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ABSTRACT 
 

The desire to reduce the amount of time that human traders take for making a decision in the 

portfolio trading environment (implementing a huge number of trades at the same time) and the 

high- frequency trading (HFT) (implementing a trade in a portion of a second) has led to a fusion 

of mathematics and finance that lead to the development of complex algorithms. Big financial 

industries keep their used models secret as they signify the strategic value for the contributors. 

Their goal is to find patterns that can predict price movements and market trends, so that they can 

make a profit and minimize the risk by handling assets and trading them on the market. For this 

matter, in this capstone project, we will explore the use of the Generative Adversarial Networks 

(GAN) and Long-Short Term Memory (LSTM) for the market risk assessment. We will use the 

deep learning methods mentioned above by means of the python language to provide the prices 

forecasting as well as measuring the risk of some financial products from the Moroccan Stock 

Market (CSE) using the Value-at-Risk (VaR). 

Key words: Value-at-Risk, Deep Learning, Python, LSTM, GAN.   
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RESUME 

 

L’envie de réduire le temps que les boursières prennent pour prendre une décision dans le 

domaine de la négociation de portefeuille financier (implémentation d'un grand nombre 

d’échange de produits en même temps) et la négociation à haute fréquence (HFT) 

(implémentation d'un échange des produits financiers dans une partie d’une second) a mené à une 

fusion des mathématiques et de la finance qui a provoqué le développement d'algorithmes 

complexes. Les grandes industries financières gardent leurs modèles utilisés secrets car ils 

signifient la valeur stratégique pour les contributeurs. Leur objectif est de trouver des modèles qui 

peuvent prédire les mouvements de prix et les tendances du marché, afin qu'ils puissent faire un 

profit et minimiser le risque en manipulant des actifs et en les négociant sur le marché. À cet 

égard, dans ce projet de synthèse, nous explorerons l'utilisation du réseau antagoniste génératif 

(GAN) et de « long-short term memory » (LSTM) pour l'évaluation des risques liés aux produits 

du marché. Nous utiliserons les méthodes d'apprentissage en profondeur mentionnées ci-dessus 

au moyen du langage python pour fournir les prévisions de prix ainsi que pour mesurer le risque 

de certains produits financiers de la bourse de Casablanca  (CSE) en utilisant la valeur à risque 

(VaR). 

Mots-clés: Valeur à risk, Deep Learning, Python, LSTM, GAN.   
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I. Introduction: 

 

Background: 

 

Financial institutions (FI) and FinTechs are seeking new technologies and analytical approaches 

to manage and solve the financial problems. Artificial intelligence methods like deep learning are 

the current trend in the financial services sector. They are considered the perfect fit to most of the 

obstacles that are facing the financial sector such as risk modeling and assessment, money 

laundering, in addition to detecting any kind fraud. Deep learning has the ability to analyze 

immense amount of data with deep and accurate predictions using several approaches even 

though it is considered a highly dependent context since the quality and the accuracy of the result 

is based on the availability and the quality of the data used. 

Capstone aim: 

 

This capstone project aims to shed more light on the use of deep learning as a machine learning 

method to solve the risk modeling problem in the Moroccan stock market or what is known as 

Casablanca Stock Exchange (CSE). The main objective would be to increase the risk appetite of 

domestic investors to invest more in the CSE, which will hopefully help in increasing the 

liquidity of the market. Using this model, the investors are going to be provided with accurate 

predictions of the stock price changes and the upcoming risk; based on these information, they 

are going to be aware of the consequences of their investment and thus they can adjust both their 

risk tolerance and appetite. 
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Report outline: 

 

To better present this capstone project, the first chapter will provide literature grounding to the 

reader where the most important key words to better understand the process of the model used. 

The following chapter will discuss the methodology followed in the making of this project 

including the research done, data gathering and analysis, and the coding frame used. Furthermore, 

there will be included a chapter about the STEEPLE analysis where the project is going to be 

tackled from different aspects. The latter chapter will be including the implementation models 

used and a reflection on their results. Finally, a comparison and a conclusion will sum up the 

results of the methods executed in this project in addition to any future work that can be 

developed through this project to achieve better or be exerted on other problems.  

II. Literature Grounding 

2.1 AI and ML: 

 

AI or Artificial Intelligence is the forming of programmed machines that can imitate human 

intelligence independently from any human intervention. The main objective of AI is to build a 

machine that can simulate and perform complex tasks such as reasoning, comprehension, 

training, and learning with the help of simple and complex algorithms depends on the intricacy of 

the procedure we want to execute [1]. 

Machine learning (ML) is a subset of artificial intelligence that is from its name, we get that it 

means the capability of machines to learn, adjust, and improve its knowledge about new input 

autonomously [1].  
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Figure 1: the subsets of AI 

2.2 Deep Learning: 

 

Deep learning is an artificial intelligence method that teaches machines to understand how the 

human brain works. Deep learning algorithm enables modern technology to solve complex and 

unstructured problems. This algorithm is a loop that keeps on exposing big data to the neural 

network until the required outcome is achieved. Deep learning can also be defined as subset of 

machine learning in which the difference between them is that deep learning algorithm train itself 

without human interference.[3] 
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Figure 2:The difference between ML and DL 

 

2.3 Neural Networks: 

 

Neural network is a group of algorithms that copy how the human brain functions by analyzing 

and interpreting the relationships in a big data set. In nature, neural network can be referred to as 

organic or artificial systems of neurons. This system can be readjusted if the input is changed, 

hence the best possible result can be achieved without modifying the output criteria. [3] 
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Figure 3: a simple neural network 

2.4 Recurrent Neural Networks: 

Recurrent neutral networks (RNNs) can be defined as a type of artificial system of neurons that 

are fit to process time-series data and other type of data. The provided input samples of RNNs are 

dependent from each other. Also, this network saves the past and present data to develop an 

output of the new data. [3] 

 

Figure 4:The Recurrent Neural Network 
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2.5 Long-Short-Term-Memory LSTM: 

 

LSTM is a subsequent of the RNN and can process, classify and make prediction of a single or 

multiple time series data set even if there is an unknown time lag between events in the data. 

Many scientists consider the LSTM approach to be the best in handling forecasting and stock 

market behavior problems that mainly depends on historical data. When adding a new data to a 

basic neural network, the entire data, whether it classified as important or not important, in the 

neural network is modified by a sigmoid function that uses addition and multiplication 

techniques. The following figure 5 explains how the LSTM works. The LSTM method uses cell 

states mechanism in which the data is carried from the input gate and flows to the forget gate 

where the data is selectively remembered or forgotten. When the data is remembered it then 

travels to the output gate using the memory cell output. [3] 

 

Figure 5:The structure of the LSTM 
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2.6 Autoencoder: 

Auto Encoder (AE) is a specific neural network that uses compression as form to measure and 

compare the similar input and reconstructed output layers using a feed forward approach 

(compressing the input and turn it into an output by decompressing it). The following figure6 

illustrate the purpose of AE which is to minimize the percentage error between the input and the 

reconstructed output layers by adding more features within the hidden layers. [3] 

 

Figure 6:The AutoEncoder neural network 

 

2.7 Risk and Variance: 

 

Risk has many definitions that differ depending on the topic discussed. But in most cases it can 

be measured using the standard deviation and the variance. The following equation explains the 

how risk is calculated. [4] 
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In our case, we used the corporate finance textbook to define risk that is “the expected return in 

which the actual return deviates for the mean return”. [4] There exist two types of risk, the market 

risk and the unique risk in which if we add the two types of risk it will give us the total risk. The 

market risk that is also known as systematic risk is “the Economy-wide sources of risk that affect 

the overall stock market”. [4] The main reason why it called systematic risk is that it shows the 

volatility and fluctuations that exist in the market because of “large-scale factors” like inflation. 

The unique risk which is also known as the unsystematic risk or diversifiable risk is “Risk factors 

affecting only that firm”. [4] In other words, unique risk occurs inside the company that you 

invested due to microeconomic factors which can be managed using diversification that is “a 

common Strategy designed to reduce risk by spreading the portfolio across many investments”. 

[4] 

In the case of a portfolio, covariance between different assets is necessary to calculate the 

variance and hence the risk. To simplify the process, we use the following figure to explain how 

the variance portfolio is measured   

 

Figure 7: The way the variance portfolio is measured 

The variance of the return stock (σ2) is multiplied by the square of the proportion invested in it 

(𝑥2) are filled in the top left box and the bottom right box of the figure. The proportion invested 
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in the two assets should be equal to 1 (X1+X2=1). The other entries of the boxes depend mainly 

on their covariance which is the two standard deviations multiplied with the product of the 

correlation coefficient (𝜌12).  

    Covariance = σ12= 𝜌12σ1σ2 

It is worth mentioning that if the correlation coefficient is different from 0 means that the two 

assets behaves in the same directions (correlation>0) or in the opposite direction (correlation<0). 

In case the correlation is equal to 0 then the assets have no relationship between each other. 

The portfolio variance is simply calculated by adding the entries of the four boxes and the 

portfolio standard deviation is the square root of the portfolio variance. It is simplified in the 

following equation. [3] 

 

 

2.8 Value at Risk (VaR): 

 

Nowadays, Value at risk is the new science for risk management as it is by definition the 

probability of portfolio losses exceeding some specified proportion. VAR model can also be 

described as a statistical approach that calculates a data set to interpret the overall risk findings in 

a financial portfolio. The model components are the time period, loss percentage and the 

confidence level that is usually 95% or 99%. VaR can be achieved using three different methods 

which are: the historical data method, the variance-covariance method and the Monte Carlo 

simulation. [3] 

The Historical Approach 
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This approach is simple as it sorts the data from worse to best and then from a risk perspective, it 

assumes that history will repeat itself. We can also use this approach to forecast future value. 

The variance-covariance approach 

In this approach, the stock returns are assumed to be normally distributed. Therefore, to achieve a 

normal distribution curve an estimation of an expected return and a standard deviation are 

required. The advantage of this method is that it can enables us to know where the worst 5% (if 

the confidence level is 95%) or 1% (if the confidence level is 99%) lies in the normal distribution 

curve.  

The Monte Carlo Simulation 

This approach is originally created after World War 2 which is named after a city in Monaco 

since this city is famous in luck and random encounter of gambling. It runs random generated 

trials to predict future stock price returns.  

All in all, VAR approaches can manage risk by predicting the worst case scenario of an 

investment, over a specific period of time N (daily, monthly or yearly) using a specified 

confidence level degree. 

 

2.9 Convolutional neural networks (CNN): 

 

Convolutional neural network (CNN) is a deep neural network that consists of five different types 

of layers. The following figure8 shows the process of the intake image in these layers which are; 

input, convolution, max pooling, fully connected and output. To simplify the figure, CNN role is 
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to identify learnable characteristics of the image such as weight and length and to be able to 

differentiate between those characteristic using the features of each layer. This deep neural 

network has made data classification of the image very known and it can be used in data 

classification in forecasting and natural language processing. [3] 

 

Figure 8: The process of the intake image in the CNN layers 

2.10 Generative Adversarial networks (GAN): 

 

Generative Adversarial networks (GANs) is a deep learning technique that was invented in 2014 

by Ian Good-Fellow. It is called GAN because it has a generator network in one corner while in 

the opposite corner there is it adversary network that is called discriminator network. This 

method is used to estimate the variance-covariance matrix and it can also be applied in the Monte 

Carlo simulations.  The following figure9 summarize this technique. [3] 
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Figure 9: How the GAN works 

We can see from the figure that GAN has multilayer perceptron’s (MLP) that are generator and 

discriminator. These MLP can reduce the noise and extract feature. Once the random noise that is 

also called training data is input inside the GAN, the generator try to accomplish it task which is 

to create fake data that are as accurate as possible to the real data so that this network can cheat 

the discriminator. Once the discriminator receives the random noise and the generated data, it 

then should be able to discriminate and identify which one is the real and the fake data. 

The purpose of GAN in our project is to be able to identify the distribution for assets .To achieve 

this purpose the technique used will extract features from the historical data. 

III. Methodology 

3.1 The Moroccan stock market: 

The Moroccan stock market or what is known as Casablanca Stock Exchange (CSE), was 

established in 1929, and is the only official stock market of the kingdom of morocco and the third 

most important and largest one in Africa. In 1993, the CSE experienced a major reformation that 
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causes the installation of an online trading platform and modern equipment. In January 2002, the 

Index de la Bourse des Valeurs de Casablanca (IGB) was replaced by two indexes: MASI 

(Moroccan All Shares Index) that contains all the listed shares in CSE, and MADEX (Moroccan 

Most Active Shares Index) as its name indicates, it comprises the most active shares listed in 

CSE. In addition to these two indexes, there is CFG 25; this index groups 80% of the total CSE 

market capitalization with only 25 stocks. In April 2009, “the CSE instigated a set of new 

regulations to enhance investment transparency, protect investors’ rights, and attract foreign 

investors. Even though the launching of these new regulations was a substantial step in the 

process of revitalizing the market and restoring investors’ confidence, the main challenge remains 

the enforcement of these regulations” [2]. This implies that developing countries, like Morocco, 

suffer from the lack of information availability and weak legal regulations, which creates a gap 

between the investors and financial managers when it comes to information flow. Also, most of 

corporate finance studies such as risk assessment needs availability of data the thing that we 

cannot find in emerging markets like CSE. Also, one of the main reasons of the illiquidity of the 

Moroccan stock market is the percentage representing the stocks held by the big institutions 

compared to that of individuals and small investors. These institutions are the big guys on the 

block and are representing investment banks, hedge funds, endowment funds, money managers, 

etc. They have a big influence on the stock market’s movements by moving large blocks of 

shares which is not the case in CSE where they are adopting the long term investment strategy. 

They do not care if the stock price went up or down or whether they are losing in a certain period 

but rather the long term gain that is going to sum up all the period they owned those shares. 

 3.2 Data gathering: 

The data gathered focuses mainly on the historical close prices of the chosen financial products 

over 252 days. The data was gathered from “Investing” website since it was the only platform 
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that provides most of the products listed in Casablanca Stock Exchange with all the needed 

information about each financial security. We collected and split our data into three categories: 

low, medium, and high risk securities from different fields. The two main criteria to choose our 

products are volatility and liquidity since understanding both of them means understanding the 

risk. As mentioned before the CSE contains about 76 products only 20 that are both liquid and 

volatile, which helps in narrowing our options.  

The first task was to spot the low risk assets from CSE based on the market capitalization, 

choosing the ones with high volume of daily trades, and low volatility. From the chart generated 

by CSE, we noticed that the banking sector assets are considered the safest since they have high 

liquidity but very low volatility. From these financial products, we chose AttijariWafa Bank 

(ATW) as our low risk asset in our study; the following figure (Figure10) represents the volatility 

and market capitalization of ATW. 

 

Figure 10: Volatility and liquidity of ATW in 19/20 
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In the second case (Figure11), we were looking for a stock with a moderate volatility and 

liquidity ratio of its stock prices. For these specifications, RISMA Maroc (RIS) was the qualified 

financial product for this study.   

 

Figure 11: Volatility and liquidity of RISMA MAROC in 19/20 

For the high risk assets category, they are characterized as highly volatile and rarely traded. After looking 

at the charts presented by CSE (Figure12), we chose ALLIANCES as the high risk stock that is going to 

be used in the implementation of the model used in this capstone project. 
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Figure 12: Volatility and liquidity of ALLIANCES in 19/20 

  

 

3.3 Data analysis: 

Figure 10 represents the volatility and liquidity of ATW. We can see from the graph that the 

stock’s volatility is not high from January 2019 to February 2020 then the stock price dropped 

dramatically starting March. This high decrease in the stock price can be explained by the 

COVID-19 pandemic that causes an economic crisis all around the world. Moreover, the stock’s 

liquidity was very high by the beginning of 2019 but then it decreased to stabilize after. 

RISMA is considered to be a medium risk asset since; as it is shown in figure 11, it has both 

moderate volatility and a moderate market volume and moderate volatility. 

Alliances’ stocks are considered risky, as shown in figure 12, because they have a very low 

liquidity while they knew a set back and their stock prices decrease over the period 2019/2020. 

We can clearly observe the impact of COVID-19 on the stock prices as they dropped from 70 

MAD to 25 MAD during a total period of 4 months. Moreover, if we looked at Figure12, we 
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noticed that the stock prices of Alliances dropped before the pandemic started. This decline in the 

prices can be explained by the huge decrease in the demand during the period of 2019-2020 

which made the whole real estate industry suffer.  

In Morocco, the financial statements are reported semiannually and the drop in the demand was 

bad news for not only Alliances but all the real estate companies at the first half of 2019, which 

was reported in September 2019. This big negative news affected the stock prices to continue 

decreasing the whole second half period and was reported in March 2020 meeting with the 

pandemic and caused all these companies huge loss. Also, Alliances has almost bankrupted in 

2019 but the center bank, Bank Al Maghreb, intervened to restructure the debt of the company. 

They came to an arrangement with the debt holders to reschedule the payment of their debt where 

they succeeded to survive, finish some of their projects, and pay some of their debts. 

Unfortunately, the financial crisis caused by the pandemic of COVID19 was too powerful and 

brought them down to a worse status. 

3.4 Coding framework: 

3.4.1 Python Language: 

The simplicity in the implementation process of a code makes Python one of the most efficient 

programming languages in the world. Also, this language is preferred by developers since it is 

much less complex and more appealing than other programming languages. Moreover, 

developers believes that python language create an environment that can help produce qualitative 

systems .This is why we chose python instead of other languages so that instead of wasting 

valuable time solving technical issues of the code we would use it to cover other important 

aspects of this capstone research. Another reason why we chose this language is that it fits with 

machine learning problems as it can build models that are able to solve different issues. Even 
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though this programing language is a good tool that brings decent coding solution for engineers, 

implementing machine learning algorithms inside this language and can still be complex and 

time-consuming. Therefore, we used other python frameworks and libraries to make it simpler 

and less time-consuming. 

3.4.2 The main libraries used: 

  a) Tensorflow library: 

 

One of the libraries that we used in the implementation of this capstone is the tensorflow library. 

This library is considered to be the best for my case because it can compile faster than Theano 

library for example, and can make massive calculation when necessary due to the library ability 

to use multiple CPUs. Another example is comparing tensorflow with Caffe. The latter is proven 

to be harder to deploy the package management tool “python pip”  than tensorflow since caffe 

library demands to compile the source code each time it is use to run a code. Therefore, the 

aforementioned reasons made tensorflow the chosen library for this capstone project. 

 b) Keras library: 

 

The other python library that we used is the keras library as it goes hand in hand with the 

tensorflow library. Keras is the easiest deep learning network library in term of implementation 

process.  This library is a high- level API made on the top of tensorflow that is fabricated to 

permit fast prototyping and innovate flexible way to build a deep neural network. It can also be 

defined as an extension for tensorflow that facilitate codes readability and makes machine 

learning models implementation easier. All in all, keras cannot work without tensorflow because 

all the necessary calculations to build a model are implemented on tensorflow and keras is just a 

support for these calculations. 
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3.4.3 Google Colab Platform: 

 

Mixing deep learning with python language is the main goal to fulfill the latter of this capstone, 

and to do that we needed a proper virtual environment that can facilitate this assignment. We 

know that common machine learning problems require a huge set of data. Also, the computer 

used needs a lot of time to run the code and process the data which makes the computer slow or 

forced it to shut down sometimes. Hence, to tackle this issue we decided to use Google colab 

platform as it uses Google servers to run the python code instead of the ones of the local device. 

In addition to that, Google colab is a free tool that came up ready including all machine learning 

packages plus we can easily save and share any documents we want to use by connecting it to our 

Google drive account. All of the features that Google colab offers made us chose it to be the best 

virtual tool for this capstone project. 

IV. Empirical Results: 

4.1 Model implementation: 

 

At this stage of the project, the model was built into three stages. The first stage was executed by 

using the three traditional methods to calculate the value at risk (VaR), which are: the historical 

data method, the variance-covariance method, and the Monte Carlo simulation. Then, we used 

deep learning to first predict the stock prices using LSTM method (Long-Short Term Memoy) 

and second calculate the value at risk (VaR) using the Bidirectional Generative Adversarial 

Networks (BiGAN). 
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4.1.1 Classical calculations of VaR: 

The first step in this capstone project was to calculate the value at risk using the three classical 

methods: the historical data method, the variance-covariance method and the Monte Carlo 

simulation.  

We used python as the coding language for this task. The first step was to import the libraries and 

packages shown in Figure13 needed for the calculations. 

 

Figure 13: VaR libraries and packages 

 

Then we calculated the daily return after creating the daily return series based on the close price 

of our chosen financial products.  

 

Figure 14: Daily returns of Alliances 

 

Alliances: 



21 

  

After checking that the data we are using is free from any undefined values, we calculated the 

mean, the median, the variance, and the standard deviation. 

 

Figure 15: The values of the mean, the median, the variance, and the standard deviation of Alliances 

In figure16, we chose an increase of 0.05 standards deviation on a normal bell curve with -0.1 

and 0.1 boundaries which gives an increase set of 25%. The blue column bar graph represents the 

actual Alliances stock distribution while the red curve represents the theoretical normal 

distribution of this stock. If we look at the distribution we can spot the fat tails which means that 

the normal distribution cannot predict all the extreme events that occurs more frequently in real 

life. 

 

Figure 16: Alliances normal distribution bell curve 

The following are the different VaR that we get using the historical data method at 90%, 95%, 

and 99% confidence levels respectively.  
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Table 1: VaR at 90%, 95%, & 99% confidence level for Alliances using His method 

 

From table1, we are 90% sure that the maximum loss that can occur in the upcoming financial 

year (252 days) is 4.29%. Similarly, the maximum loss at 95% confidence level is 5.40% while 

we are 99% confident that the value at risk in the next financial period is -7.53%. 

AttijariWafa Bank: 

After checking that the data we are using is free from any undefined values, we calculated the 

mean, the median, the variance, and the standard deviation. 

 

Figure 17: The values of the mean, the median, the variance, and the standard deviation of ATW 

In figure18, we chose an increase of 0.025 standards deviation on a normal bell curve with -0.05 

and 0.05 boundaries which gives an increase set of 25%. The blue column bar graph represents 

the actual ATW stock distribution while the red curve represents the theoretical normal 

distribution of this stock. Similarly to the previous stock distribution, we can spot the fat tails 

which means that the normal distribution cannot predict all the extreme events that occurs more 

frequently in real life.  
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Figure 18: ATW normal distribution bell curve 

The following are the different VaR that we get using the historical data method at 90%, 95%, 

and 99% confidence levels respectively.  

Table 2: VaR at 90%, 95%, & 99% confidence level for ATW using His method 

 

From the table above, at 90% confidence level, we found that the maximum loss that can occur in 

the upcoming financial year (252 days) is 3.71%. Similarly, we are 95% sure that a value of -

4.74% is at risk while we are 99% confident that the value at risk in the next financial period is -

6.66%. 

Risma: 

Again, the first thing we did is checking that the data we are using is free from any undefined 

values; then we calculated the mean, the median, the variance, and the standard deviation. 
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Figure 19: The values of the mean, the median, the variance, and the standard deviation of RISMA 

 

In figure20, we chose an increase of 0.025 standards deviation on a normal bell curve with -0.075 

and 0.075 boundaries which gives an increase set of 34%. The blue column bar graph represents 

the actual RISMA stock distribution while the red curve represents the theoretical normal 

distribution of this stock. If we look at the distribution we can spot the fat tails which means that 

the normal distribution cannot predict all the extreme events that occurs more frequently in real 

life. 

 

Figure 20: RISMA normal distribution bell curve 

. 

The following are the different VaR that we get using the historical data method at 90%, 95%, 

and 99% confidence levels respectively.  
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Table 3: VaR at 90%, 95%, & 99% confidence level for RISMA using His method 

 

From table3, we can see that there is the value at risk calculated for each period is slightly 

different from one confidence level to another. At 90% confidence level, we found that the 

maximum loss that can occur in the upcoming financial year (250 days) is 3.71%. Similarly, we 

are 95% sure that a value of -4.74% is at risk while we are 99% confident that the value at risk in 

the next financial period is -6.66%. 

 

4.1.2 Stock price prediction: 

For the stock price prediction we are using the recurrent neural networks (RNN) specifically the 

long-short term memory method (LSTM) since it gives accurate results by using the most 

appropriate simple performance. It is true that LSTM takes more time than the other methods, but 

it gives better calculations and behaves well with temporal sequences like time series.  

 

Figure 21: LSTM PREDICTIONS ACCURACY 
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Now that we know which method we will be using in our stock prices predictions, we started 

importing the necessary libraries shown in figure 21.  

 

Figure 22: LSTM Libraries 

Moreover, we imported the data from google drive and created a new data frame containing only 

the close stock prices column of the three financial products we are working on separately. Then, 

we chose 80% of our data to be trained after we converted it to a numpy array. (Figure 23) 

 

Figure 23: Choosing training dataset 

We scaled all of the data to be valued between 0 and 1 since this is the interval that can be 

converted into numpy arrays and created the scaled training data set with a lag of 60 days. 

(Figure24) 
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Figure 24: the scaled training dataset 

After that, we reshaped the data into the shape accepted by the LSTM before building the 

network model. 

As shown in Figure 25, we used 4 layers where the first two were LSTM and the other two are 

dense layers since LSTM cannot give an output directly unlike the dense layer or as it is known 

as the output layer that can narrow the data points into one output. 

 

Figure 25: Building the LSTM network model 

In the compilation phase of the model (Figure26), we started the model by choosing ADAM as 

our optimizer and the root mean square error (RMSE) to measure our error then, we used 

different optimizers to see how it is affecting our model. 
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Figure 26: Model compilation 

 Model training: 

For the batch size, we tried at first a batch-size equals to 25 since we are working with 50 units at 

the first layer then 25 units at the second. Furthermore, we tried the batch-size=1, which is 

processing the data 1 by 1 that is giving us a better estimation of the parameters. We fixed that 

batch size for all the stocks that we are going to study since we were sure that it gives us better 

results but we kept changing the number of the epochs and the optimizer used (SGD & ADAM) 

to get a better fit. 

Alliances: 

The following graphs visualize the changes we get by using Adam or SGD optimizers with 

different number of epochs for Alliances stock prices. 

 

Figure 27: LSTM plot using Adam Optimizer and 15 epochs 
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Figure 28: LSTM plot using Adam Optimizer and 20 epochs 

 

 

Figure 29: LSTM plot using Adam Optimizer and 12 epochs 
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Figure 30: LSTM plot using SGD Optimizer and 15 epochs 

 

 

Figure 31: LSTM plot using SGD Optimizer and 10 epochs 

From the graphs plotted above (Figure31), we can easily spot the change of LSTM’s performance 

under any change in the hyper parameters. The following table gives us a clearer idea about how 
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the root mean square error is changing based on the modifications we are making in the 

parameters while studying the stock prices of Alliances. 

Table 4: The RMSE using different hyper parameters for Alliances 

The hyper parameters used RMSE 

ADAM with 15 epochs 0.9675 

ADAM with 20 epochs 1.2493 

ADAM with 12 epochs 0.94701 

SGD with 12 epochs 0.8734 

SGD with 10 epochs 0.85213 

 

Based on the graphs above and table 4, we can say that our model is behaving well giving very 

close predictions to the actual values using the SGD optimizer that gives the lowest RMSE equals 

to 0.85213. By increasing the number of epochs, we are not doing any good to our model but 

rather we are overfitting it. Overfitting a model by increasing the number of epochs means that 

we trained our model so much to the point that it probably won’t be able to train any longer or 

poorly perform on the unseen data since we increased with it the risk of the weights and the 

biases being tuned. 

AttijariWafa Bank: 

The following graphs visualize the changes we get by using Adam or SGD optimizer with 

different number of epochs for AttijariWafa Bank stock prices. 
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Figure 32: LSTM plot using ADAM Optimizer and 20 epochs for ATW 

 

Figure 33: LSTM plot using SGD Optimizer and 17 epochs for ATW 
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Figure 34: LSTM plot using SGD Optimizer and 16 epochs for ATW 

 

From the graphs plotted above, we can easily spot the change of LSTM’s performance under any 

change in the hyper parameters. The following table 5 gives us a clearer idea about how the root 

mean square error is changing based on the modifications we are making in the parameters while 

studying the stock prices of ATW. 

Table 5: The RMSE using different hyper parameters for ATW 

The hyper parameters used RMSE 

ADAM with 20 epochs 4.71218 

SGD with 17 epochs 5.1781 

SGD with 16 epochs 4.6434 
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Based on the graphs and the table above, we can say that our model is behaving well giving very 

close predictions to the actual values using the SGD optimizer with only 16 epochs that gives the 

lowest RMSE equals to 4.6434.  

Risma: 

The following graphs visualize the changes we get by using Adam or SGD optimizer with 

different number of epochs for Risma stock prices. 

 

Figure 35: LSTM plot using ADAM Optimizer and 17 epochs for RIS 
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Figure 36: LSTM plot using SGD Optimizer and 17 epochs for RIS 

From the graphs plotted above, we can easily spot the change of LSTM’s performance under any 

change in the hyper parameters. The following table 6 gives us a clearer idea about how the root 

mean square error is changing based on the modifications we are making in the parameters while 

studying the stock prices of Risma. 

 

Table 6: The RMSE using different hyper parameters for RIS 

The hyper parameters used RMSE 

ADAM with 17 epochs 5.249 

SGD with 17 epochs 8.126 

 

Based on the graphs and the table above, we can say that our model is behaving well giving very 

close predictions to the actual values using the Adam optimizer that gives the lowest RMSE 

equals to 5.249.  
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After finding the right parameters that give the best accuracy, we wanted to predict the price of 

the stock for the following day to our maximum date 23-10-2020. Using a lag of 60 days, we 

found that our price prediction for day 24-10-2020 is to be 32.0812 MDHs. After the stocks 

prices at that day were shared to the public, we checked the stock price of Alliances in CSE at the 

day to find it  equal to 32 MDHs, which is very close if not the same as the one we got using our 

predictions. 

 

Figure 37: Close price prediction using LSTM 

4.1.3 BiGAN to calculate VaR: 

This step is considered the core of this capstone since we are using BiGAN as the chosen deep 

leaning tool to calculate the value at risk of our companies. We chose BiGAN for this task 

because it is a useful tool that will allow us to deal with potentially high dimensional data such as 

the complex financial services data.  

A basic GAN is composed of two AI models: a discriminator D and a generator G. The 

discriminator’s goal during the data training is to check whether a set of data is real or it is 

generated. The generator’s aim is to deceive the discriminator by learning how to create reallike 

fake samples of data by changing noise variables z into a sample called G (z). Both the 

discriminator and the generator are self-improved during the adversarial process given by the 

following equation: 
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Where: 

 V (D, G) is the binary cross entropy function for binary classification problems. 

 Pdata(x) denotes the real data distribution. 

 Pz(z) is the noise variable. 

 

To fulfill the goal of GAN that is classifying the real data samples and the fake data sample, both 

G and D attempt respectively to minimize and maximize V (D, G), hence creating the adversarial 

relation expressed in the GAN equation above. 

There are so many researches developed different GAN types by changing the structure or the 

objective function to solve its limitations. The limitations of GAN are summarized in the 

practical issues and the theoretical assumptions that cannot be realized such as the insufficient 

capacity of the discriminator and the inability to learn the inverse mapping. Indeed, BiGAN is 

one of the types with structure deformation where the discriminator does not only take inputs 

from the data space but also consider the data coming from the latent space. The BiGAN has an 

additional component named the encoder E. The encoder E learns how to map from the real data 

sample x to the latent representation of data z. While the aim of the generator remains the same, 

the goal of the discriminator was developed to not only distinguish a real sample from a fake 

sample but also a real encoding and a synthetic one given by the latent space z. 

 The first step in the implementation of this model is importing the necessary libraries: 
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Figure 38: The libraries used in BiGAN 

After importing our data, we defined our generator that is going to take random noise initialized 

with random weights of 100 and upsampled it to an image of 1000 before defining our two other 

main components: the discriminator and the encoder. The discriminator is initially trained with a 

batch of real and fake images then, the generator feed the predict function of the discriminator 

with fake images to be able to classify how many fake images were correctly classified. Since we 

know beforehand that the images given to the discriminator are all fake, the smallest the number 

of images classified as fake, the more effective is our generator network at approaching the 

random distribution. The following figure39 represents the training loss that is analyzed for the 

local optima and the overfitting. The training is completed once the discriminator cannot make 

the difference between real and fake data inputs. Since we have large datasets, the complexity of 
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spotting such a problem increases thus, we stop training our model once the generator is going to 

be enable to improve real like data. 

 

Figure 39: the losses related to the # of epochs used 

 

Now, let’s see how changing the number of epochs can affect our model and which one fits more 

into giving us the best reliable results and graphs. First we started by changing the number of our 

epochs from 1000 to 4000 by an increment of 1000 epochs each time and then calculate the value 

at risk for the 108 day period since we limited our sample size to 12*9 images. 

Alliances:  

 

 

Figure 40: Model training for Alliances using 1000 epochs and the losses occurred in each component 
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Figure 41: Alliances VaR using 1000 epochs 

The value at risk of Alliances at 1% estimate in the upcoming 108 days using 1000 epochs is equal to -

5.23%. 

 

Figure 42: untrained BiGAN Alliances price returns 
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Figure 43: Trained BiGAN Alliances price returns using 1000 epochs 

From graph figure 42, it is clearly that the untrained BiGAN’s samples stock prices returns 

distribution is remarkably different from the actual real stock prices returns distribution. Indeed 

what we were expecting. On the contrary, in figure 43, the graph shows that after the trained 

BiGAN learned the stock prices returns distribution without relying on any incorrect assumption 

related to the actual stock prices returns distribution and gives us better mirroring of the real data. 
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Figure 44: Trained BiGAN Alliances price returns using 2000 epochs 

Given this number of epochs for the training gives us the graph in figure 44 above and a value at 

risk equal to:  

 

Figure 45: Trained BiGAN Alliances price returns using 3000 epochs 
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Using 3000 epochs gives that  

 

Figure 46: Trained BiGAN Alliances price returns using 4000 epochs 

Using 4000 epochs gives that  

In this method, we noticed that increasing the number of epochs does not necessarily cause 

overfitting, but it can do. It is based on the learning rate and parameters of the model built. 

Clearly in this model, increasing the number of epochs serves us well into a better estimation of 

the result since we are using so many layers in the training phase. Hence, the best BiGAN stock 

prices returns distribution from the graphs given above is the one using 4000 epochs in the 

training and a VaR at 99% level of confidence equal to -6.81%. 
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Risma: 

 

Figure 47: RISMA VaR using 1000 epochs 

he value at risk of Risma at 1% estimate in the upcoming 108 days using 1000 epochs is equal to -5.303%. 

 

Figure 48: untrained BiGAN RISMA price returns 
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Figure 49: Trained BiGAN  price returns using 1000 epochs for RISMA 

 

From graph figure 48, it is clearly that the untrained BiGAN’s samples stock prices returns 

distribution is remarkably different from the actual real stock prices returns distribution. Indeed 

what we were expecting. On the contrary, in figure 49, the graph shows that after the trained 

BiGAN learned the stock prices returns distribution without relying on any incorrect assumption 

related to the actual stock prices returns distribution and gives us better mirroring of the real data. 
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Figure 50: Trained BiGAN RISMA price returns using 2000 epochs 

Given this number of epochs for the training gives us the graph in figure 50 above and a value at 

risk equal to . 

 

Figure 51: Trained BiGAN RISMA price returns using 3000 epochs 
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Using 3000 epochs gives that  

 

Figure 52: Trained BiGAN RISMA price returns using 4000 epochs 

Using 4000 epochs gives that  

For this stock, once we reach 3000 and 4000 epochs, the graph shows better similarity between 

the BiGAN stock prices returns distribution and the actual stock prices returns distribution. 

Hence, the best BiGAN stock prices returns distribution from the graphs given above is the one 

using 4000 epochs in the training and a VaR at 99% level of confidence equal to -6.025%. 
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ATW: 

 

Figure 53: ATW VaR using 1000 epochs 

The value at risk of Alliances at 1% estimate in the upcoming 108 days using 1000 epochs is equal to        

-2.713%. 

 

 

Figure 54: untrained BiGAN ATW price returns 
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Figure 55: Trained BiGAN ATW price returns using 1000 epochs 

From graph figure 54, it is clearly that the untrained BiGAN’s samples stock prices returns 

distribution is remarkably different from the actual real stock prices returns distribution. Indeed 

what we were expecting. On the contrary, in figure 55, the graph shows that after the trained 

BiGAN learned the stock prices returns distribution without relying on any incorrect assumption 

related to the actual stock prices returns distribution and gives us better mirroring of the real data. 
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Figure 56: Trained BiGAN ATW price returns using 2000 epochs 

Given this number of epochs for the training gives us the graph in figure 56 above and a value at 

risk equal to: 

 

Figure 57: Trained BiGAN ATW price returns using 3000 epochs 

Using 3000 epochs gives that  
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Figure 58: Trained BiGAN ATW price returns using 4000 epochs 

Using 4000 epochs gives that  

 

4.2 Results discussion: 

 

The table7 below represents the updated VaR estimation table using different risk management 

methods. We can notice that the VaR estimations given by the classical risk management 

methods are similar, if not the same to the ones given by the BiGAN. It provides competitive 

results with respect to the ones established previously for the market management methods, 

which gives a good sanity check to investors.  



52 

  

Table 7:VaR comparison between the Historical method and BiGAN at 99% level of confidence 

                99% level of confidence 

VaR method 

ALLIANCES 

(High riskiness)  

RISMA 

(mediate riskiness) 

ATW 

(low riskiness) 

Historical method -7.53% -6.658% -4.07% 

Bidirectional Generative Adversarial 

Network 

-6.81% -6.025% -3.95% 

 

At the beginning of this study we relied on the volatility and the liquidity of the stocks to classify 

them into the three categories: low, medium, and high risk securities. We classified ATW as a 

low risk asset, RISMA as a mediate risk asset, and ALLIANCES as a high risk asset. Comparing 

our initial observations of the market with the results we got by calculating the VaR using both 

the historical data method and the BiGAN method, we can still say that we are 99% confident 

that the financial security with the highest loss in the upcoming days is still ALLIANCES. Based 

on table7, we are 99% sure that ATW won’t incur more than approximately 4% loss in the 108 

upcoming days. Similarly, it won’t exceed 7.5% loss for RISMA, while it won’t occur more than 

7.5%. 
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V. STEEPLE Analysis 

5.1 Societal aspect: 

From a social point of view, this capstone project will help investors to develop a better 

understanding of the market’s volatility and hence be able to minimize the risk or at least avoid it 

when spotting fraud and maximize the profit. This will increase the risk appetite of Moroccan 

investors to invest more in the stock market. As a result, this process will help in creating more 

job opportunities, decrease the unemployment rate, and bring big companies to small investors. 

5.2Technical aspect: 

The technical aspect of this capstone project is based on the use of python as the developing 

language of both the historical method of the value at risk calculation and the GAN model using 

Monte Carlo simulation to find the VaR. This method means that engineering and finance are 

joined together to give an accurate predictions of the risk related to the data used and thus make a 

whole investment process easier for the investors.  

 5.3 Environmental aspect: 

This project seems that it cannot be related to the environment but it actually does have an 

indirect impact on the investors’ decision to invest in diversified stocks. This idea implies that 

these diversified stocks might be the stocks of companies working on ecofriendly, sustainable 

and renewable products. These companies are the current trend and investing in them is going to 

be beneficial for not only the investors and the companies working on the field but also the 

environment. 

 5.4 Economical aspect: 

This capstone will have a big impact on the Moroccan economy since it is going to help investors 

to be more aware and confident of the risks they are taking and thus take wise decisions 
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concerning their investments to avoid losses and increase the Moroccan market’s liquidity and 

indices. 

 5.5 Political aspect: 

This capstone project doesn’t affect the country’s politics in any way. It is respecting all the 

current laws related to the investing regulations forced by the government. However, if any new 

regulations have been made by the government in which this project contradicts, they will be 

taken into consideration into the implementation of the project. 

 5.6 Legal aspect: 

The model built does respect all the laws and is avoiding any illegal acts while implementing the 

model such as insider trading. 

 5.7 Ethical aspect: 

All the data used in this project have been publically presented and all the sources were cited. 

Moreover, the software used to build the model is an open, free, and legal source. The investors 

will be aware of all the riskiness and the uncertainty of the model built; in the case of any loss, 

they will be knowledgeable to what extent our model can be accurate and reliable. 

VI. CONCLUSION & FUTURE WORK 
 

The model implemented in this capstone project can be considered a useful tool for the Moroccan 

investors that provides them with an easy method to invest choosing their called for risk and 

return while keeping in mind the other external factors. This project uses three publically listed 

Moroccan companies in the study of this model in order to find the value at risk in the upcoming 

financial period and predict the prices. These methods were used to minimize the risk of any 
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future investment that can happen in not only these three low, mediate, and high risk assets used 

but for any financial security listed in CSE. This project is not dedicated only for those who are 

experts in speculation but specifically those who have zero knowledge in the field to understand 

the market and make their move in it. 

Despite the fact that we are confident about the accuracy of our model, we recommend to try this 

model using the online stock market game launched by the CSE, “Les champions de la bourse.” 

For amateur investors, it is a risk free, interactive and educational game that gives the player the 

authority to manage a fictitious sum of 1M MAD through buying and selling real shares listed on 

the CSE. Using this method, an investor will be provided by the tools and the skills to invest 

choosing their required return and risk. 

By analyzing the Moroccan stock market, looking at the results of our model, and the current 

pandemic situation, we can conclude that it would be safer for a trader to focus their investments 

on the telecommunication services, the health care, and the banking sectors since they are the 

ones with the lowest risk based on the current and the upcoming period. 

In future work, we should use a reinforcement learner or an evolutionary algorithm to learn how 

to develop automatically the appropriate BiGAN architecture for our purpose. Also, this model 

can be developed to include more securities that can provide more diversification for the investor 

not only within the same stock market but perhaps other stock markets and hence minimize the 

risk. Moreover, this project can be developed into a user friendly application that can update the 

data everyday automatically and directly from the CSE and then calculate both the value at risk 

and predict the stock price at any desired period.  
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APPENDICES: 
 

Appendix A : VaR Code 
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Appendix B : Price prediction code 
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Appendix C: BiGAN Code: 
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