict or explain the 

phenomena studied [11]. 

We chose to conduct a quantitative approach while working on this project.  

This method consists of first starting “with hypotheses and then collect data which can be used to 

determine whether empirical evidence to support that hypothesis exists” [12]. 
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In our project, we set our hypothesis to the possibility of forecasting accurately the stock prices 

of different companies using the Arima analysis with the R language. As for our numerical 

variables to be studied, the data downloaded is composed of dates and end prices of stocks of the 

companies chosen.  

As the quantitative approach suggests, our results were in the form of graphs and numerical 

values. A statistical summary is the first output gathered from our data including mean and 

frequency, and throughout the analysis, our results are represented in graphs. An analysis of the 

results is later on conducted to check the viability of our hypothesis.  

1.5 Software Used 

During this project, the software used were mainly Excel and R. 

Excel is tool developed by Microsoft that allows its users to organize data in spreadsheets, apply 

mathematical concepts and perform statistical analysis without manually re-performing 

calculations [13]. All of the data gathered were downloaded directly from the Casablanca Stock 

market website in Excel spreadsheets that later were filtered and formatted in the required form 

using various Excel formulas.  

The main software that is used in this project, as the title of this capstone suggest, is R. 

“R is a language and environment for statistical computing and graphics” [14]. It is an easy tool 

used on a large scale due to its accessibility to a wide range of people and its simple to operate 

functions. R allows its user to manipulate a broad variety of statistical and graphical tools [15]. 

All needed mathematical and statistical tools are pre-installed in libraries that need to be called 

when used, thus calculating, displaying and graphing all sorts of equations and tasks needed. 

Time series being one of the functions that R is able to produce makes R the software needed in 

this project. 

1.6  Feasibility Analysis 

This project will create an easy accessible and usable tool to predict, to some level of accuracy, 

the future behavior of stocks. 

1.6.1. Market Feasibility:  

The stock industry is in fast and consistent growth, and being able to predict a possible outcome 

of an investment that one is making is one of a significant importance. Predicting the future with 

absolute certainty is an impossible mission, yet basing ourselves on past information and having 

an idea about what it might be is crucial for people that invest millions of Dollars in financial 
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markets. Despite the fact that many tools are available online to serve this purpose, looking for a 

more accurate way is always something that this market is longing for.  

1.6.2. Technical Feasibility:  

The materials needed for this project consist of data that can be gathered in a financial platform 

with high level of credibility and a software that is free and downloadable on any computer. The 

analysis will then be performed at ease.  

Financial Feasibility: This project doesn’t require any form of financial investment or budget. 

The software and data are accessible for free. 

1.6.3. Operational Feasibility: 

All required steps will be included in the project report such as the Steeple analysis, alongside 

with a time table that will be conducted to organize all the tasks to be accomplished within a 

specific timeline. This will help assess whether and how well the plan made will satisfy the 

requirements of the analysis that is being conducted. 

1.6.4. Scheduling Feasibility: 

This section represents the most significant part of the project. It will come as a follow up to the 

operational analysis and determine the feasibility of my project (time wise). For this assessment 

the Gantt chart will be used which will illustrate the schedule of the project in a clear and 

organized manner. 
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2 Time Series Analysis  

2.1. Time Series 

Time series is “any metric that is measured over regular time intervals” [16]. It is described as a 

series of numerical observations (data) recorded within a specific sequent time interval. This tool 

can be used to serve several purposes, such as forecasting, describing, or understanding the 

features of the data studied… [17]. When time series data is analyzed, it is the called Time Series 

Analysis, where relevant statistics and characteristics are obtained [18]. 

2.2. ARIMA 

There are many types of models that can help explain the correlation between data. 

Autoregressive (AR) model of order p, the Moving Average (MA) model of order q, the mixed 

Autoregressive Moving Average (ARMA) model of order p and q, and Auto-Regressive 

Integrated Moving Average (ARIMA) model of order p, d and q… 

In this paper, we will be using the ARIMA model. An Auto-Regressive Integrated Moving 

Average, also called ARIMA, is a statistical model used in time series analysis to generate a 

better understanding of the data analyzed, or to forecast future possible outputs. ARIMA utilizes 

three parameters (p, d, q), where p is the number of time lags of the autoregressive model, d is 

the degree of differencing or order of integration, and q is the order of the moving-average model 

[19]. ARIMA is employed because it allows its user to reduce a non-stationary series to a 

stationary one. Thus, a preceding step needs to be performed where the non- stationarity of the 

data is removed. To be able to reduce the data, the following operations is performed: 

∇𝑥# = 𝑥# − 𝑥#&' = 𝑤# 

where 𝑥#represents the non-stationary series and 𝑤#is the stationary series left. The operation is 

repeated d times [20]. 

2.3. Forecasting 

Forecasting is “a technique that uses historical data as inputs to make informed estimates that are 

predictive in determining the direction of future trends” [21]. It falls under the general term 

“Prediction”. Forecasting is a statistical tool used in a quantitative method of time series, 

meaning the forecasted numerical data is extracted as a function of historical data [22].  
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3 Methodology and Data 

3.1. Sector/ Company Choice 

The sector and company choice are extremely important in this project since it bases itself on the 

data gathered, their distribution, and volatility... Sectors form the Moroccan market were selected 

first and later on companies within the sectors were picked as well. Casablanca Stock Market’s 

website was our main source of information. To be able to choose the sectors, we based 

ourselves on the total market capitalization distribution in Morocco offered by the website as 

demonstrated in the figure below. 

 
Figure 1: Total Market Capitalization Distribution in Morocco [4] 

The distribution of market capitalization is mainly with the four following sectors: Banks, 

Telecommunication, Construction and material building, and Food Producers and Processors. 

We chose three sectors to work on: Banks, Construction and material building, and Food 

Producers and Processors for the easy accessibility to their data. Within the banking sector, 

Banque Centrale Populaire (BCP) was selected since it one of the largest banks in Morocco. As 

for the Construction and material building field, we chose the company LafargeHolcim. Finally, 

for the Food Producers and Processors sector, two companies were selected: Cosumar and 

Cartier Sâada.  
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3.2. Data Gathering 
The data was entirely gathered from Casablanca Stock Market’s website. We first visited the 

website. Under Markets, the subtitle Market Data holds Historical data that can be easily 

generated for the company and time frame selected. The next step was downloading the data in 

an Excel spreadsheet that we filtered to keep only the variables wanted (Date and Closure price). 

We chose to gather daily data of the year 2018, use the ARIMA analysis and compare our 

findings with the actual data that we can be found again in the website.  

  



	

 13 

4 Implementation and Results 

4.1. Importing Data  

After downloading all the data from Casablanca Stock Market’s website in the excel format and 

filtering them, we were able to import them directly into the R software where the analysis will 

take place. As shown in the figure bellow for the company Banque Centrale Populaire (BCP), the 

Excel file is imported using the read_excel function in the readxl library. 

 
Figure 2: Importing Data from Excel 

4.2. Including Libraries 

In the software R, all of the functions that can be implemented are stored within libraries that can 

be called when needed. In this project, the following libraries were used and are defined as 

- quantmod: used to download financial data, plot charts, and do technical analysis [23]. 

- ggplot2: a visualization library that helps graph data [23]. 

- forecast: As its name suggests it is a forecasting functions for time series [24] 

- tseries: used time series analysis [23]. 

- readxl: the library that allows us to read Excel files in R [24]. 

- default: used to change the default arguments in R functions [23]. 

- zoo: provides a format for saving time series outputs in R [23]. 

The same libraries were included for the companies as shown in figure 3. 

 
Figure 3: Including Libraries 

4.3. Load Time Series Data 

This step is put in place to visualize a summary of the data (min, mean, max) and visualize the 

stock performance in a graph generated. 
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As seen in the figure bellow, after importing the data, we need to apply some basic functions to 

have a general idea about the behavior of our input. 

 
Figure 4: Load Time Series Data 

⇒ Output 

4.3.1. Cosumar 

 
                                        Figure 5: Summary Output Cosumar 

 
Figure 6: Cosumar Stock Price Variation for the year 2018 
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We notice from the figure above that the data overall is fluctuating. We can also observe a sharp 

decrease in the stock price at the month of July.  

4.3.2. Banque Centrale Populaire (BCP) 

 
                                         Figure 7: Summary Output BCP 

 
Figure 8: Banque Centrale Populaire (BCP) Stock price variation for the year 2018 

As shown in the figure above, the stock price is noticeably very volatile and is fluctuating all 

year long. We notice that the price was relatively stable at the beginning of the year, but then 

decreases around the month of July just to increase significantly by the month of August.   
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4.3.3. LafargeHolcim 

 
                          Figure 9: Summary Output LafargeHolcim 

 

 
Figure 10: LafargeHolcim Stock Price Variation for the year 2018 

As shown in the figure above, the stock price is noticeably very volatile and is fluctuating all 

year long. The Price of the stock gets to its peak at the month of February and decreases 

significantly at the month of May and again between the months of September and October.   
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4.4. Moving Average 
A moving average is a “technique to get an overall idea of the trends in a data set; it is 

an average of any subset of numbers. The moving average is extremely useful for forecasting 

long-term trends” [25]. 

To be able to visualize the overall behavior of the stock, we chose to perform a daily moving 

average and a weekly moving average. 

The moving average is then decomposed to give different sub-time series: the trend, seasonality 

and remainder, where the trend includes the hidden trends in the data, the seasonal holds the 

patterns that are repeated after a fixed amount of time, and the remainder is the excess of data 

that remained after the seasonal and trend were extracted [26].   

 
Figure 11: Visualizing and Decomposing Moving Average 
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⇒ Output 

4.4.1. Cosumar 

 
Figure 12: Cosumar Monthly and weekly Moving average 

 
Figure 13: Decomposition of Cosumar Moving Average ( Seasonal/ trend/ remainder) 

We can notice from the figure above that the software has picked un the trend that we can see in 

the graphical representation of the data where we see a serious decrease around the middle of the 

year.  
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4.4.2. Banque Centrale Populaire (BCP) 

 
Figure 14: BCP Monthly and weekly Moving average 

 
Figure 15: Decomposition of BCP Moving Average ( Seasonal/ trend/ remainder) 

We can notice from the decomposition of the moving average, shown in the figure above, that 

the seasonal component is very significant in the case of BCP. 
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4.4.3. LafargeHolcim 

 
Figure 16: LafargeHolcim Monthly and weekly Moving average 

 
Figure 17: Decomposition of LafargeHolcim Moving Average ( Seasonal/ trend/ remainder) 

From the figure above, we can see the downward sloping general trend of the data, we also 

notice the seasonality in the data that is pronounced.  
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4.5. Stationary or Non-Stationary 
As we previously explained, ARIMA is employed because it allows its user to reduce a non-

stationary series to a stationary one; Thus, we need to test the stationarity of the data data 

collected. By default, the null hypothesis considers the series as non-stationary. The Augmented 

Dickey-Fuller test (ADF) is done to analyze the possibility of the variation in the data being 

justified by the trend of the data or the lagged value. We fail to reject the null hypothesis when a 

clear existence of a trend in the data, and the lag value is non-significantly correlated to the 

change in the data. The series is then considered non-stationary.  

The non-stationarity of the data can be corrected by a differencing operation where, as 

mentioned before, the following function is calculated: 

∇𝑥# = 𝑥# − 𝑥#&' = 𝑤#, 

where 𝑥#represents the non-stationary series and 𝑤#is the stationary series left. The operation is 
repeated d times, where d represents the differencing component of ARIMA [20].

 
Figure 18: Stationarity Test 

⇒ Output 

4.5.1. Cosumar 

 
Figure 19: Stationarity Test Result Cosumar 

Confirming our initial guess, we fail to reject the null hypothesis, therefore, the data is non-

stationary.  

4.5.2. Banque Centrale Populaire (BCP) 

 
Figure 20:Stationarity Test Result BCP 

We fail to reject the null hypothesis, therefore, the data is non-stationary.  
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4.5.3. LafargeHolcim 

 
Figure 21: Stationarity Test Result LafargeHolcim 

We fail to reject the null hypothesis, therefore, the data is non-stationary.  

4.6. Auto-Correlations and Choosing Model Order 
The Auto-Correlation Functions (ACF) are used as a visualization tool to determine whether the 

data is stationary or not. They show a graphical demonstration of the interaction between a series 

and its lag. The ACF is also be used to determine the parameter q for the ARIMA model.  

 The Partial Auto-Correlation Functions (PACF) show, as it name suggests, the partial 

interaction between the series and its lagged values. The PACF also allows us to determine the q 

parameter for the ARIMA model. From the PACF model we chose the value of d the 

differencing component of ARIMA [21]. 

 
Figure 22: Auto-Correlations and Choosing Model Order 
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⇒ Output 

4.6.1. Cosumar 

 
Figure 23: Cosumar ACF Outcome 

From the figure above of the ACF of the data related to the company Cosumar, we can notice a 

decreasing movement which implies that the sires had a positive trend, and that all the spikes are 

above the 95% significance boundaries represented as the blue dotted lines. This furthermore 

supports our conclusion from the ADF test that the data is non-stationary.   

 
Figure 24: Cosumar PACF Outcome 
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The above figure of the PACF shows one spike above the 95% significance boundaries 

represented as the blue dotted lines. The spike is located at lag 1, therefore, we can use an order 

of difference d=1 to apply the differencing function in Figure 22. The following figure represent 

the re-evaluation of the data after differencing.  

 
Figure 25: Cosumar Differencing Outcome 

 
Figure 26: ADF Test After Differencing 

We can see that the general behavior had changed form the original data layout. The series has 

become relatively stationary.  
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4.6.2. Banque Centrale Populaire (BCP) 

 
Figure 27: BCP ACF Outcome 

From Figure 27 above of the ACF of the data related to the company BCP, we can notice a 

decreasing movement which implies that the sires had a positive trend, and that all the spikes are 

above the 95% significance boundaries represented as the blue dotted lines. This furthermore 

supports our conclusion from the ADF test that the data is non-stationary.   

 

 
Figure 28: BCP PACF Outcome 
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The above figure of the PACF shows many spikes above the 95% significance boundaries 

represented as the blue dotted lines. We can use an order of difference d=2 to apply the 

differencing function in Figure 22. The following figure represent the re-evaluation of the data 

after differencing.  

 

 
Figure 29: BCP Differencing Outcome 

 
Figure 30: ADF Test After Differencing 

We can see that the general behavior had changed form the original data layout. The series has 

become relatively stationary. 
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4.6.3. LafargeHolcim 

 
Figure 31: LafargeHolcim ACF Outcome 

From Figure 31 above of the ACF of the data related to the company LafargeHolcim, we can 

notice a decreasing movement which implies that the sires had a positive trend, and that all the 

spikes are above the 95% significance boundaries represented as the blue dotted lines. This 

furthermore supports our conclusion from the ADF test that the data is non-stationary.   

 
Figure 32: LafargeHolcim PACF Outcome 
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The above figure of the PACF shows many spikes above the 95% significance boundaries 

represented as the blue dotted lines. We can use an order of difference d=3 to apply the 

differencing function in Figure 22. The following figure represent the re-evaluation of the data 

after differencing.  

 

 
Figure 33:LafargeHolcim Differencing Outcome 

 
Figure 34: ADF Test After Differencing 

We can see that the general behavior had changed form the original data layout. The series has 

become relatively stationary. 

4.7. Analyze of ACF and PACF 
To analyze the ACF and PACF, we will re-plot the auto-correlation functions using the output of 

the differencing operation that we did in the previous step. We will then use the function 

“auto.arima” that will provide us with optimal parameters calculated by the machine.  

The AIC and BIC represent likelihood criteria  
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Figure 35: Analysis of the ACF and PACF 

⇒ Output 

4.7.1. Cosumar 

 
Figure 36: Cosumar ACF Differenced Outcome 
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Figure 37: Cosumar PACF Differenced Outcome 

 
Figure 38: “auto.arima” Outcome 
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4.7.2. Banque Centrale Populaire (BCP) 

 
Figure 39: BCP ACF Differenced Outcome 

 
Figure 40: BCP PACF Differenced Outcome 
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Figure 41: "auto.arima" Outcome 

4.7.3. LafargeHolcim 

 
Figure 42: LafargeHolcim ACF Differenced Outcome 
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Figure 43: LafargeHolcim PACF Differenced Outcome 

 
Figure 44: "auto.arima" Outcome 

4.8. Forecasting 
As explained previously in this paper, “Forecasting refers to the process of using statistical 

procedures to predict future values of a time series based on historical trends” [27]. To do so, we 

must look at the forecasting equations, retrieved from [26], that are formulated as follows: 

If d=0: 𝑦# = 𝑌#, 

If d=1: 𝑦# = 𝑌# − 𝑌#&', 

If d=2: 𝑦# = (𝑌# − 𝑌#&') − (𝑌#&' − 𝑌#&-), 

If d=3: 𝑦# = (𝑌# − 𝑌#&') − (𝑌#&' − 𝑌#&-) − (𝑌#&- − 𝑌#&.), 

Where y is the difference of Y of order d. 

4.8.1. Auto Defined ARIMA Model  

In this section, we use the software to find an optimal parameter (p, d, q). We use the function 

“auto.arima” to do so, and plot the results of the time series using the function “tsdisplay”.   
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Figure 45: Auto defined ARIMA Model 

⇒ Output 

Cosumar 

 
Figure 46: Cosumar Model Output 

The output of the model, as seen in the figure above, is composed of a residual of the data along 

side with an ACF and PACF. The parameters picked by the machine are (4,1,5) for the data of 

the company Cosumar, where the series was differenced one time, the number of time lags is 4, 

and the order of the moving-average model is 5.      



	

 35 

Banque Centrale Populaire (BCP) 

 
Figure 47: BCP Model Output 

The figure above represents the output of the time series using the automated ARIMA. The 

parameters picked by the machine are (4,1,4) for the data of the bank BCP, where the series was 

differenced one time, the number of time lags is 4, and the order of the moving-average model is 

4.      
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LafargeHolcim 

 
Figure 48: LafargeHolcim Model Output 

The parameters picked by the machine are (2,1,2) for the data of the bank BCP, where the series 

was differenced one time, the number of time lags is 2, and the order of the moving-average 

model is 2. And as shown in the figure above, the output displays a residual of the auto ARIMA 

function, an ACF, and a PACF. 

4.8.2. Forecast without Seasonality Component 

To forecast without the seasonality component, we will forecast the data that we differenced in 

the previous step. We use the function “forecast” and plot its output as follows. 

 
Figure 49: Forecast without Seasonality Component 

⇒ Output 

We are able to see the forecast of the three companies Cosumar, BCP, and LafargeHolcim as 

shown in Figures 54, 55, and 56 respectively.  
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Cosumar 

 
Figure 50: Forecast without Seasonality Component of Cosumar 

In figure above, we can notice that the forecast of the company Cosumar appears to be smooth. 

This is due to the fact that the seasonal component was retrieved from the series. The most likely 

forecast is represented by the line in blue, along with the 80% confidence interval and the 95% 

confidence interval. We notice that the forecast is represented following a stable behavior as an 

almost constant line. After converting the forecast to data set we find that the price is deviating 

between the prices of 279 and 280 Dhs as shown in the figure below.  
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Figure 51: Converting Forecast into Data 

Banque Centrale Populaire (BCP) 

 
Figure 52: Forecast without Seasonality Component of BCP 
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In figure above, we can notice that the forecast of the company BCP appears to be increasing 

then stabilizing. The seasonal component was retrieved from the series thus the data seems 

smooth in the graph. The most likely forecast is represented by the line in blue, along with the 

80% confidence interval and the 95% confidence interval. We notice that the forecast is 

represented slightly increasing at the beginning of the forecast the slightly decreasing to finally 

stabilize. After converting the forecast to data set we find that the price increased to from 278 

Dhs to 280 Dhs, decreased again to 279 Dhs and stabilized at 280 Dhs. We can clearly see the 

fluctuation in the figure bellow. 

 
Figure 53:: Converting Forecast into Data 
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LafargeHolcim 

 
Figure 54: Forecast without Seasonality Component of LafargeHolcim 

In figure above, we can notice that the forecast of the company LafargeHolcim appears to be 

increasing then stabilizing. The seasonal component was retrieved from the series thus the data 

seems smooth in the graph. The most likely forecast is represented by the line in blue, along with 

the 80% confidence interval and the 95% confidence interval. We notice that the forecast is 

represented slightly increasing at the beginning of the forecast the slightly decreasing to finally 

stabilize. After converting the forecast to data set we find that the price increased to from 1691 

Dhs to 1725 Dhs, decreased again to 1711 Dhs and stabilized at 1715 Dhs. We can clearly see 

the fluctuation in the figure bellow. 
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Figure 55: Converting Forecast into Data 

4.8.3. Forecast with Seasonality Component 

To forecast with the seasonality component, we need to include the seasonal component to the 

data. Thus, we will use the function “auto.arima” with the seasonal component included to auto 

generate the ARIMA parameters . We use the function “forecast”, plot the forecast generated, 

and display its residual output. 

 
Figure 56: Forecast with Seasonal Component 
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⇒ Output 

Cosumar 

 
Figure 57: Cosumar ARIMA Parameters 

 
Figure 58: Cosumar Forecast with Seasonal Component 

Form the output in the figure above, we can notice that the forecast of the company Cosumar 

without seasonality and with seasonality appear to be the same. After converting the forecast to 

data set we find that the price is similar to the non-seasonal set of prices. It is deviating between 

the prices of 279 and 280 Dhs as shown in the figure below.  
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Figure 59: Converting Forecast into Data 

 
Figure 60: Cosumar Residual Outcome with Seasonality 
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The auto generated ARIMA parameters for the company Cosumar are (4,1,5) as shown in the 

figures above.   

Banque Centrale Populaire (BCP) 

 
Figure 61: BCP ARIMA Parameters 

 
Figure 62: BCP Forecast with Seasonal Component 

In figure above, we can notice that the forecast of the company BCP with the seasonal 

component is similar to the one without the seasonality component. We notice that the forecast is 

represented slightly increasing at the beginning of the forecast the slightly decreasing to finally 

stabilize. The figure bellow shows the forecasted price fluctuation given by our model. 



	

 45 

 
Figure 63: Converting Forecast into Data 

 
Figure 64: BCP Residual Outcome with Seasonality 
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The auto generated ARIMA parameters for the bank BCP are (4,1,4) as shown in the figures 

above. 

LafargeHolcim 

 
Figure 65: LafargeHolcim ARIMA Parameters 

 
Figure 66: LafargeHolcim Forecast with Seasonal Component 

In figure above, we can notice that the forecast of the company LafargeHolcim with the seasonal 

component is similar to the one without the seasonality component. We notice that the forecast is 

represented slightly increasing at the beginning of the forecast the slightly decreasing to finally 

stabilize. The figure bellow shows the forecasted price fluctuation given by our model. 
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Figure 67: Converting Forecast into Data 

 
Figure 68: LafargeHolcim Residual Outcome with Seasonality 

The auto generated ARIMA parameters for LafargeHolcim are (2,1,2) as shown in the figures 

above. 
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4.9. Cartier Sâada 
The analysis for the company Cartier Sâada was added due to the non-volatility of the data 

gathered. We were able to conduct the ARIMA analysis and forecast the data using R the same 

way it was done for the other companies (See Appendix). Choosing the parameters for the 

ARIMA analysis was not as challenging since the seasonality and trend of the data wasn’t as 

pronounced compared to the previous companies.  
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5 Interpretation and Comparison of the Results 
After forecasting comes comparing the outcome produced by our model with actual data 

5.1. Cosumar 

 
Figure 69: Cosumar Forecasted output with actual data 

The figure above represents stock price regarding the company Cosumar along side with the 

forecasting, that we performed in the previous section of the project, and the actual data retrieved 

form Casablanca Stock Exchange website represented in red. Since the forecasted curve is a 

moving average, it is not surprising to se that the actual data fluctuates more. Yet we can see that 

the actual data fits within the forecasted range. Which shows that our forecast is accurate.   
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5.2. Banque Centrale Populaire BCP 

 
Figure 70: BCP Forecasted output with actual data 

The figure above represents stock price regarding the company BCP along side with the 

forecasting, that we performed in the previous section of the project, and the actual data retrieved 

form Casablanca Stock Exchange website represented in red. The forecasted curve is again 

smoother than the actual data since it represents a forecasted moving average. In this case also, 

we can see that the data fits within the range. We can see that the data of the month of January 

increased a little bit more that the forecasted one but stayed within the 95% range while what 

was left of the data fluctuated around the forecasted line. Which shows that our forecast is 

accurate.   
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5.3. LafargeHolcim 

 
Figure 71: LafargeHolcim Forecasted output with actual data 

The figure above represents stock price regarding the company lafargeHolcim along side with 

the forecasted graph, that we performed in the previous section of the project, and the actual data 

retrieved form Casablanca Stock Exchange website represented in red. Since the forecasted 

curve is a moving average, we can notice that it is smoother than the actual data. In the case of 

the company LafargeHolcim, we notice that the data is within the rage. The forecast curve 

predicted an increase at the beginning of the month, which in fact can be seen in the actual data. 

Yet, the forecast curve estimated that the data will be relatively stable, while we can see the 

actual data is decreasing, but still being within the forecasted range. Which shows that our 

forecast is accurate.  
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6 GARCH vs ARIMA  
Generalized Autoregressive Conditional Heteroskedasticity, also known as GARCH, is a 

statistical model used for time series analysis that uses random variances within the data to be 

able to explain and forecast the series. The model has two parameters p and q, where p is the 

order of variance in the data, and q is the order of error [28]. The GARCH model, as it name 

suggests, is a generalized method where data with volatility periods and stable periods is more 

efficiently represented. These periods not always being known is what requires a general model 

that randomize the time periods since their pattern is unknown.  

The same way the ARIMA model make a variable at a certain time depending on its previous 

variable and a random term, the GARSH models operates in a way that makes the volatility at a 

certain time depend on its previous volatility and a random variable [29]. 

 The GARCH model is known for being used and most efficient with highly volatile data the 

same way the ARIMA model is able to capture the variability of data and is capable of 

smoothing the data by correcting it unwanted trends [30]. 

In our case, the volatility of the data gathered is not very high, thus the ARIMA model, 

theoretically, will be able to give us the most accurate forecast.  

In this part of the project, the implementation of the GARCH model was done on the company 

Cosumar only. 

The first step was including the necessary libraries for the implementation, them being: “fGarch” 

and “rugarch”. 

The second step was the implementation of the GARCH model in the R software using our 

original Cosumar stock prices’ data (See figure 72). 

 
Figure 72:Implementation of the GARCH model for the company Cosumar 

Using the “garch” function on the stock prices of the company Cosumar, we get the following 

outcome as seen in the figure below.  
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Figure 73: Outcome of the GARCH function 

The outcome of the “garch” function, as seen in the figure above, represents the stock prices that 

vary from 347 to 183 Dhs (as we saw in the graph that represents the data) 
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Figure 74: Outcome of the summary of the GARCH function 

Through the summary that we conducted on the variance of the data, as seen in the figure above, 

we get a median of 1.0026. By changing the coefficient, we get different standard errors and t-

values. For both the residuals and squared residual, when tested, we get a p-value lower that 5%.  

 
Figure 75: Plot of the Outcome of the GARCH Function 
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Figure 76: ACF Outcome 

The function “garchFit”, implemented in the figure below, allows us to plot a wide range of 

functions such as the Time Series, ACF, Residuals… 

 
Figure 77: "garchFit" Function 

 
Figure 78: "garchFit" Function Outcome 

We select to plot the Time Series as an example and we get the following: 

 
Figure 79: Time Series Outcome Using the GARCH model 

  



	

 56 

7 STEEPLE ANALYSIS 

7.1. Socio-Cultural Factor 

Forecasting being something that everyone is looking for in financial markets, not only helps 

communities earn more and risk less, it may help countries, or the world in general, avoid major 

crises that could be faced. In addition to this, predicting the future (up to a reasonable extent) has 

always been something that all cultures are aspiring to reach. By achieving this goal, it will 

definitely help the world live more comfortably.   

7.2. Technological Factor 

The 21st century heavily relies on technology such as smartphones and computers. Other than the 

fact that the language that is used for the time series relies on the availability of a machine where 

it can be installed, it needs to be mentioned that all of my research, data gathering, 

implementation, result and analysis is done on a computer. Moreover, for this project I will be 

relying not only on the R language, but also on Excel for many tasks. 

7.3. Environmental Factor 

Forecasting is not a tool used only in financial world. In fact, any behavior that holds a certain 

pattern, or has data that can be linked to previous information, can be forecasted. To clarify my 

point, the example of water consumption can be used. It is commonly known that without water, 

there is no life, and its consumption is essential and rapidly increasing. The future amount of 

water used can be linked to the current and past one, thus a time series analysis can be 

implemented to predict water consumption in the future and could possibly be beneficial. 

7.4. Economic Factor 

The economic factor does not greatly impact my project. The R software is accessible for free, so 

is Excel. As for data gathering, it is done on the official website of Casablanca Stock Market, also 

available for free online.  

7.5. Political Factor 
There is no limit to the fields that time series can be used in. It can be implemented for political 

purposes if needed. This tool can possibly help the economy of a country, thus influencing it 

politically, which can benefit the development of the country as a whole.  
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7.6. Legal Factor 
For the legal feasibility, and since this project depends on data that gathered, data protection laws 

will be taken into account and applied during the search, and no information will be acquired 

illegally or without the approval of the institution involved.  

7.7. Ethical Factor 

Time series analysis is an ethical approach that can be used in various domains. It benefits society 

in different ways all within ethical brackets.  
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8 CONCLUSION AND FUTURE WORK 
The increasing demand for financial assets is very apparent. Although the word trade is 

equivalent to the word risk, trading has become an essential practice in this day and age. In this 

context, this capstone project’s aim is to try to minimize the risk taken by traders, and that is 

accomplished through the use of todays’ technology and predicting the future behavior of 

financial assets. Being able to, at a certain level on certainty, forecast the future prices of a stock 

or a bond is, not only beneficial to the people who trade, but also encourage other people to do 

so. By pushing more people to trade, the liquidity of the market will increase and our country’s 

stock market will evolve more and more, thus advancing and competing with other international 

financial markets.  

Throughout this project, there were few limitations worth to mention. First, to conduct 

this analysis, my main source of information was the Casablanca Stock exchange market’s 

website. Yet what was noticeable is that the Moroccan companies were not listed in international 

financial websites (like Yahoo Finance for example). Even though the extraction of the data was 

straight forward, processing it has proved to be a challenge. Second, this has been my first time 

working with the R language and the ARIMA model, which created a challenge for me. 

 The future work of this project will be conducting a more thorough comparison between 

the ARIMA model and the GARCH model since the analysis that was done in this project was 

just to get an idea about the way GARCH model operates. Furthermore, the forecasting topic is 

still far from being perfect. Everyone is aspiring to forecast, at a high level of certainty, future 

stock outcome, which is very challenging even with today’s technology development. 
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