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ABSTRACT 

 

With the emergence of the health crisis, the different stocks listed in the Casablanca Stock 

Exchange (CSE) have experienced a significant downturn, which directly affected the market’s 

stability and liquidity. This is primarily due to the panic of investors that heavily arouse as a 

result of the high levels of volatility and uncertainty following this unprecedented situation. For 

the aforementioned reasons, this work was established to help investors identify the different 

market opportunities by creating a model that mainly uses the various principles of deep 

learning for asset allocation and portfolio optimization.  

 

The model presented in this work will not only help investors identify the asset combination 

that yields the highest return per unit risk, but will also help determine the set of weights 

associated with each stock encompassed in the final portfolio. The approach defined in this 

project relies chiefly on the predicted stocks’ performance in the future to construct portfolios 

that comply with each investor’s risk aversion. The model was executed using the programming 

language Python and resorts to the accessible predefined functions and libraries to optimize and 

accelerate the analysis and computations. The Long Short-Term Memory (LSTM) represents 

the main deep learning engine used to forecast stocks’ movement during a specific investment 

scope. After the prediction of the assets’ prices in the future, both the expected returns and the 

covariance matrix were computed for each stock and were utilized to set up the portfolio having 

the highest Sharpe ratio. After assessing the outcomes, it turned out that the results retrieved 

using the LSTM model outperformed some of the conventional methods such as the mean-

variance analysis posited by Markowitz. Additionally, a thorough analysis has been conducted 

to delineate the extent to which the DNN can be accelerated using the GPU as compared to the 

CPU. Finally, the algorithm constructed provides promising results despite the levels of 

uncertainty and volatility and offers effective trading strategies that will enable all types of 

investors to achieve substantial returns. 

Key Words: Deep Learning, LSTM, Asset, Portfolio Optimization, Investment, Volatility, 

Return. 
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RESUME 

 

L’émergence de la crise sanitaire a suscité un ralentissement inévitable dans la croissance des 

multiples actifs listés dans la Bourse de Casablanca (CSE), chose qui a affecté la stabilité et la 

liquidité du marché marocain. Cela est principalement dû à la panique des investisseurs qui 

survient avec les niveaux élevés de volatilité et d'incertitude surgissant à la suite de cette 

situation sans précédent. Vu les raisons susmentionnées, ce projet a comme but primaire d’aider 

les investisseurs à identifier les différentes opportunités au sein du marché marocain tout en 

reposant sur un modèle qui utilise les différents principes du deep learning pour trier l’ensemble 

des actifs et optimiser les portefeuilles.  

 

Le modèle présenté aidera les investisseurs à non seulement identifier les combinaisons d'actifs 

financiers ayant le rendement le plus élevé par rapport à un certain niveau de risque, mais 

allouera également l'ensemble optimal des proportions associées à chaque actif sélectionné. 

L'approche définie s'appuie principalement sur la prédiction de la performance des actifs 

financiers marocains dans le futur, pour construire des portefeuilles conformes à l'aversion au 

risque de chaque investisseur. Le modèle a été exécuté en utilisant le langage de programmation 

Python et a recours aux diverses fonctions et bibliothèques prédéfinies pour optimiser et 

accélérer l'analyse et les calculs. La mémoire à long-court terme (LSTM) représente le réseau 

d'apprentissage en profondeur utilisé pour la prédiction des mouvements de ces actifs tout au 

long de la période d’investissement. Après avoir évalué les résultats, il s'est avéré que les 

aboutissements du modèle LSTM surpassent le niveau de performance des méthodes 

conventionnelles telles que l'analyse moyenne-variance proposée par Markowitz. En outre, une 

étude comparative approfondie a été menée afin d’évaluer le temps de calcul consacré à la 

formation du réseau neuronal en utilisant le CPU et GPU. Pour finir, l'algorithme usé fournit 

des résultats prometteurs malgré les niveaux d'incertitude et de volatilité et propose des 

stratégies de trading efficaces qui permettront à tout type d'investisseurs d'atteindre des 

rendements substantiels. 

Mots-clés: Deep Learning, LSTM, Actif, Optimisation de portefeuille, Investissement, 

Volatilité, Rendement.
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CHAPTER 1: Introduction 

1. Context and Project Description 

Several mathematical and statistical tools have been utilized to appropriately optimize 

portfolios. Nevertheless, there is still a lack of powerful trading strategies that accurately 

combine the market behavior and the investor’s risk appetite. For this reason, this capstone 

project aims at using the different principles of deep learning to optimize portfolios and allocate 

a profitable combination of assets. This work will demonstrate how deep learning, compared to 

other standard methods, can help in identifying and selecting the best assets for a portfolio. The 

Recurrent Neural Networks (RNNs) are going to be the main engine for the assets’ return 

examination and volatility estimation that will help in creating a diversified portfolio that has 

both a low risk and a high expected return. 

This work aims at creating a model that can guide individual investors as well as fund managers 

towards the right strategies that will maximize their wealth during periods of uncertainty. 

Therefore, this approach can be relied on during the COVID-19 crisis to identify the different 

market opportunities and help forecast the concomitant investment risks. Consequently, by 

enhancing investment in portfolios, we can contribute to the growth of the domestic capital 

markets and help increase their efficiency and liquidity.  

2. Insight into the Moroccan Stock Market 

The Moroccan market is commonly known for its high volatility and instability levels over 

fairly short periods of time [1]. In the Moroccan equity market, asset prices tend to swing 

significantly and abruptly over sustained periods of time. This volatility can be visualized 

through the drastic changes, either positive or negative, undergone by the market indices, 

namely the MASI and MADEX. This high level of fluctuation has been impacting investors’ 

decisions by making them more skeptical and concerned about the safety of the financial 

market. Indeed, a large number of institutional investors, who are dominating the market, are 

mostly holding their shares and waiting for the market conditions to improve so that they can 

invest [2]. 

The overall Market has been subject to significant changes in the last few years. Since the 

initiation of the reform of September 21st, 1993, the different shares constituting the market 

started making steady progress. Besides, Morocco has been inaugurating new platforms that 
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were purchased by CSE to fortify the market’s development and restore its liquidity. Indeed, 

the stagnation in investment spending and the drop-off in trading levels represent the major 

factors engendering the liquidity squeeze that the Moroccan market has been experiencing. 

Lately, the anatomy of the stock market has been gradually improving over time. As the market 

started becoming more engaged with the global economies, various sources and groups of 

analysts, namely in S&P and Dow Jones, started considering Morocco as one of the top 

performing emerging markets [3]. 

3. The Impact of COVID-19 on the Moroccan Market 

The pandemic has wreaked havoc on the Moroccan stock market and several listed companies 

have accordingly reported a sizable drop in their earnings. The All Share Index (MASI) has 

been reflecting this drop as it lost around 26% in April 2020, which represents the lowest level 

reached within the last five years [4]. 

The various industries listed in the Moroccan market have been impacted differently by the 

spread of the coronavirus. While several sectors showed their immunity to the crisis, many 

industries were significantly impacted by this unprecedented situation. After the emergence of 

the first cases in the country, in March 2020, the MASI has been experiencing a considerable 

decay resulting from the slowdown of the investment growth. It is very discernible, as illustrated 

in Figure 1, how the overall market performance had dropped ever since the first coronavirus 

cases were reported in the country starting March 2nd, 2020. 

 

Figure 1 Chart representing the monthly evolution of the MASI in 2020 
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Due to the uncertainty around the future of the local economy as well as individuals’ financial 

situation, investors’ fear started rising which has clearly impacted their risk and investment 

incentives. After the pandemic hit, individuals and institutions started selling their stocks, which 

caused equity prices and value to plunge across the board. Due to the low investment and the 

high ambiguity level surrounding the issue of the crisis, the Moroccan economy has been facing 

several challenges. As a result, the country’s GDP has been markedly affected and a plethora 

of macroeconomic variables have been swayed. 

Nevertheless, since October 2020, as depicted in Figure 1, the Moroccan All Shares Index 

(MASI) started recovering the harsh impact of the crisis. The flourishment of several industries, 

namely insurance, distributors, and real estate, has, in a way, contributed to the gradual recovery 

of the overall market [5]. 

All over the world, and as a result of the global instability, investment analysts assert that 

financial markets are headed for a significant recession. They underline that there are high 

chances that markets might go through another downturn [6]. Therefore, very resilient strategies 

are needed to discern what companies would be able to overcome this expected crash.  

4. Deep Learning and Finance 

During the past few decades, deep learning has been achieving marveling results in a plethora 

of applications. In Finance for instance, deep learning has significantly helped in discovering 

the complex hidden patterns in data. This tool has made the decision-making process much 

easier and faster compared to the use of conventional and traditional methods. Artificial 

Intelligence, in general, has been playing a salient role in the asset management industry. Some 

of the important applications of deep learning in the field of finance encompass technical 

analysis, risk management, automated trading, robo-advisors, index replication, and more [7]. 

Previously, the financial sector counted mainly on structured data, which is represented by 

prices and volumes, to conduct the statistical analysis. Nevertheless, the examination of 

unstructured information, like news flow, was primarily left to human judgement. Now, with 

the advancement of AI technology, various new tools, such as sentiment and expression 

analysis, have been able to understand the mood of different markets all over the world. 

Therefore, these sophisticated means have made the work with soft and unstructured data very 
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handy and machine-accessible. The ability of deep learning to understand and learn from 

various types of information, like market order book and economic data, has assuredly enhanced 

productivity and brought enormous changes to the financial industry. Deep Learning comes 

very handy, especially in tasks that humans have no innate ability to perform. For instance, it 

can be quite challenging for individuals, even with extensive experience in the field, to 

accurately predict and select which set of stocks are likely to outperform in a future time 

interval. Consequently, tools like deep learning can be very advantageous in optimizing costs, 

scaling up services, and improving customer experiences [7]. 

5. Background and Terminologies 

5.1. Artificial Intelligence 

Artificial intelligence is a wide-ranging division of computer science that deals with the process 

of imitating and mimicking human intelligence by programming and training machines to think 

and act like people [7]. Artificial intelligence is mainly founded on the principle that machines 

have the potential to execute tasks and solve complex problems by reasoning, learning, and 

perceiving, which enables them to take actions and rationalize whenever necessary. Lately, 

Artificial Intelligence has been applied in a plethora of industries and fields. For instance, in the 

financial industry, AI has been used to facilitate trading, predict the trend of supply and demand, 

and detect behavior anomalies and fraudulent transactions. 

5.2. Deep Learning 

Deep learning is a subset of machine learning that works mainly with networks in order to learn 

from unlabeled and unstructured data without any human supervision. This AI function utilizes 

a set of Artificial Neural Networks (ANN) that are built to process data in a similar way to the 

human brain. It primarily consists of a set of neural nodes that are connected in hierarchical 

manner, like a web, to simulate the data by using a non-linear approach [7]. 
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Figure 2 The structure of a Deep Neural Network with three hidden layers 

• Deep Learning Architecture 

By applying deep learning, we are mainly aiming at using a high-dimensional input X to get a 

predictor of an output Y. The learning process is treated as an input-output that maps Y = F(X) 

where X = (X1,...,Xp) such that the predictor is denoted as follows:  Ŷ (X) := F(X). 

What distinguishes deep learning is its ability to pass the learned features through multiple 

layers. It utilizes hierarchical predictors that consist of L non-linear iterations that are applied 

to the input X. Each one of these L transformations represent a whole layer.  Through the 

different layers, the constructed algorithm is able to learn various attributes and extract them as 

factors. 

f1, . . . , fL represent the activation functions of the L layers that transform weighted data through 

the non-linear activation functions. The activation rule is defined by: 

𝑓𝑙
𝑊,𝑏 ∶= 𝑓𝑙  (∑ 𝑊𝑙𝑗𝑋𝑗 + 𝑏𝑙) = 𝑓𝑙(𝑊𝑙𝑋𝑙 + 𝑏𝑙),

𝑁𝑙

𝑗=1

  1 ≤ 𝑙 ≤ 𝐿 

such that l ∈ {1, . . . , L} depict the hidden layers that have Nl hidden units. 

Given the number of layers L, the deep predictor becomes a composite map represented by: 

Ŷ (X) : = F(X) = (𝑓1
𝑊1,𝑏1o … . . o𝑓𝐿

𝑊𝐿,𝑏𝐿)(𝑋) 

 Z(l) designates the l-th layer of the neural networks, which means that the input X = Z (0) and 

the last layer represents the response Y which is either categorical or numerical. The prediction 

rule can be explicitly represented by the following structure: 
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Such that W(l) represent the weight matrices, b(l) refers to the activation layers, and Z(l) are the 

hidden features extracted by the algorithm. The better the activation function f(l), the better is 

the designed predictor [8]. 

• Training a Neural Network 

To construct a deep learner, the data is commonly split into training, validation, and testing 

datasets. The validation set is not mandatory; its major role is to minimize the over-fitting. On 

the other hand, the training set adjusts the different weights of the network, whereas the testing 

set is used to evaluate the predictive power of the model’s learner. 

After the identification of the activation function, the depth, and the size of the learner, the 

learning parameters (�̂�, �̂�) are computed such that: 

�̂� = (�̂�0 , … , �̂�𝐿)  and   �̂� = (�̂�0 , … , �̂�𝐿) 

To be able to retrieve these parameters, it is imperative to have a training dataset  

𝐷 = {𝑌(𝑖), 𝑋(𝑖) } 𝑖=1
𝑇    that consists of input-output pairs. A loss function  ℒ(𝑌, �̂�) 

is needed as well at the output level.  

Generally, without any consideration of the regularization penalty, which is used to avoid over-

fitting, we are striving to solve:  

Arg min W,b   

1

𝑇
 ∑ ℒ(𝑌𝑖

𝑇
𝑖=1 , �̂�𝑊,𝑏 (𝑋𝑖)). 

By minimizing the loss function, we get the mean-squared error over the training set D as 

follows: 

ℒ(𝑌𝑖 , �̂�(𝑋𝑖)) = ||𝑌𝑖 − �̂�(𝑋𝑖)||2
2 
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5.3. The Long Short-Term Memory (LSTM) 

The Long short-term memory (LSTM) is a special type of Recurrent Neural Networks (RNN) 

architecture that is mainly used in deep learning. LSTM uses a set of feedback connections to 

process sequences of data. This architecture is known for its efficiency in making predictions, 

processing, and classifying large-scale time-series data despite the presence of some lags 

between events. Besides, LSTMs were designed in such a way that they are able to overcome 

the problems that can potentially arise due to the vanishing gradient. It was named long short-

term memory because its cell unit has the ability to forget a part of previously stored data and 

can, at the same time, memorize additional new pieces of information [9]. 

5.3.1. LSTM Structure 

An LSTM unit encapsulates the following elements: 

• Cell: represents the memory part of the LSTM that monitors the dependencies between 

different elements constituting the input sequence (Figure 3). 

• Input gate: regulates the information flowing into the cell. 

• Output gate: regulates the information flowing out of the cell. 

• Forget gate: remembers the different values over a specific time interval. In the 

presence of a forget gate, the forward pass is represented by the following equations: 

 

Such that c0 = 0, h0 = 0, and the subscript t represents the time step. The notation o refers to 

the Hadamard product. 
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Figure 3 The structure of an LSTM cell  

5.3.2. The Activation Function of the LSTM 

For most of the LSTM problems, the logistic sigmoid functions are used as gate activators for 

the artificial neurons [10]. This mathematical function is characterized by its curve shaped like 

an “S” (Sigmoid curve), which is defined as:  

 𝑆(𝑥) =
1

1+ 𝑒−𝑥
=

𝑒𝑥

𝑒𝑥 +1
 

5.4. Portfolio Investment 

A portfolio investment is the ownership of an assortment of financial assets such as stocks, 

bonds, real estates, and commodities with an intent to grow in value or earn returns over time. 

Investors can either manage their portfolio on their own, or get the assistance of financial 

advisors or money managers to do that for them [11]. There are several factors that affect the 

nature and composition of an investment. These factors encapsulate the amount to be invested, 

the investor’s risk aversion, and the planned time horizon. There are mainly two categories of 

portfolio investments: 

• Strategic investment: is incurring a set of financial assets with the purpose of holding 

them for a long-term because of their potential growth or yield income. This passive 

strategy of investment is based on maintaining assets over time and assigning them 

thereafter to investment classes using the percentages that have been set when the 

portfolio was first created. 
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• Tactile approach: is the one in which the investor’s main intention is to guarantee short-

term gains by actively buying and selling the assets constructing his portfolio. It is an 

active strategy that helps investors gain extra value by seizing the various opportunities 

in the marketplace. 

5.5. Portfolio Theory 

The Modern Portfolio Theory (MPT), also known as the mean-variance analysis, represents the 

theory that deals with how risk-averse individuals and investors construct portfolios with an 

intent to maximize the expected return given a certain level of risk. In 1952, Harry Markowitz 

developed this theory and published his paper “Portfolio Selection” for which he was awarded 

the prestigious Nobel prize [12]. 

Markowitz’s theory argues that portfolios are primarily assessed and evaluated based on how 

risk and return impact the entire set of assets. This theory mainly relies on the use of statistical 

measures, such as the variance and correlation, to evaluate the performance of the overall 

portfolio. It contends that investors are mostly risk-averse, that’s why they should invest in 

multiple asset classes to be able to reach higher returns for a low risk level. This idea of owning 

different types of assets is what is known as diversification. The adoption of the diversification 

principle makes portfolios’ risk level lower compared to the investment on a single asset. 

Therefore, the mean-variance optimizer theory relies on different mathematical and statistical 

measures such as the expected returns, standard deviations, and variance-covariance matrix in 

order to allocate the pertinent and efficient array of assets that will constitute the portfolio. 

5.6. Portfolio Features and Metrics 

5.6.1. Portfolio Return 

The return on a portfolio represents the gain/loss resulting from the investment in various asset 

classes. Investors rely primarily on the historical returns to draw expectations about the future 

performance, and hence predict the expected returns. The portfolio's overall return can be 

computed using:      rp = wt x r 

Such that rp represents the return generated by the portfolio, r is the column vector containing 

returns of each asset ri, and wt
 is the transpose of w, which is the vector containing the portfolio 

weights. 
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5.6.2. Portfolio Variance 

The portfolio variance measures the spread of the portfolio’s returns. This variance mainly 

represents the weighted average of the individual securities that constitute the portfolio. It can 

be computed using:  

 

Such that σ is the standard deviation of the returns on asset i, and ρij is the correlation coefficient 

between the returns on the assets i and j. 

5.6.3. The Covariance Matrix 

The covariance is the mean by which the directional relationship between portfolio’s assets is 

measured. To compute the covariance matrix, we use:  

  

 

 

Such that 

 

The diagonals of the matrix represent the variance of the individual assets. 

When the covariance is positive, that means that the assets constituting the portfolio tend to 

move in a similar direction. A negative correlation, on the other hand, implies that the assets 

typically move in opposite directions. In general, the lower the correlation between the assets, 

the lower is volatility of the entire portfolio. That actually represents the main reason why 

professional fund managers diversify portfolios by picking uncorrelated stocks, knowing that 

the relationship between these assets can have a significant impact on the riskiness of the whole 

portfolio.  

5.6.4. Portfolio Volatility 

A portfolio’s volatility is measured by the value of its standard deviation, which is computed as 

the square-root of the variance. Actually, in most cases, the standard deviation and variance can 

be used interchangeable as they both portray the level of risk. 

 

https://en.wikipedia.org/wiki/Pearson_product-moment_correlation_coefficient
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The main goal is to select a combination of assets that yields a smaller standard deviation, which 

will roughly have a lower risk compared to the individual assets. 

5.6.5.  The Sharpe Ratio 

The Sharpe Ratio is one of the most widely applied methods by investors to derive an 

investment’s return that can be drawn in excess to the risk free-rate (rf) per total risk. The Sharpe 

ratio is computed using the following formula: 

Sharpe Ratio =  
𝐑𝐩−𝐑𝐟

𝛔𝐩
 

Such that:  Rp: The portfolio return. 

Rf: The risk-free rate. 

σp: The standard deviation of the portfolio’s return. 

In general, the higher the portfolio’s Sharpe ratio, the better is its risk-adjusted return. On the 

contrary, it can be inferred from a negative Sharpe ratio that the portfolio’s return is expected 

to be either negative or less than the risk-free rate. In this paper, the risk-free rate was set to 

zero considering that the minimum an investor can receive from a risk-free investment is 0%. 

The actual risk-free rate can be retrieved by computing the difference between the inflation rate 

and the pertinent yield of Treasury bonds. For the case of Morocco, and in compliance with the 

investment duration selected for this work, the risk-free rate is approximately 2% [13]. 

5.6.6.  The Efficient Frontier 

Using a single assortment of assets, an investor can construct multiple portfolios just by 

changing the weights associated with each stock. By plotting all the possible portfolios that 

have different weights arrangements, we get what is known as the efficient frontier. Introduced 

first by  Harry Markowitz, this method helps in the identification of the collection of investment 

portfolios that yield the highest returns for a low risk level. To illustrate, the black line in the 

Figure 4 represents the portfolio’s efficient frontier, which explicitly highlights the portfolios 

that have a maximal expected return for a given risk level. This plot can be used to obtain 

different weight combinations depending on each investor’s requirements and risk aversion. For 

instance, we can easily distinguish the portfolio with the least risk and the one with the highest 

Sharpe ratio. Portfolios located on the right of the plot are characterized by their high level of 

risk. Notwithstanding, the portfolios under the efficient frontier tend to generate lower returns. 

https://en.wikipedia.org/wiki/Harry_Markowitz
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Therefore, the use of this plot helps in retrieving the optimal and efficient portfolio that complies 

with the degree of risk tolerance of each investor. 

 

Figure 4 Portfolio optimization using the efficient frontier 

Therefore, the model that summarizes the assets allocation and optimization for a risk averse 

investor can be represented as follows: 

C represents the covariance matrix for the assets returns and a and b are the respective minimum 

and maximum weights attributed to these assets. Additionally, in our case, we assume that there 

is no short selling chiefly because this type of transaction is still not authorized in the Moroccan 

Market [14]. 

5.6.7.  The Value at Risk (VaR) 

Value at Risk (VaR) is a statistical measure used to quantify the level of riskiness of a firm or 

portfolio over a specified time frame. The VaR gives an estimated worst-case loss within a 

certain confidence level, which was set in our case to 95%. This metric makes use of the 

probability theory to compute the maximum loss for a given confidence interval. Having an 

approximation of a portfolio’s risk level is very important, especially if an investor’s main 

intention is to grow capital on the long-term. 
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The VaR can be computed using two methods: 

1. Monte Carlo simulation; 

2. Variance-covariance method. 

For this analysis, we will use the second approach, which mainly relies on the historical mean 

and standard deviation of the asset prices and applies the probability theory to find the maximum 

loss for a specific confidence interval. This method tracks the fluctuation of the price of a 

particular investment by applying the probability theory to compute the maximum loss of the 

portfolio. There are few assumptions that should be taken into consideration while using this 

method. For instance, this technique assumes that the returns are normally distributed over the 

chosen time horizon. Therefore, it is imperative that we check first if the assets’ returns are 

normally distributed before we proceed with the computation of the VaR [15]. 
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CHAPTER 2: Portfolio Construction in the Moroccan Market 

1. General Approach and Data Description  

The historical data was mainly retrieved from investing.com, which represents a financial 

website that provides a variety of real-time information, market analysis, and news about 

financial instruments all over the world. To ensure a diversified portfolio, the assets selected 

belong to companies operating in distinct industries and are all listed as active shares in the 

Casablanca Stock Exchange. Assets’ diversification was a key factor that was thoroughly 

considered because the riskiness of a specific portfolio can be curtailed by holding assorted 

combinations of assets, meaning shares that are not positively correlated. 

The time-series historical data was uploaded in the form of a csv file that encompasses different 

information about assets (Open and Closing price, High, Low, Volume, and Percentage change) 

for each trading day over the selected time range. As a part of the data analysis, cleansing and 

filtering were carried out immediately after the extraction of the file containing the historical 

records. Any outliers and irrelevances in the data were modified before proceeding with the 

prediction of future prices using the LSTM model. After finalizing the preliminary steps, the 

neural network was trained on the large-scale dataset that consists of the trading days of each 

asset between January 2014 and December 2019. The testing set includes roughly 140 entries 

that represent the assets’ trading days along which the predictive LSTM was tested out. This 

approach helped anticipate the stream of asset prices and hence, facilitated the computation of 

the future expected returns that guided us towards the optimal asset allocation, even in the 

presence of unexpected economic events. The programming language that was used to construct 

the model and perform the computations is Python. By making use of Tensorflow and Keras, 

two machine learning libraries, we were able to construct the time-series forecasts using the 

Recurrent Neural Network. 

2. The Implementation of the Model Using Colaboratory 

All the fragments of code used to build up our model and perform the different computations 

were carried out using Google Colaboratory. Also known as Colab, this product by Google 

Research enables the execution of Python codes through one’s own browser via Google Cloud. 

We opted for Google Colab for the implementation of this project mainly because it has all the 

libraries already pre-installed and it provides free access to the GPU. 
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3. The Construction of Portfolios with Different Risk Levels 

The volatility of an asset is the level of dispersion of its returns over a range of time. This 

statistical measure enables investors to evaluate the riskiness of a specific investment [16]. 

Volatility represents a key factor that is relied on while pricing options. Usually, the higher the 

standard deviation or variance, the higher is the volatility, hence the riskier is the security. The 

riskiness (volatility) of an asset can be measured using several approaches. Volatility rating is 

based on the stock’s propensity to vary. Usually, when share prices experience large amplitude 

movements over the foregoing days, their volatility rating becomes higher. This rating is 

generally low for a company whose share price has not changed much. The two common 

measures used to evaluate the extent to which a given stock is volatile are the asset’s volume 

and its beta value. 

3.1.  Assets Risk Measures 

• The volume of a stock 

The stock’s volatility seems to be related to the volume of the traded asset. In general, when a 

security is purchased in large quantities, its value increases sharply, but when it is sold thereafter 

in substantial quantities the price of the stock decreases significantly. Therefore, volatility 

mainly occurs when the trade orders are not balanced for a particular stock [16]. 

• The asset’s beta 

The stock’s beta represents the systematic risk and volatility of an asset with respect to the 

overall market. It is one of the major features utilized in the capital asset pricing model (CAPM) 

to quantify the riskiness of a security [17]. This measure conveys how an individual asset 

responds to the swings in the entire market.  In other words, the value of beta highlights whether 

the security tends to move in a direction similar to the market or not. The market benchmark 

selected to represent the overall market has to be related to the stock. As far as the Moroccan 

market is concerned, the MADEX is usually used to reflect the overall market’s performance 

as it comprises the most active stocks consistently listed in the CSE. 

3.2.  The Construction of Portfolios Based on Volatility Levels 

Because a stock’s beta value represents a more accurate and common way to measure volatility, 

the classification of the assets depending on their riskiness was mainly based on the value of 

the levered beta. These values were retrieved from the virtual financial portal Investing.com, 

which specifies the beta values of all the Moroccan listed stocks against the MADEX. The 

https://www.merriam-webster.com/thesaurus/foregoing
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assets were clustered into three main categories: low-risk, moderate-risk, and high-risk 

portfolios. Each class encompasses three assets that reflect the riskiness of the entire portfolio. 

In this part, we mainly relied on the conventional methods to construct the different portfolios 

without any implementation of the deep learning model. The core idea is to use the efficient 

frontier as a means to identify the portfolio with the highest Sharpe ratio in each of these three 

categories.  

3.2.1. Low Risk Portfolio 

The three stocks selected for this category along with their corresponding beta values are 

represented as follows:  

• AFMA (AFM)                  : β = 0.23 

• Credit du Maroc (CDM) : β = 0.53 

• Label'Vie (LBV):             : β = 0.52 

Figure 5 Assets allocation and efficient frontier for the low-risk portfolio 

Table 1 Weights distribution for the low-risk portfolio 

Asset Asset weight 

CDM 0.00786984 

LBV 0.98472905 

AFM 0.00740111 
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Low-risk portfolio characteristics: 

▪ Portfolio annual return: 54.11% 

▪ Portfolio volatility: 32.33% 

▪ Sharpe ratio: 1.67 

3.2.2. Moderate Risk Portfolio 

The three stocks selected for this category along with their corresponding beta values are 

represented as follows:  

• Banque Centrale Populaire (BCP) : β=0.9 

• Attijariwafa Bank (CIH)                 : β=1.01   

• HPS company (HPS)                        : β=0.84 

Figure 6 Assets allocation and efficient frontier for the moderate-risk portfolio 

Table 2 Weights distribution for the moderate-risk portfolio 

Assets Asset weight 

BCP 0.0045291 

HPS 0.98502591 

CIH 0.0104449 
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Moderate-risk portfolio characteristics: 

▪ Portfolio annual return: 60.84% 

▪ Portfolio volatility: 32.77% 

▪ Sharpe ratio: 1.86 

3.2.3. High Risk Portfolio 

The three stocks selected for this category along with their corresponding beta values are 

represented as follows:  

• SONASID (SID)            : β=1.21 

• Managem (MNG)          : β=2.14 

• LafargeHolcim (LHM) : β=1.65 

Figure 7 Assets allocation and efficient frontier for the high-risk portfolio 

Table 3 Weights distribution for the high-risk portfolio 

Assets Asset weight 

LHM 0.03717299 

RIS 0.95210806 

SID 0.01071895 
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High-risk portfolio characteristics: 

▪ Portfolio annual return: 17.18% 

▪ Portfolio volatility: 41.6% 

▪ Sharpe ratio: 0.41 

3.2.4. Results and Analysis  

By using the efficient frontier and computing the Sharpe ratio using Python’s different 

predefined functions and libraries, as represented in Appendix B, we can conclude that the best 

portfolio out of the three is the moderate-risk portfolio. Considering the risk-adjusted return, 

this portfolio has given the highest Sharpe ratio (1.86) among the three, meaning it is the one 

for which the investor will receive the highest excess return for the extra risk he will be taking.  

4. The Construction of a Portfolio Using Deep Learning 

4.1.  Methodology 

For the creation of this type of portfolios, which consists of assets with different risk levels, a 

thorough analysis was conducted. As opposed to the previous portfolios that were constructed 

based merely on historical data, this portfolio will make use of the predictions of the LSTM 

model to anticipate the optimal combination of assets that will deliver the highest returns. The 

process followed for the construction of this diversified portfolio involves a set of sequential 

steps. The figure below outlines and summarizes the overall approach adopted to establish the 

model. 

Figure 8 Steps followed for the construction of the diversified portfolio 

4.2.  Assets Allocation 

In this part, a diversified portfolio that consists of six distinct assets was built. The set of stocks 

selected belong to different industries and were chosen in such a way that there is a very low 
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correlation between their prices. That is because uncorrelated assets usually do not fall together 

which can prevent the portfolio from undergoing significant losses. For instance, during the 

pandemic, some industries such as telecommunications and computer services industries have 

thrived; whereas others, like leisure and hotels or oil and Gas sectors, were jeopardized by the 

lockdown [18]. Consequently, having a portfolio that comprises assets from various sectors 

would help investors dodge large losses and can expose them to higher return opportunities. 

Therefore, to create a portfolio with such attributes, a sequential procedure was adapted. 

First, twelve assets from various sectors were randomly selected from Casablanca Stock 

Exchange. After that, the correlation matrix was sketched to represent the degree of dependence 

between these securities. By importing the cm package available in matplotlip and using the 

predefined function shown below, the correlation matrix of the different stocks has been set up. 

 

After running this prompt, the plot depicting the relationship between the twelve stocks was 

displayed. Indeed, the darker the squares, the lower is the correlation between the assets. By 

using this plot, along with the values of the correlation coefficients, we were able to allocate 

and select the six different assets that will make up our final portfolio.  
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Figure 9 The correlation matrix plot for twelve assets listed in CSE 

The set of stocks that were picked out to compose the final portfolio are: Banque Centrale 

Populaire (BCP), HPS, LafargeHolcim Maroc (LHM), Managem (MNG), Risma (RIS), and 

Bank of Africa (BOA). 

4.3.  Predicting Assets Prices using LSTM 

After the allocation of the assets that the portfolio will consist of, an LSTM neural network was 

used to predict the prices for each stock in the future. While running the model, the five first 

testing days were removed from the forecasted prices because this gap depicts the near future, 

which is usually not accurately predicted by the model. In this section we will mainly show how 

the deep learning model was implemented on one asset (BCP). Nevertheless, it is worth noting 

that the exact same process has been adopted for the five other stocks. 

After allocating the different assets of the portfolio, eliciting the historical data, and cleaning it 

from outliers, the subsequent step was to implement the LSTM model.  

First, we started by importing the different libraries, namely numpy, pandas, and 

matplotlib.pyplot. Their role, for the most part, is to facilitate the use and manipulation of data 

https://www.investing.com/equities/lafarge-ciments
https://www.investing.com/equities/managem
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and graphs. After importing these libraries, the historical data of the six assets were immediately 

imported to Colab’s notebook and were read into a Pandas DataFrame using the following 

syntax: 

 

 

Figure 10 Visualization of the five first rows of the data set 

Next, the moving average of the closing prices of the equity was plotted for the selected time 

frame. The rolling average represents a commonly used method to analyze data points of time-

series by smoothing out the prices of assets over a range of time. 

 

Figure 11 The closing price vs. the 30-day moving average of BCP 
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After that, the column containing the closing prices was defined as the training set and was 

assigned to a DataFrame.  

In the next step, we will normalize the data we are working with. The data pre-processing 

usually involves four major stages: 

▪ Data discretization 

▪ Data transformation 

▪ Data cleaning  

▪ Data integration 

For an optimal performance, the features of the data have been scaled and set to lie between 0 

and 1 as the minimum and maximum values respectively. By using the MinMaxScaler, the 

features were scaled to the specified scope. 

 

The data in an LSTM model is expected to take a particular format. A data structure containing 

60 timesteps is converted into a 3D array by mainly using NumPy. 

  

In the next step, we proceeded with the construction of the LSTM model. In order to build the 

RNN, some modules had to be imported from Keras. 
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Thereafter, an LSTM layer and other dropout layers were added. Regarding the LSTM layer, 

the dimensionality of its output space was assigned a value of 50 units. 20% of the layer was 

specified to be dropped and a dense layer was added with an output of one unit. Adam was 

chosen as an optimizer to compile the model and the loss was set as the mean squared error. 

After this, the model was fit to 100 epochs and a batch size equal to 32. 

 

After finalizing the training of the model, the next step consists of assessing the performance of 

the DNN using a testing set. Therefore, we started first by importing the testing data by loading 

it in the notebook. Then, both the training and test sets were merged in the axis = 0 and the time 

steps were set to 60. Next, the new dataset was transformed and reshaped as seen previously. 
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Finally, to visualize the outcome of the predicted stock prices compared to the real values, the 

results were plotted using Matplotlib. 

 

The different graphs shown in the next page illustrate both the actual and the predicted prices 

for each asset after using the Long-Short Term Memory model. 
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Figure 12 The actual and predicted assets’ prices using the LSTM model 
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4.4.  The Evaluation of the RNN Performance 

The accuracy of each stock prediction was computed using the Root Mean Squared Percentage 

Error (RMSPE).  This error metric is generally used to quantify the degree of deviation between 

the actual and predicted values of a model. 

The accuracies of each asset’s predictions are summarized in the following table: 

Table 4 Percentage accuracy of the LSTM model for each asset 

Stocks LSTM Model 

Accuracy (%) 

BCP 98.63497504374861 

HPS 93.4044124005332 

LHM 96.62820198345328 

MNG 96.4742143075379 

RIS 95.93978772326648 

BOA 97.2201460183109 

 

As represented in the table above, the model used for the prediction of stock prices for the 

different assets yields a very high accuracy. The predictive models of the six assets have 

accuracies greater than 93%, meaning that the DNN has done a great job predicting the prices 

of these stocks. 

4.5.  Finding the Optimal Portfolio 

After retrieving the predicted prices of the six assets over a range of 140 days, the different 

prices were arranged in a csv file.   

 

After compiling all the predicted prices on a new Python script, we proceeded with the 

computation of the daily log returns and the covariance matrix of the assets over the selected 
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scope. Accordingly, two main portfolios were constructed using these six assets. The first one 

has the minimum variance and the other has the highest Sharpe ratio. The table below represents 

the weights associated with each portfolio. 

Table 5 Assets weights for the minimum variance and maximum Sharpe ratio portfolios 

Stocks Minimum Variance 

Portfolio Weights 

Maximum Sharpe Ratio 

Portfolio Weights 

BCP 0.35940311 
0.02919107 

HPS 0.29801042 
0.50946718 

LHM 0.03085248 
0.07447806 

MNG 0.00501178 
0.3356156 

RIS 0.06775618 
0.01209945 

BOA 0.23896602 
0.03914865 

 

 

Figure 13 Weights allocation for the portfolio with the lowest variance 
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Figure 14 Weights allocation for the portfolio with maximum Sharpe ratio 

By using the following weights segmentation, the simulation demonstrates that the first 

portfolio yields a Sharpe ratio of 0.102 and a risk of 11%, whereas the second portfolio has a 

Sharpe ratio equivalent to 2.46 and an annual volatility of 15%. Consequently, for an investor 

who is indifferent about the 4% difference in risk level, the second portfolio represents a very 

profitable investment option. 

Over the selected time frame, the portfolio with the highest Sharpe ratio has the following 

characteristics:  

▪ Portfolio annual return: 36.9%  

▪ Portfolio volatility: 15.0% 

▪ Sharpe ratio: 2.46 

Therefore, by using the LSTM model, we were able to build up a portfolio that outperformed 

the ones constructed based on conventional methods. The figures that follow illustrate the 

weights distribution, efficient frontier, and the predicted closing prices of this portfolio. 
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Figure 15 The distribution of weights in the diversified portfolio 

 

Figure 16 The efficient frontier of the diversified portfolio 

 

Figure 17 Prices of the portfolio’s assets over 140 days 
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4.6.  Assessing the Portfolio Performance 

4.6.1. The Portfolio Value at Risk (VaR) 

In order to assess the level of riskiness of the portfolio, the Value at Risk was computed for a 

confidence interval of 95%. Indeed, before, proceeding with the computation of the VaR, we 

checked first that, for every stock, the assets returns are normally distributed. We found that, 

for an initial investment of 100,000 MAD, our portfolio is not expected to exceed a loss of 

1,472.72 MAD over a one-day period. The Value at Risk was also computed over a range of 10 

days in order to get an overall idea about the riskiness of the asset combination in the short-

term. The output delineating the maximum portfolio loss for a 10-days window is the following: 

 

 

 

Figure 18 The portfolio VaR over a 10-days period 
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4.6.2.  Tracking the Portfolio’s Performance Using a Virtual Stock Simulator 

 

After finalizing the assets allocation as well as the attribution of the optimal weights to each 

component, the final portfolio’s performance was evaluated using a virtual tracker. The major 

platform used is the CSE website, which has recently added an option that enables investors to 

construct a virtual portfolio by placing multiple buys and sells orders. The portfolio’s 

performance can be tracked on a daily basis and any person interested can have access to several 

details such as: the total capital invested, the overall performance, as well as the gains and 

losses. The figures below show the performance of the aforementioned portfolio, which is that 

with the highest Sharpe ratio. The snapshot illustrates the different portfolio’s characteristics 

and depicts the level of returns in two different days, which are November 11th and December 

11th of this year. As clearly stated in Figures 19 and 20, this portfolio had a return/gain of +15% 

on Nov 11th and then +17.78% after exactly one month. Throughout this period, the portfolio 

has been generating positive returns. These daily returns that were provided by the real-life 

simulation are very close to the returns found using the LSTM model. In general, the output 

displayed in the CSE simulator shows that the portfolio has been performing very well despite 

the outbreak. This resilience can be depicted by the performance of the portfolio compared to 

the overall market, which registered -0.22% on the 11th of November. Although the market 

conditions do not seem to be very stable, the portfolio has been showing very distinctive 

performance compared to the individual assets listed in CSE. 

Figure 19 Portfolio performance using CSE simulation on November 11th, 2020 
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Figure 20 Portfolio performance using CSE simulation on December 11th, 2020 
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CHAPTER 3: Accelerating the Deep Learning Model Using the 

GPU 

1. The Central Processing Unit 

The Central Processing Unit (CPU), also known as the central processor, is the core component 

of computers that consists of a large number of microscopic transistors. Also referred to as the 

brain of the computer, the major role of this element is to execute the different commands and 

instructions that form a specific computer program. The CPU’s architecture is structured in a 

way that it focuses on individual tasks, which makes it more compatible for jobs like running 

databases and serial computing [19]. 

2. The Graphics Processing Unit 

A Graphic Processing Unit (GPU) is a specialized processor designed to boost and manage 

graphics operations. GPUs have been representing a key component of modern 

supercomputing. They are made up of multiple smaller and more specialized cores and features 

that allow them to minimize the work of a CPU. The Graphics Processing Units are able to 

deliver high and massive performance as they operate in parallel while processing a multitude 

of tasks that can be disjointed. The GPU mainly decomposes complicated problems into a 

myriad of separate tasks, which are processed thereafter all at once. They are very powerful in 

manipulating both image processing and computer graphics and are mostly used in personal 

computers, mobile phones, embedded systems, and game consoles [19]. 

3. Training Time Limitation 

Deep Neural Networks usually require large-scale datasets to perform well and yield high 

accuracy. One of the major drawbacks of these neural networks is that they are computationally 

very expensive. Predictive models require at least thousands of labeled samples to be trained in 

order to deliver forecasts with high precision.  

The computational power depends mainly on both the size of the constructed neural network 

and its level of complexity. Indeed, the processing of our trained sample, which consists of 1000 

entries, on a CPU required on average 325.72 seconds, depending on each asset. Hence, for 

larger data-sets we expect the training to take more time, which usually can last for days or even 

weeks in some cases. 

Several methods were explored to accelerate the training time and overcome costs related to it. 

Colab offers the option to implement the simulation not only in a CPU but also using the GPU 
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or TPU. While comparing the training time for each of these hardware accelerators, we found 

the results displayed in Table 6. 

Table 6 Training time of 1000 entries using the CPU and GPU 

Processing 
Unit 

Hardware specifications 
 

Training Time (s) 

CPU Intel Xeon processor with 2 cores @ 

2.3 GHz and 13 GB RAM 

325.72 

GPU 12 GB NVIDIA Tesla K80 
 

48.73 

 

 

4. Accelerating the Training Time Using GPU 

GPUs are well-known for their bandwidth. The latter plays a salient role in accelerating the 

cumbersome workflow of Deep Neural Networks. Thanks to the parallel processing GPUs are 

known for, the training of huge amounts of data can be accomplished, nowadays, within few 

hours instead of taking days or weeks. To depict the impact of the use of GPU on the training 

time, a comparative study was carried out. The analysis endeavors to explore how changes in 

the size of data can impact the training time for both the CPU and GPU. 

We chose a sample that consists of the closing prices of one of the assets, which is BCP in this 

case. The same sample has been trained thereafter on different time ranges. As represented in 

Figures 21, 23, and 25, the relationship between the size of the dataset and the training time is 

linear for both the CPU and GPU. Before reaching these results, multiple types of functions and 

trendlines were tested on the data using Matlab’s Curve Fitting Toolbox, which mainly applies 

the regression analysis on datasets. We concluded that both the CPU and GPU data can be best 

represented by linear models. 
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Figure 21 Graph of the training time vs. data size for the CPU 

Figure 22 Fittings of the training time vs. data size for the CPU 

Figure 23 Graph of the training time vs. data size for the GPU 
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Figure 24 Fittings of the training time vs. data size for the GPU 

Figure 25 Comparison of CPU and GPU training times 

As for the speedup, we can visualize, from Figure 26, how it follows the trend of a logarithmic 

function with a base e (i.e. a natural logarithm). The speedup increases significantly as the data 

size expands until it reaches a saturation regime in which it becomes relatively constant, 

although the size gets larger. Indeed, as the number of trained entries reaches 1800, the speedup 

does not increase markedly and remains constant at a value around 8x. 
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Figure 26 Graph representing the speedup vs. the data size 

Training the network can be subject to systematic errors; consequently, the comparative 

analysis presented previously was implemented on various types of assets, different time 

frames, and multiple numbers of epochs. Although we changed one of these variables, the 

conclusion eventually remains the same. 

The analysis clearly depicts how the training of sophisticated neural networks benefits from the 

parallel computing of the GPU. As the dataset gets larger, we were able to find out that the 

speedup can reach a value of 8x. This value can increase even more depending on the features 

and specifications of the GPU server used. 

 

Figure 27 Comparison of CPU and GPU training times for 20, 50, and 100 epochs 
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Through this comparative analysis, we can clearly discern the extent to which the size of data 

affects the training time and how GPUs can be powerful in accelerating Deep Neural Networks. 

It is nevertheless noteworthy that when simple neural networks are trained, GPUs are not 

recommended to be used as they redeem very costly. 
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CHAPTER 4: STEEPLE Analysis 

1. Societal Implications 

The industry is in a salient need of advanced tools to assess and evaluate the profitability and 

riskiness of investments, notably during this period of crisis. The degradation of the economy 

necessitates the enhancement of investment strategies to preserve the liquidity of the market. 

The development of an algorithm that can increase individuals’ incentive to invest would help 

change the course of the Moroccan economy since it can markedly contribute to the growth of 

its capital. This initiative has the potential to fortify the trading mindset as it would help 

investors explore the different opportunities in the market, which can conceivably contribute to 

the prosperity of the society. 

2. Technological Implications 

This project was executed using the general-purpose software Python. This high-level 

programming language was selected because of its convenience of use as well as its various 

libraries and predefined functions that enabled the implementation of the presented model. In 

addition, the simulation relies chiefly on the different aspects of Artificial Intelligence, mainly 

Deep Learning, to help in the assets’ allocation and the decision-making process. Additionally, 

many virtual stock screeners websites were utilized to retrieve the data and track the portfolio’s 

performance over the selected time frame. 

3. Environmental Implications 

The implementation of the simulation as well as the trading do not seem to have any direct link 

with the environment and thence are not expected to affect it by any means. As a matter of fact, 

by enhancing diversified trading, investors will be encouraged to buy stocks issued by 

companies seeking to raise capital by emboldening environment-friendly solutions. 

4. Economic Implications 

The use of deep learning for portfolio construction and optimization would increase investor’s 

incentive to trade in the Moroccan market. The enhancement of internal trading would 

conceivably boost the country’s economy and can reinforce the growth of its capital, which will 

directly contribute to the increase of the country’s average GDP per capita. 
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5. Political Implications 

The model complies with the various policies and regulations set by the government. Needless 

to say, political effects can have a direct impact on stock prices and on the market in general. 

Investors should be aware of these events since they can have a significant impact on the 

riskiness and profitability levels of the entire portfolio. 

6. Legal and Ethical Implications 

The execution of the project does not violate any laws but rather satisfies the legal requirements 

at both the national and global levels. All the steps followed to construct the final model are 

legitimate and lawful. Besides, this work does not promote any illegal form of investment, 

neither takes into account any aspect of insider trading. 
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LIMITATIONS AND FUTURE WORK 

• Limitations 

As is often the case with the majority of projects and studies, the conception of the model 

presented in this work was also subject to some limitations. Despite the great performance and 

outcome of the simulation, it is important not to overlook the different impediments and 

limitations that have arisen while working out the implementation. 

One of the major and first difficulties encountered while developing this model is the limited 

access to data. The historical data of the different Moroccan stocks is mainly known to be 

accessible through the official website of Casablanca Stock Exchange. Nevertheless, the 

information and data that is provided on the website cannot be uploaded in a csv format nor as 

an Excel file. Therefore, other alternatives had been explored in order to perform the intended 

computations, predictions, and analysis. Commonly used websites, like Yahoo Finance and 

Marketstack, do not encompass any information related to the Moroccan Market. Consequently, 

it was necessary to dig deep and explore the diverse platforms that comprise historical data of 

stocks listed in Casablanca Stock Exchange. Investing.com was eventually the only website that 

contained all the necessary financial information needed to build up the neural network and 

perform the financial analysis of the portfolio. This data was not utilized instantaneously, but 

was rather examined, cleaned, and prepared before any initial use. Especially with the 

emergence of the health crisis, we had to scrutinize the different gaps in the data because of the 

days in which some assets have not been traded. 

Moreover, it is crucial to point out that the model suggested in this paper should not be relied 

on as the only source to make investment decisions. Relying solely on models like the one 

presented in this work would not be enough to reach sound outcomes and results. Stocks and 

market predictions are driven by several factors that are volatile in nature. Although these 

determinants are difficult to foresee, they should be taken into account as they have a 

considerable impact on the course of trading strategies. Therefore, before investing in a 

particular set of assets, it is crucial that the investor considers the various external factors that 

can impact his decisions. For instance, the announcement of the prospects for a successful 

immunization against the COVID-19 virus has significantly swerved and re-energized the 

demand for equity. We can clearly see how impactful this information was from the abrupt 

change in the volumes of traded stocks starting October 2020 (Figure 1). The hopes linked to 

the emergence of an efficient vaccine have allied the worries of many investors. Thus, 
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regardless of the level of accuracy, the model can seldom give predictions that are not viable 

for real-life trading. 

• Future Work 

This work opens up the opportunity to explore the different new advancements in the field of 

Deep Learning. Because the use of neural networks is mainly restrained by the size of data, the 

ongoing research in this field aims at exploring some efficient ways to accelerate the training 

of large-scale data sets. Because larger sets of data are known for being very computation-

intensive, many studies have been conducted to facilitate the deployment of massive 

information. Research has been focusing lately on the use of sparsity as a way to compress the 

Deep Neural Networks, and hence reduce computational costs. 

The principle of sparsity regularization is based on the use of a reduced number of input 

variables in X to learn an output Y with remarkable accuracy. The utilization of this method 

can contribute to the reduction of computational costs and can sometimes outperform the speed 

of parallel processing provided by GPUs. Within every training cycle, the algorithm searches 

for the networks and connections having a weight that is close to zero and removes or replaces 

them with random new connections. Following this process all throughout the network reduces 

the number of connections, which ultimately results in faster training of the model [20]. 

This method showed a great performance when training Convolutional Neural Networks 

(CNN), especially that this type of network is chiefly known for operating using complex and 

large datasets. It is extremely interesting how the Sparse Evolutionary Training (SET) not only 

reduces the training time but also increases the model’s accuracy compared to a fully connected 

network.  

Nonetheless, the compression of a model can sometimes have an impact on the accuracy of the 

output. That mainly occurs when sparsity misses out on some important information hidden in 

the denser neural networks. 

Heretofore, the concept of sparsity has not been applied to LSTM algorithms. Thus, my major 

aim in the future is to explore how the constructed neural network presented in this project can 

be accelerated using the principle of Sparse Evolutionary Training. 
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CONCLUSION 

 

In financial modeling, the prediction of returns and volatility plays a major role in risk 

management and portfolio optimization. Nevertheless, the different traditional methodologies 

used for the forecasting of stock prices can be onerous or unpromising. The use of the LSTM 

model has purportedly enabled us to construct a high-yielding portfolio with a Sharpe ratio of 

2.46. The portfolio’s efficiency was assessed using several ratios, statistical measures, and real-

life simulators. All these different tools have demonstrated the strong performance of the 

portfolio and its great resilience despite the aftermath of the COVID-19 crisis. 

The retrieved results confirm that deep learning can play a key role as a decision-making tool. 

In this application, the DNN model has demonstrated its ability to achieve satisfactory results 

that bypassed some conventional methods such as the mean-variance model introduced 

by Markowitz. The process followed addresses the challenging aspects of investments, 

especially in the presence of unprecedented and unexpected events such as the COVID-19 

pandemic. This model also staves-off the risk that can potentially emerge due to the 

underperformance of a particular asset since it takes into account the principle of diversification. 

The adoption of a similar approach for portfolio management and optimization can help 

investors select the optimal assortment of assets, depending on their objectives and incentives. 

Besides, we were able to overcome one of the major limitations encountered, which is the 

computational cost, by mainly compiling our code using a GPU. The training of the DNN model 

in a GPU yielded a better throughput by reaching a speedup of 8x compared to the CPU. Finally, 

the suggested model is not exclusively framed for the Moroccan context, but can also be 

operative and efficient for different markets all over the world. 

  

https://en.wikipedia.org/wiki/Harry_Markowitz
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APPENDIX A: Initial Specifications 

ZRARA Lamiaa 

EMS 

PORTFOLIO OPTIMIZATION USING DEEP LEARNING FOR THE MOROCCAN 

MARKET 

LAAYOUNI L 

FALL 2020 

 

Several mathematical and statistical tools have been utilized to appropriately optimize 

portfolios; however, there is still a lack of powerful trading strategies that accurately combine 

the market behavior and the investor’s risk appetite. For this reason, this capstone project aims 

at using the different principles of deep learning in order to optimize portfolios and allocate a 

combination of assets. This work will demonstrate how deep learning, compared to other 

standard methods, can help in identifying and selecting the best assets for a portfolio. The 

Recurrent Neural Networks (RNNs) are going to be the main engine for the assets’ return 

examination and volatility estimation that will help in creating a diversified portfolio with a 

higher return and a lower level of risk. 

In order to reach the intended outcome, the project will be executed in several phases. The first 

part will be dedicated to the investigation of the concept of deep learning and how this approach 

can be implemented for this project. Then, the methods and models by which portfolios are 

optimized will be tackled along with the various tools used to measure investment’s 

performance. After finalizing the theoretical part, the data will be collected, prepared and fitted 

to the neural network. For this purpose, the model will be executed in Python and will rely on 

the predefined functions and libraries that will help optimize and accelerate the computations. 

The neural network used will be trained on a large dataset to yield a better performance. A 

graphical representation will be implemented thereafter in order to detect the point in which the 

return per unit of risk is maximal. The model’s output will be compared to the results retrieved 

by using the conventional computational methods based on the values of the expected return, 

the volatility and the correlation of the assets selected. Finally, the code will be implemented 

using a GPU in order to accelerate the training time of the deep neural networks and make the 

asset allocation process less time-consuming. 

The overall timetable will consist mainly of carrying out an initial literature review and 

conducting a thorough research with regards to the topic during the first week. Then, the data 

will be gathered and filtered by removing outliers. Afterwards, the code necessary for the 

optimization of the portfolio will be built in Python and will be trained on large-scale datasets. 

The model’s performance will be then evaluated and compared to the results retrieved using 

other methods. 

As for the implications of this project, the model created will guide individual investors as well 

as fund managers towards the right strategies that will maximize their wealth during periods of 

uncertainty. Therefore, this approach can be relied on during the COVID-19 crisis to identify 

the different market opportunities. Indeed, by enhancing investment in portfolios, we can 

contribute to the growth of the domestic capital markets and help increase their efficiency and 

liquidity. This model will also prevent investors from the risk emerging from the 

underperformance of a particular asset since it takes into account the principle of diversification. 
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APPENDIX B: Python Code for Allocating the Optimal Portfolio 

This Python code was implemented for the construction of both the minimum variance and 

the maximum Sharpe ratio portfolios using the efficient frontier. 
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