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ABSTRACT 

Nowadays, the culture of investment has become more known and attractive to different people 

of different ages and genders. For instance, many people especially in Europe depend on 

investing to earn money for a living. However, investing can have different meanings. Some 

people choose to invest by using their money to start a business, while others prefer to buy 

stocks to generate long-term profit. Therefore, investors are always in a need of new ways that 

help them gain more money. In this project, we are working on the use of the deep learning 

approach in finance to achieve this goal. Thus, the portfolio assessment can help investors 

identify the different market opportunities to increase their profit. To do so, we will be using 

two different models which are: Convolutional Neutral Network (CNN), and Long Short-Term 

Memory Network (LSTM). The main objective of the two models is to design portfolios that 

suit each investor’s needs and expectations.  
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RESUME 

 
De nos jours, la culture de l'investissement devient de plus en plus reconnue, et attire de 

nombreuses personnes d’âge et de sexe diffèrent. Par exemple, de nombreuses personne, 

surtout en Europe, dépendent sur l'investissement afin de gagner de l'argent pour vivre. 

Cependant, l'investissement peut avoir différentes définitions. Certaines personnes choisissent 

d'investir en utilisant leur argent afin de commencer un business, quant à d'autres qui préfèrent 

acheter des actions pour générer un bénéfice à long terme. Donc, les investisseurs sont toujours 

à la recherche de nouvelles façons de gagner d'avantage d'argent. Dans ce projet, nous 

travaillons sur l'usage de l'approche du Deep Learning en finance afin d'atteindre l'objectif cité 

précédemment. Par conséquent, le portefeuille pourra venir en aide aux investisseurs pour 

d'identifier les différentes opportunités présentes sur le marché afin d'augmenter leur profit. 

Nous allons donc utiliser deux différents modèles qui sont les suivants : Convolutional Neutral 

Network (CNN), et Long Short-Term Memory Network (LSTM). L'objectif principal de ces 

deux modèles est de designer des portefeuilles qui conviennent aux besoins et aux attentes de 

chaque investisseur. 

 

 

 

 

 

 

 

 

 

 

 

Mots-clés : Deep Learning, Convolutional Neutral Network (CNN), Long Short-Term 

Memory Network (LSTM), portefeuille. 
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CHAPTER 1: Introduction  

 
1. Project Description: 

Portfolio assessment for the European market is a project where we will be studying the 

difference between two deep learning models which are: Convolutional Neutral Network 

(CNN), and Long Short-Term Memory Network (LSTM). Nowadays, the deep learning 

approach has been spread around the world by different firms because of its ability to solve the 

most complicated challenges.  

Deep learning is a field of artificial intelligence that has been used to solve feature engineering. 

In our project, we aim to use a technique called Convolutional Neutral Network. This method 

is usually used in images to process structured arrays of data. Thus, CNN can also be used in 

finance and more specifically in topics related to investment such as portfolio assessment [1]. 

Another engineering tool that we are using in this project is Long Short-Term Memory 

Network. This method is important in our research because it is an efficient way to make 

predictions given sequences of data [2].  

Nowadays, the culture of investment is more accessible to people all around the world. 

Therefore, developing this concept using deep learning techniques would provide more 

benefits and help to be engaged in such activities for the investors in specific and the society 

in general.  

2. The Use of Deep Learning in Finance: 

Besides computer vision and audio-visual recognition, Deep learning has succeeded to spark 

the interest of the people working in the finance field too [3]. Nowadays, investors are looking 

for gaining higher profits by using the smartness of the machines to predict the prices of the 

assets. Thus, the development of the Deep Learning techniques has contributed to the 

achievement of significant growth in the financial world [9]. Therefore, the Neural network 
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method can be used in many sectors such as price forecasting, portfolio assessment, risk 

management, and algorithmic trading [3].  

3. Artificial Intelligence: 

 
Artificial intelligence (AI) is a field of computer science that aims to develop systems that can 

act and process information as the human brain would do. Some of the numerous objectives of 

AI are to teach the machines to interact with humans, provide accurate results, learn from their 

mistakes, and adapt to new environments [4]. For instance, Artificial Intelligence is used in 

today’s world in Amazon Echo. This tool allows people to talk to their machines like phones 

for example and receive an answer to their questions or requests. This operation is done by 

transforming the human language into 0 and 1 which is the binary number that the computer 

understands to process the information.  

4. Machine Learning: 

One of the known subsets of Artificial Intelligence is Machine learning which works with the 

labeled data by memorizing its features. The core idea of this method is to train the model 

based on the features of the data, learn and compare these features, and provide the required 

output [5]. A very known example of the use of Machine Learning is Google. When the user 

searches for something on Google, the platform memorizes what the user likes and dislikes, so 

it gives you more information about what the user is going to read.  

5. Deep Learning: 

Unlike Machine Learning, Deep learning is another Artificial Intelligence approach that deals 

with large unlabeled data. This tool works by training the model using an Artificial Neural 

Network and testing the model before adding any new data [4]. Therefore, Deep Learning 

models usually provide the desired output when they are trained efficiently.  For instance, the 

transformation of a black and white image into a fully colored image can be done using Deep 

Learning. This approach consists of inputting the black and white image into a Neural Network 
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that is already trained to recognize the different colors using the web. Hence, each characteristic 

of the image whether it is a human being or an animal will be assigned its corresponding color 

based on what is available on the web of course.   

Each Neural Network has at least two main components: the neurons which are the elements 

that process the information or the input, and the links which refer to the elements that connect 

between the neurons, and that are associated with a weight parameter that can be considered as 

a function.  

 

Figure 1 Deep Neural Network Architecture. 

 Retrieved from: (V7Lab, 2022) 

6. Recurrent Neural Network: 

A neural network can be defined mathematically as a differentiable function that changes or 

converts one kind of variable to another kind depending on the desired outcome [4]. For 

instance, to solve a regressor problem, we need to convert vectors to scalars which can be done 

by building a special architecture model using the recurrent network. Usually, the architecture 

of the recurrent neural networks takes in an input sequence and outputs other sequences of the 

desired outcome [7]. The lengths of the input sequence and the output sequence do not 

necessarily have to be equal since there is a special architecture called Encoder-Decoder 

Architecture that deals with this kind of problem, which is the case with the translation 

machine. However, the issue with the recurrent neural network is the size of the sequences. For 
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instance, having a big size of the sequences can lead to the loss of some inputs which may lead 

to lower the accuracy of the model [8]. Hence, this problem in RNN is called the exploding of 

the gradient, which was investigated in 1991 by Hochreiter, a German computer scientist. One 

of the solutions proposed by this scientist is the Long Short-Term Memory. This method 

consists of adding a constant alpha over every edge joining the hidden cells of the network. 

The role of this alpha is to regulate the amount of information the network needs to keep, and 

the amount that can be vanished. However, the value of this alpha is not supposed to be chosen 

manually. There is a set of parameters that are called the gates and they should be introduced 

in every time step, so the network decides the values of the alpha itself [10]. The graph below 

summarizes the Gated Recurrent Network with the alpha functions and the hidden cells.  

 

Figure 2 The Structure of a Recurrent Neural Network with Adding the Activation Functions 

Such that: 

x: the input 

h: the hidden units 

o: the output 

7. The Long Short-Term Memory: 

The Long Short-Term Memory is one of the most used gated recurrent neural network 

architectures. The difference between the RNN and the LSTM is that instead of using the 
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hidden units as shown in figure 2, we use the LSTM cell and we add the cell states that connect 

every cell as it is shown in the figure below.  

 

Figure 3 The Structure of Neural Network using LSTM Cells 

This new recurrent neural network was designed to solve the vanishing and the exploding 

problem.  

7.1 The Structure of LSTM Cell: 

To understand how the LSTM works, we need first to analyze its structure and define the 

functions of each variable. For instance, each unit of the LSTM structure has the following 

structure: 

NOTE: All the LSTM cells images in this part were retrieved from a book called “Overview 

of Long Short-Term Memory Neural Networks” written by Kamilya Smagulova and Alex 

Pappachen James [23]. 

• Cell: This is the part that maintains the cell state so the next LSTM can choose to read 

from it or write to it.  
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Figure 4 LSTM Structure with Highlighting the Pattern of The Cell State 

• Forget gate: controls if the memory gate is reset to 0.  

 

Figure 5 LSTM Structure with Highlighting the Pattern of Forget Gate 

• Input gate: controls if the memory cell is updated. 

 

 

Figure 6 LSTM Structure with Highlighting the Pattern of Input Gate 
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• Output gate: controls if the information made by the cell state is visible or not.  

 

Figure 7 LSTM Structure with Highlighting the Pattern of Output Gate 

 

7.2 Understanding LSTM Network operations: 

When the information comes into the LSTM cell, the forget gate decides whether to keep it or 

to delete it. Then, in the case of keeping the input information, it passes by both the forget gate 

and the input gate through a sigmoid function that gives values from 0 to 1. These values 

indicate which information to keep and which to vanish. For instance, the values that are closer 

to 1 are the values to keep, and the values that are closer to 0 are the ones to delete. Moreover, 

the sigmoid function is also used to help the cell state to update its values. After making sure 

that the cell is correctly updated, both the hidden and the input state use the tangential function 

to squinch the input values between -1 and 1. Then, the tangential output and the sigmoid output 

from the previous operation should be multiplied to calculate the cell state. Finally, the cell 

state needs to be multiplied by the forget vector to generate the new cell state that would be 

later on transformed into the new LSTM cell as input information. By doing so, we can build 

an architecture that memorizes a set of information in long term by also controlling the 

vanishing of unwanted information [11]. 
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The parameter that contributes the most to this model is the sigmoid function which can also 

be called the activation function. This function can be mathematically expressed by the 

following: 

 (Wood, 2020) 

8. Convolutional Neural Network: 

The Convolutional Neural Network is a special artificial neural network that can detect patterns 

from input and make sense of them [12]. Therefore, this model is very used in image 

processing. The structure of the CNN consists mainly of the convolutional layers that are 

considered to be the hidden layers that receive the input information. To do so, each 

convolutional layer needs filters that play the role of the detector of the pattern in the operation. 

Thus, the pattern can be anything we want our model to memorize or detect. For example, if 

we have a picture and we want the CNN model to pick out its patterns, these patterns can be 

colors, shapes, animals, or even edges [13]. After assigning values to the filters, the 

convolutional layers pick out the patterns we are interested in, transform them, and input them 

into the next layer. This transformation is also called the convolutional operation.  

Another type of layer that is used in the convolutional neural network is the pooling layer. it is 

usually added after the convolutional layer to facilitate the computation so the model can detect 

smooth features. On the level of the dense layers, the detection of the features and the 

similarities are taking place.  
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Figure 8 Convolutional Neural Network Patterns 

Retrieved from: (Balaji, 2020) 

9. Portfolio Features and Parameters: 

Nowadays, portfolio investing is one the most attractive things to the people who are interested 

in finance because it is considered to be the critical aspect of success in investment and the 

management of money. Therefore, a portfolio is defined as a collection of assets such as stocks, 

bonds, or even cash. An investor can choose sometimes to invest in more than one asset. 

However, sometimes these assets can be correlated which means they move together, and if 

the stock market goes down, all the investments go down too [14]. This problem of correlation 

was solved by an American economist called Harry Markowitz who introduced the modern 

portfolio theory. According to Harry Markowitz: “Since there were two criteria, risk and return, 

it was natural to assume that investors selected from a set of optimal risk-return combinations” 

[15]. The core idea of this modern portfolio theory is to construct a diversified portfolio that 

helps the investors to make profits regardless of the risk. To do so, many portfolio features 

should be taken into consideration.  

9.1 Portfolio Volatility: 

Volatility is the range of the market’s movement. Therefore, most investors use volatility to 

know the risk level of an asset. A high volatile asset is an asset with remarkable changes in 

value over time, and low volatility refers to a stable position [16]. Usually, high volatility 

means uncertainty which is not very likable for the investors. However, it can generate higher 

returns if the investor is willing to take the risk.   

Mathematically speaking, the volatility of a portfolio can be calculated using the Beta value 

which is a measurement that compares the stock value and its market price. 

                                                                (Investopedia, 2022) 

 



21 

 

9.2 Portfolio Variance: 

The measurement of the degree of dispersion of the returns in a portfolio over a period of time 

is called the variance [17]. To calculate this variance, we need to multiply the squared weight 

of each asset by the squared variances and sum them up, then we add the multiplied two by the 

sum of the weights and the covariance between the assets. For example. the mathematical 

formula of the portfolio variance with two assets is represented as follows: 

 (Investopedia, 2020) 

 

Such that w is the portfolio weight assigned to each asset in the portfolio, σ is the standard 

deviation of each asset, and Cov1,2 is the covariance between the two assets which can be 

replaced by the correlation coefficient of the two assets.  

9.3 Covariance and Correlation: 

The covariance between two variables can be defined as the statistical relationship between 

these variables. For instance, if we are working with two variables X and Y, the covariance 

between these two variables can be calculated using the following formula: 

 (CFI, 2022) 

Such that Xi and Yj are the values of each variable, x̄ and ȳ are the means of each variable, and 

n is the total number of the data.  

If the covariance is positive, it means that the two assets are related and moving together. 

However, if the covariance is negative, it indicates that the assets do not have a linear 

relationship. On the other side, the correlation is also an indicator of the relationship between 

the assets, but the slight difference is that the correlation method gives more insight into the 

type and the strength of the relationship the assets may have [18].  
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The mathematical formula of the correlation is the following: 

 (CFI, 2022) 

Such that Cov (X, Y) is the covariance between the two variables as explained in the previous 

part, σX, and σY are the standard deviation of each asset.  

9.4 The Sharpe Ratio: 

The Sharpe ratio refers to the measurement of the return in terms of risk. Meaning that it 

calculates the returns of an asset depending on the volatility level. This method is very used in 

investment decisions because the return of an asset is not enough to indicate if the investment 

will be fruitful or not [19]. The mathematical equation of the Sharpe Ratio is defined as follows: 

 (Fernando, 2022) 

The risk-free return is a theoretical rate that gives the investor an idea of the return he or she 

can expect in case of investing in an asset with 0 risks. Normally, this theoretical value is 

computed by the difference between the inflation rate and the pertinent yield of Treasury Bonds 

for each country individually. However, we will consider that the minimum profit is 0 in the 

case of a risk-free investment. Nevertheless, if an investor is interested in investing in the 

European Market, he or she may need to consider the average risk-free rate in Europe which is 

2% [20].  

A Sharpe ratio that attracts most the investors is the one with a value higher than 1 because it 

refers to a good investment.  
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CHAPTER 2: Portfolio Construction for the European Market 

 
1. Description of the Data: 

The historical data used to construct the portfolios was retrieved from Yahoo Finance which is 

a website that provides accurate financial data for different companies. This website also 

provides financial news as well as market analysis all around the world.  

The time-series data consists of assets belonging to twelve European companies that are 

considered to be operating actively in distinct industries to ensure diversity in the portfolio.  

Moreover, the historical data is the closing price of each asset for seven years from April 1st, 

2014, up to February 20th, 2022.  

After uploading the data in the form of a CVS form, cleansing and filtering were carried out to 

delete or modify the outliers and the irrelevance data to make sure that the deep learning models 

used in this study could run successfully.  

2. The Programming Language: Python 

In this project, the programming language used is Python because it helps build machine 

learning algorithms as well as analyze the data which makes the coding more efficient. On the 

other hand, Python is also useful because it has many libraries that simplify the building of 

recurrent neural networks such as Pandas, Keras, NumPy, YFinance, and TensorFlow [21]. 

These libraries play a very important role when it comes to the implementation of deep learning 

models such as the ones we are working on within this project.  

3. The use of Google Collaboratory 

Google Collaboratory or “Collab” is a tool from Google that allows to use of deep learning 

libraries and to execute python code online via Google Drive.  

Collab is very useful in this project because it provides free access to GPU which is a 

requirement to implement our deep learning models. Therefore, the implementation of the 

codes used to construct and study the portfolio in this project was carried out using this tool. 
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4. Construction of Portfolio using the Volatility: 

Most investors usually consider many criteria before choosing an asset to invest in. One of the 

most common criteria is the risk of the asset which can be related to the volatility. Thus, 

volatility is the rate that specifies the movement of the asset’s value in the future. In other 

words, if the asset has big volatility that means it has big risk which can lead to a big profit, 

and if the asset has small volatility with small risk, that is usually leading to a small return or 

benefit. Therefore, there is a mathematical metric that is called beta value and it can calculate 

the degree of volatility of any stock or asset in the market. This value usually indicates the 

volatility of the asset in comparison to its market price.  

To construct a portfolio using the classical method, we start first by collecting data from Yahoo 

Finance. As mentioned before, Yahoo Finance does not only provide the historical data of the 

stocks, but also some parameters such as the Beta Value of five years monthly, which can be 

considered an accurate value to be used in this project.  

The goal is to choose twelve different stocks from different companies in Europe, and we to 

classify them into three types of portfolios based on their Beta values: 

• Low-risk portfolio: this consists of four stocks that have Beta values less than 0.6, 

which means that they have a small volatility level.  

• Moderate Portfolio: This consists of four stocks that have Beta values between 0.7 and 

1.5, which means that they have a medium volatility level. 

• High-risk Portfolio: This consists of four other stocks that have Beta values higher than 

1.5, which means that they have a high volatility level.  

The figures below summarize the historical prices of the assets in each portfolio from the 

European market. 
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Table 1 Asset’s Selection in Three Portfolios Based on Risk Level 

 

 

 

Figure 9 Historical Prices of the Assets in Low-Risk Portfolio 
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Figure 10 Historical Prices of the Assets in Moderate Risk Portfolio 

 

 

Figure 11 Historical Prices of the Assets in High-Risk Portfolio 

4.1 Optimization of the Classical Portfolio using High Sharpe Ratio: 

 

After classifying the assets, the next step is studying the returns and the risk levels of each 

portfolio as well as finding a way to optimize it for better values. This step is important because 

the goal of this project is to compare the classical method with the deep learning method when 
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it comes to constructing Portfolios.  To do so, we used Python language to calculate the returns 

and the risk levels of each portfolio, as well as for the optimization to generate better benefits. 

Using the code in Python shown in Appendix B, we could allocate the weight of each asset 

depending on the highest Sharpe Ratio.  

Table 2 summarizes the annual return, the annual risk, the Sharpe Ratio, and the optimal 

weights for each asset to consider while investing.  

• Low-Risk Portfolio 

Table 2 Low-Risk Portfolio: Return, Risk, and Weights Allocation 

 

 

Figure 12 Low-Risk Portfolio Optimization using the Sharpe Ratio 

In the graph, the yellow part refers to the assets with higher return and higher Sharpe Ratio 

which in our case are Hermes and Orange. However, the purple part is the part where the 

investors are not usually very interested in because it shows the assets with higher risk and low 
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return. The assets allocation we suggested in the table 3 was based only on the Higher Sharpe 

Ratio. However, while investing, many other parameters should be taken into consideration.  

• Moderate Risk Portfolio:  

Table 3 Moderate Risk Portfolio: Return, Risk, and Weights Allocation 

 

 

Figure 13 Moderate Risk Portfolio Optimization using the Sharpe Ratio 

 

In the case of the moderate Risk portfolio, we can observe that when the annual risk increased 

by 3% compared to the low-risk portfolio, the expected annual return also increased by 5%. 

Therefore, we can say that the moderate risk portfolio is more beneficial than the low-risk 

portfolio considering the level of the risk and its returns.  

• High-Risk Portfolio: 
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Table 4 High-Risk Portfolio: Return, Risk, and Weights Allocation 

 

 

Figure 14 High-Risk Portfolio Optimization using the Sharpe Ratio 

 

In the case of a high-risk Portfolio, the expected risk is very high considering the expected 

return. Therefore, this portfolio is not the best choice for the investment.  

4.2 Analysis of the Results: 

The comparison of the three portfolios is based only on the Sharpe Ratio as it is considered to 

be a good indicator of portfolio performance. The low-risk portfolio is a fine choice in case the 

investor is looking for the minimum risk. Thus, the moderate risk portfolio is the best option 

for an investor that is willing to slightly increase the risk to get a significantly higher return. 

However, the high-risk portfolio is not a good choice because high volatility without a high 

expected return is not a good investment strategy. As a result, the best choice of the classical 

portfolios is the moderate risk portfolio with a Sharpe Ratio of 0.96952.  
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5. Construction of The Portfolio using The Long Short-Term Memory: 

5.1 Correlation Matrix for The Assets Allocation: 

A correlation Matrix is a method used to identify the linear relationship between different 

assets. If the correlation is positive, it means that the two assets are affecting each other, and 

they increase or decrease together. However, if the correlation is negative, it means that the 

two assets are not linearly related [22]. As an investor, the best option is to choose assets with 

no linear relationship to avoid the risk of losing all the money at once.   

In the construction of a deep learning portfolio, it is important to use the correlation matrix 

because instead of using twelve companies in the portfolio, we can select the best six 

companies to include in the portfolio to ensure that there is a low correlation between their 

prices.  

The language used to study the correlation between the twelve companies mentioned before is 

Python because it has the libraries and the functions needed to identify which assets are related 

and which ones are not.  

After running the code shown in Appendix E, we could conclude and select which assets we 

can consider for our portfolio. When the correlation between the assets is low, they have a 

darker square. Therefore, using figure 15, we selected the following stocks to make up our 

portfolio: Qiagen (QIA.DE), Adidas (ADS.DE), Hermes (RMS.PA), Carrefour (CA.PA), 

Danone (BN.PA), and Credit Agricole (ACA.PA). 
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Figure 15 Correlation Matrix Graph of twelve different European Assets 

5.2 Stock’s Price Prediction using The Long Short-Term Memory: 

In this part, we will be using the Long Short-Term Memory model to predict the prices of each 

stock of the six stocks chosen for our portfolio. Moreover, we will explain the paths for the 

model implementation using Google Collaboratory for Danone stocks as an example. 

Nevertheless, the same procedures and steps were used to predict the prices of all the remaining 

assets.  

The first requirement while running an LSTM model is to import the neural network libraries 

as shown in the syntax below. 

 

NumPy is used to structure our data into mathematical arrays and matrices to fit our model. 

Moreover, Pandas is used as a Python package that facilitates the labeling of the data flexibly 

and efficiently. Nevertheless, Keras plays a very important role in neural networks because it 
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helps in the implementation and the computation of the parameters and the functions in the 

LSTM model.  

The next step is to upload the data from Yahoo Finance, clean it from the outliers, and upload 

it to Google Collab to facilitate the display as shown below. 

 

After filtering our data to get only the closing price which we will be working with for the 

implementation of LSTM, we needed to start first by Preprocessing the data which requires 

two main steps: training and testing. This part is important in our model because since we have 

a time series dataset, the next data is always dependent on the previous data. 

In this case, we have considered the training size of our data to be 70% of the dataset, and the 

testing size of the data to be 30% of the dataset. 

 

To train the data, we needed first to take into consideration that LSTM is a sensitive model to 

the scale of the data, which means that we had to use MinMaxScaler to transform our values 

between 0 and 1. 
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Then, to preprocess our data, we had to convert our inputs to dependent and independent data 

based on the timesteps.   

 

Since LSTM is a model that expects three inputs, we had to reshape our data to have an array 

with the required number of inputs. 

 

Then, we started creating the LSTM model. The libraries required for this model are 

Sequential, Dense, and LSTM. In our case, we used four layers for building our LSTM model. 

each layer was assigned a value of 50 units considering 20% of drop, and one layer was 

considered a dense layer with the value of 1. Moreover, we also used the loss function to 

calculate the mean squared error for our LSTM model.  
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To run our model, we used the loss function to calculate the mean squared error for our LSTM 

model and “adam” as an optimizer for our data.  Moreover, we also chose the batch size to be 

32, and the epochs to be 100 because we have a large dataset.  

 

Next, the last steps in our models were to check the training predictions and transform them 

into the original shape. After doing so, we could visualize or output as shown in the graph 

below.  

 

Figure 16 Stock’s Price Prediction of Danone using LSTM 
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As we can see, the predicted prices are very close to the actual ones which mean that our model 

did a good job in the prediction of the stock’s price.  

After using the same model for all the remaining five assets, we could generate the following 

graphs.  

 

 

Figure 17 Stock’s Price Prediction of Adidas using LSTM 

 

Figure 18 Stock’s Price Prediction of Qiagen using LSTM 
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Figure 19 Stock’s Price Prediction of Hermes using LSTM 

 

Figure 20 Stock’s Price Prediction of Carrefour using LSTM 
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Figure 21 Stock’s Price Prediction of Credit Agricole using LSTM 

5.3 Accuracy of the LSTM Model: 

The level of accuracy in the Long Short-Term Memory Model can be indicated by a parameter 

called the root mean squared percentage error which is also included in our code used for the 

implementation of the model. The higher the percentage of the accuracy the better the results 

of the model’s predictions. Thus, the summary of the accuracy for each stock is shown in table 

5.  

Table 5 Accuracy of the LSTM Model 
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As we can see in the table 5, we have an accuracy higher than 94% for all of our assets chosen 

for the portfolio. As a result, we can say that the data was trained efficiently.   

5.4 Optimization of the LSTM Portfolio: 

To optimize the LSTM Portfolio, we had first to extract the predicted prices and save them into 

a CSV file as shown in the syntax below. 

 

After filtering the data, we used the same Python Code in Appendix B that was used before to 

optimize the classical portfolio. Finally, we could optimize our LSTM Portfolio using the High 

Sharpe Ratio Method.  

The results of our optimization as well as the weights allocation are shown in the tables below: 

Table 6  LSTM Portfolio Optimization: Return, Risk, and Weights Allocation 
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Figure 22 LSTM Portfolio Optimization using Sharpe Ratio 

 

The assets of Adidas, Qiagen, and Hermes are the ones that were assigned the biggest part of 

the weights because they generate high returns with low-risk levels. 

For our LSTM Portfolio, the expected annual return is very high compared to the annual risk, 

which leads to a high Sharpe ratio with a value of 5.1838. Therefore, we can say that by using 

the LSTM model, we could build a portfolio that performs better than the classical portfolio.   

6. Construction of the portfolio using CNN: 

6.1 Methodology:  

Convolutional Neural Network is an artificial neural network used for image processing, data 

classification, and data analysis. In this project, this model will be used for the price prediction 

of the stocks in the European market. The main objective of using this model is to get the 

predicted values so we can optimize the portfolio based on these values. Moreover, we will do 

a comparison study between the returns of the portfolio constructed by the Long Short-Term 

Memory model, and the one with Convolutional Neural Network to conclude which one of 

them is the best model for the price predictions and the assessment of the portfolio.  
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First of all, we will use the same companies that were chosen for the LSTM model using the 

correlation method. The reason behind keeping the same companies is that we intend to have 

assets that are not related to our portfolio, so we avoid the risk of a huge loss in case of some 

crisis such as the last global crisis, Covid-19. Moreover, the goal of this study is to compare 

the two models based on the prediction’s performance and accuracy.  

To implement the CNN model, we used Google Collaboratory as well as Python because we 

could easily import the libraries and the data needed for this model. 

6.2 Analysis of CNN Code using Python: 

The code used for the CNN implementation is shown in Appendix D. We start first by 

downloading the data from Yahoo Finance for the six companies that were chosen in the 

previous correlation study: Qiagen (QIA.DE), Adidas (ADS.DE), Hermes (RMS.PA), 

Carrefour (CA.PA), Danone (BN.PA), and Credit Agricole (ACA.PA). 

 We chose our dataset to be from January 1st,2014, to February 20th, 2022. Then, we uploaded 

the data to Google Collaboratory, and we imported the libraries. After that, we had to check 

the relationship between the stock’s current values and past values. So, we included an 

autocorrelation function in our Python Code. We had next to split the multivariable sequence 

into samples. This step is important because CNN expects samples as input and not sequences. 

To do so, we defined a function with two variables, and we used a ‘for loop’ to find the end of 

the pattern on one hand and to check that we are always on the interval of the dataset on the 

other hand. Then, we gather all the inputs and the outputs of the pattern, and we reshape our 

function from expecting two inputs into expecting three inputs.  

After making sure that our dataset is reshaped and ready to be run by the model. We started 

defining the CNN model. We used four layers with “relu” as an activation function and 

different dense values from 200 to 1000. Moreover, we used “adam” as an optimizer, and “mse” 
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as a loss to calculate the accuracy of our model. To fit the model, we used 1000 for the epochs, 

and 1 for the verbose considering the size of the dataset we are working with.  

Finally, we could generate the following graphs that summarize the results of the CNN model 

predictions.  

 

 

Figure 23 Stock’s Price Prediction of Danone using CNN 

 

 

Figure 24 Stock’s Price Prediction of Carrefour using CNN 
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Figure 25 Stock’s Price Prediction of Qiagen using CNN 

 

 

Figure 26 Stock’s Price Prediction of Credit Agricole using CNN 
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Figure 27 Stock’s Price Prediction of Hermes using CNN 

 

 

Figure 28 Stock’s Price Prediction of Adidas using CNN 

 

6.3 Accuracy of the CNN Model: 

The degree of accuracy in the deep learning models is very important as it gives us an idea 

about the performance of the model as well as the efficiency of its training. To calculate the 

accuracy level of the CNN model, we used the mean squared error as a loss function in our 

code to identify the squared difference between the valid and the predicted prices.  
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The table below summarizes the accuracy level of the stock’s prediction of each asset using 

the CNN model.  

Table 7 Accuracy Level of the Assets using CNN Model 

 

Most of the predictions have an accuracy level higher than 95% which means that the model 

produces very accurate outcomes. Therefore, we can conclude that the model was well-fitted 

and trained.  

6.4 Optimization of the CNN Portfolio: 

In this part, we have to optimize our CNN portfolio based on the Highest Sharpe ratio. 

Therefore, after gathering the data of the predicted values of all the assets in a CVS file, we 

used the code in the Appendix B to calculate the expected annual return and the risk level after 

assigning a weight to each asset to get the highest Sharpe ratio level possible.  

The tables below summarize our outcome: 

Table 8 CNN Portfolio Optimization: Return, Risk, Weights Allocation 
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7. Comparison Study between CNN and LSTM: 

7.1 The number of epochs: 

It is well known that the larger the size of the dataset, the more efficiently the neural network 

works. However, having more data sometimes requires fitting the model with a higher number 

of epochs. The issue with having a big number of epochs is that the model can be overfitted 

which can lead to cutting the training phase and the model cannot get trained efficiently. Hence, 

comparing the two models, we can say that 100 epochs are the optimal times the LSTM 

algorithm can work while training the dataset. However, for the case of the CNN Model, the 

required number of epochs is 1000. The reason why CNN works with more epochs than LSTM 

is that the structure of the Convolutional Neural Networks is designed to transform the data 

before being able to make predictions. However, the structure of the LSTM is mainly designed 

to predict and process effectively the temporal information.  

7.2 The Training Time: 

The training time is one of the main differences between the Long Short-Term Memory and 

the Convolutional Neural Network. Even though CNN requires more epochs than LSTM; while 

running both of the models using Google Collaboratory which provides NVIDIA Tesla K80 as 

a GPU, CNN took about 16ms per epoch in the training time, and LSTM needed 125ms per 

epoch for the training phase as shown in the figures below. 

 

Figure 29 LSTM Running time using Google Collaboratory 
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Figure 30 CNN Running time using Google Collaboratory 

 

7.3 The Accuracy Level: 

As we can see in table 5 and table 7, the two models did a good job when it come to the stock’s 

price predictions. Moreover, the average accuracy of the Long Short-Term memory is higher 

than 94%, and the average accuracy of the Convolutional Neural Network is almost 99%. The 

level of accuracy in each model was calculated using the mean square error function that was 

included in both LSTM and CNN python codes. As a matter of comparison, we can say that 

the CNN model was slightly more accurate than the LSTM model. However, the difference in 

accuracy is very small which makes it insignificant.  

 

Figure 31 Chart of the Comparison between LSTM and CNN Accuracy 

7.4 The Optimal Deep Learning Portfolio: 
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It is true that after optimizing the two deep learning portfolios to get the highest Sharpe Ratio 

possible, the CNN portfolio had an expected return of 90.88% and the LSTM portfolio had an 

expected return of only 86.88%. Therefore, we can say that the CNN portfolio outperformed 

the LSTM portfolio in the expected return by 4%. Hence, the Sharpe ratio of LSTM is higher 

than the one in CNN because the expected risk is also an indicator that most investors rely on 

to decide whether to invest or not. All in all, the optimal portfolio for this case is the LSTM 

portfolio as it generates high returns with a reasonable risk level.  

 

 

Figure 32 Chart of the Comparison between LSTM and CNN Portfolios 

 

CHAPTER 3: Steeple Analysis 
 

1. Social Implications:  

Investing is an activity that attracts people from different societies and mentalities. Therefore, 

developing this concept using deep learning technologies would provide more benefits and 

help to be engaged in such activities for the investors in specific and for the society in general. 

Especially after the Covid-19 crisis, the European market is in the need of new strategies and 
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technologies than can motivate the investors to engage in business. This can directly affect 

European society because it is related to economic stability.  

2. Environmental implications:  

Investing as an activity can be considered environmentally friendly because it has no direct bad 

impact on the environment. Therefore, developing and using deep learning models to improve 

the quality of the investments does not have any negative effect on the environment. In fact, 

increasing the rate of investment in the European Market can even encourage the big companies 

to fund some new environment-friendly projects.   

3. Technological implications:  

In this project, we used Python as a high-level programming language that provides many 

functions to implement our models. It is also linked to many libraries and datasets which ease 

the importation of the data needed. Additionally, Google Collaboratory was also very helpful 

in the implementation of our deep learning models as it provides a free GPU that is required to 

run the Neural Networks models.  

4. Economic implications:  

The core idea of a portfolio assessment is to help investors make fruitful decisions which leads 

to solving more economic challenges and making more money out of investments. This 

strategy can cause economic growth because it encourages people to be more interested in the 

European stock market and to invest more.  

5. Political implications:  
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In this project, political decisions can affect directly our results. In other words, the stock 

market is usually affected by some political aspects such as economic crisis. Therefore, the 

investors need to be aware of this implication because it is affecting both the rate of return and 

the expected risk.  

6. Legal Implications:  

Since Europe considers investments a very important and legal aspect, our study is considered 

lawful according to international standards. The models and theories used do not violate any 

law. Also, the data considered is imported from Yahoo Finance.com which is a global and legal 

platform for the stock markets.  

CONCLUSION 
 

Portfolio assessment is one of the most interesting aspects of the finance world. Nowadays, 

people are striving to gain more money from investing. Therefore, Mathematics as a field can 

be very helpful when it comes to studying the probabilities of the success of a portfolio. Many 

mathematical functions can be used to evaluate both the risk and the return an investor should 

expect while putting money into portfolio investment. Indeed, after discovering the theory of 

the modern portfolio, most investors changed their investment strategies from investing in one 

asset to investing in many assets at the same time. This strategy did not only save people from 

losing all their money at once, but it also allowed people to look at the portfolio as a project 

that needs to be analyzed and studied. As a result, people started to identify some mathematical 

features that help assess the portfolio. One of the famous methods is the optimization of a 

Classical Portfolio using the Sharpe Ratio.  This metric is important because besides looking 

at the return of an asset, the investor should also consider many other aspects such as the risk-

free rate.  Moreover, the Beta value can also be considered an accurate indicator because while 

constructing the classical portfolios, we have seen that the moderate portfolio was the best 
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option since the return is acceptable and the risk rate is very reasonable unlike the low-risk and 

the high-risk portfolio. On the other hand, we can say that deep learning as a field also 

contributed to the optimization of the portfolio with high efficiency and accuracy. We could 

even conclude that the LSTM Portfolio outperformed all kinds of classical portfolios. That is 

because Deep Learning as a field is designed to detect and memorize the information in order 

to use every small detail of that information to predict an outcome. However, each deep 

learning approach has some limitations. For instance, even though CNN as a model has 

generated the most accurate predictions in a very fast way, it is still not the perfect approach 

when it comes to time-series predictions. On the other side, LSTM is the best option for this 

kind of problem, but it requires a very long running time.  
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APPENDIX A: Initial Specifications 

EL ABIAD Imane 

EMS 

PORTFOLIO ASSESSMENT FOR THE EUROPEAN MARKET: COMPARISON STUDY 

BETWEEN CNN AND LSTM MODELS. 

LAAYOUNI L & AZZOUZ M 

Spring 2022  

The main objective of this capstone is to make a portfolio assessment for the European market 

using a comparison study between two deep learning models which are: Convolutional Neutral 

Network (CNN), and Long Short-Term Memory Network (LSTM)  

Deep learning is a method of artificial intelligence that has been used to execute feature 

engineering. In our project, we aim to use a technique called Convolutional Neutral Network. 

This method is usually used in images to process structured arrays of data. Thus, CNN can also 

be used in finance and more specifically in topics related to investment such as portfolio 

assessment. Another engineering tool that we are planning to use in this project is Long Short-

Term Memory Network. This method is important in our research because it is an efficient way 

to make predictions given sequences of data.  

Nowadays, the culture of investment is more accessible to people of different ages and genders. 

Therefore, developing this concept using deep learning techniques would provide more 

benefits and help to be engaged in such activities for the investors in specific and for the society 

in general. Moreover, investing as an activity can be considered environmentally friendly 

because it has no direct bad impact on the environment. On the other hand, the main objective 

of a portfolio assessment is to help investors make fruitful decisions which leads to solving 

more economic challenges and making more money out of investments. This strategy can cause 

economic growth because it encourages people to be more interested in the stock markets and 

to invest more. In addition, since Europe considers investments a very important and legal 

aspect, our study is considered lawful according to international standards. Besides, this study 

does not have any political implications unless there are any special political factors that need 

to be taken into consideration before making any investment using one of the techniques of 

this project.  

Studying the portfolio of the European market can help gain more knowledge on how Europe 

is managing its assets and what are the criteria of its investments. To do so, we will use the 

first three weeks out of the four months for this project to collect data regarding the European 

market in different aspects: assets, liabilities, equity, and bonds. Then, we will conduct a study 

using the two engineering tools mentioned previously to design a possible relationship between 

Finance and the engineering tools, and this task will require one month. In this one month, we 

will be able to study the differences between CNN and LSTM, we will be able to also to use 

both of them to study the portfolio of the European Market and to compare the results. In the 

remaining month, we are going to implement and test the results obtained.  
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APPENDIX B: Classical Portfolio Optimization with Python Code 
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APPENDIX C: Stock’s Price Prediction using LSTM  
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APPENDIX D: Stock’s Price Prediction using CNN 
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APPENDIX E: Correlation using Python Code 
 

 

 

 

 

 

 

 

 


