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ABSTRACT 
 
The use of deep learning in financial services has become more and more common among 

banks and insurance companies where they use predictive analytics to drive algorithmic trading 

of stocks, assess business risks for loan approvals, detect fraud, and help manage credit and 

investment portfolios for clients. 

The difficulty in predicting interest rates comes mainly from two things. First, interest rates, 

like other financial variables, fluctuate substantially from day to day, making it difficult to link 

them to economic fundamentals. The other reason is that they are dependent on a number of 

factors such as the policies in each country. Nowadays, with the development of machine 

learning, forecasting certain metrics like interest rates has become easier. In this study, we will 

develop a deep learning model using neural networks that predicts interest rates. Our data will 

consist of long-term interest rates in the United States. The process of getting reliable results 

will be through gathering the existing data so that the model will learn from it, then our Long-

Short Term Memory (LSTM) model will analyze it and identify patterns, and finally the model 

will use the analysis to come up with future predictions.  
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RESUME 
 
L'utilisation de l'apprentissage profond dans les services financiers est devenue de plus en plus 

courante parmi les banques et les compagnies d'assurance où elles utilisent l'analyse prédictive 

pour piloter le trading algorithmique d'actions, évaluer les risques commerciaux pour les 

approbations de prêts, détecter les fraudes et aider à gérer les portefeuilles de crédit et 

d'investissement pour les clients.  

La difficulté de prévoir les taux d'intérêt vient principalement de deux choses. Premièrement, 

les taux d'intérêt, comme d'autres variables financières, fluctuent considérablement d'un jour à 

l'autre, ce qui rend difficile leur lien avec les fondamentaux économiques. L'autre raison est 

qu'ils dépendent d'un certain nombre de facteurs tels que les politiques de chaque pays. De nos 

jours, avec le développement de l'apprentissage machine, il est devenu plus facile de prévoir 

certaines valeurs comme les taux d'intérêt. Dans cette étude, nous allons développer un modèle 

d'apprentissage profond utilisant des réseaux de neurones qui prédit les taux d'intérêt. Nos 

données consisteront des taux d'intérêt à long terme aux États-Unis. Le processus d'obtention 

de résultats fiables consistera à rassembler les données existantes afin que le modèle Long-

Short Term Memory (LSTM) en tire des enseignements, puis il les analysera et identifiera des 

modèles, et enfin le modèle utilisera l'analyse pour proposer des prévisions futures. 
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Chapter 1: Introduction 
 
One of the biggest challenges in business and finance is predicting certain metrics, including 

market prices, financial risk, indices, exchange rates, inflation, and volatility. Based on these 

predictions, operational and financial decision are made. In this capstone project, we are 

focusing on one particular metric which is long-term interest rates. Interest rates have an impact 

on our daily economic activities. The top reasons of why it is important to forecast them are as 

follow: first, investors rely on interest rates to increase their investment returns. Second, lenders 

rely on interest rates to guarantee that they do not overpay for the loan they have taken out. 

Also, the value of deposits fluctuates following the changes in interest rates. Moreover, by 

discounting the amount using interest rates, the present value of money is computed from the 

future value of money, for example the case of government bonds which are a very common 

form of debt. Finally, for financial institutions such as banks, the cost of lending money to each 

other is procured using interest rates. Overall, interest rates assist investors to comprehend a 

country's economic status since interest rate curves are influenced by a variety of factors such 

as supply and demand, credit worthiness, and the price of government bonds, among others. 

Being able to give a reliable forecasting of interest rates is crucial in decision making in many 

businesses. They are difficult to estimate because of their dynamic, non-linear, volatile, and 

complicated nature. Scientists and economists have always been looking for forecasting 

approaches that are more reliable. Lately, with the development of machine learning, we can 

use deep learning models to predict interest rates.  

 

1. Project Overview:  
 
This capstone projects aims to present a deep learning model able to give a reliable forecasting 

of time-series using long-term interest rates as input. To accomplish our analysis, we will be 

following some steps, first of all we will present an overview of the current global economy, 
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then we will focus on the financial metric we are working with: interest rates, and the role they 

play in shaping the economy of each country. After that, we will present a detailed explanation 

of the various mathematical techniques used in the prediction of interest rates. Followed by 

presenting deep learning models, their properties with an emphasis on the Long-Short Term 

Memory (LSTM). 

2. Overview of the Current Financial Situation Worldwide: 
 
The current status of the world economy (2022) forecasts global growth to decrease from 5.9% 

in 2021 to 4.4% in 2022, 0.5% lower than the October World Economic Outlook (WEO), owing 

to forecast revisions in the two largest economies. The United States was lowered downward 

1.2 percentage points due to a revised assumption that removed the Build Back Better fiscal 

policy package from the baseline, faster withdrawal of monetary assistance, and persistent 

supply constraints. Pandemic-related disruptions linked to the zero-tolerance COVID-19 

policy, as well as long-term financial stress among property developers, have resulted in a 0.8-

percentage-point downgrade in China. In 2023, global growth is forecast to slow to 3.8%. 

3. Interest Rates: 
 

a. What Are Interest Rates? 
 
In the world of economics and finance, decision making is sensitive and highly dependent on 

interest rates, as well as being consistently consumed by financial institutions to value their 

portfolios where they are used as an input for the pricing of a given transaction. The easiest 

way to understand the interest rate is to consider it as a numerical value that indicates how 

much an amount of money will be worth in the future. Moreover, higher government rates are 

usually better for investors who want to deposit money in banks and earn interest, but lower 

interest rates are better for borrowers who want to borrow money from a bank. Interest rates 

that are lower mean that borrowing money is less expensive. As a result, lower rates cause a 

bank's money to flow out faster. Products that rely on interest rates are numerous such as 
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options, swaps, and bonds. The figure below is an example of how interest rates can change 

over time [1].  

 

 

Figure 1: Example of Change of Interest Rates Over the Years 

 

b. Spot and Forward Curves: 
 
Spot Rates: they are the current interest rates for borrowing money. Spot interest rates are 

accessible from a variety of interest rate suppliers and are noticed in the market [3]. Spot rates, 

commonly referred to as zero rates, are calculated using zero coupon bond returns [1]. Simply 

put, a spot rate is the rate at which borrowers charge for a loan that is taken right away.  

Forward Rates: A forward rate is a rate that applies to a future financial transaction. To find 

the future interest rate that equates the entire return of a longer-term investment with a rolling-

over strategy, forward rates are computed using the spot rate and adjusted for cost of carry [2]. 

 

c. Interest Rate Tree:  
 
The binomial interest rate tree is a graphical representation of probable interest rate values 

through time, based on the concept that the interest rate may increase or drop with a specific 
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probability at each time interval. The binomial interest rate tree is primarily interested in the 

evolution of short-term interest rates [4]. To build an interest rate tree, we could first monitor 

periodic interest rates, and record their variations (up, down, or constant), the paths are 

constructed from the variation at each time step relative to the previous value. Once the paths 

for time steps are recorded, the tree ends up being built [1].  For a simpler and more accurate 

model, we should use smaller time steps. The figure 2 shows an example of how an interest 

rate tree is built.  

 

 

Figure 2: Binomial Interest Rate Tree 

 

d. Construction of Interest Rates: 
 
Bond market prices can be used to calculate interest rates. There are two primary 

approaches. Rates Adjustment Method: which is to take spot and forward interest rates, as 

well as bond market prices. Adjust interest rates so that bond prices are arbitrage-free. And 

Method of Probability Adjustment: it consists of taking rates from the interest rate tree, as 
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well as the market price of bonds. Adjust the likelihood so that the computed rates correspond 

to the bond's predicted market price [1].  

 

4. Prediction Models: 
 
There are three major models used for the prediction of interest rates which are Linear 

Regression (LR), Support Vector Regression (SVR), and Deep Learning (DL). In this part of 

the report, we will be briefly presenting the two models of linear regression and support vector 

regression, and we are explaining the model of deep learning thoroughly as it is the one we 

chose to work with on this project. 

a. Linear Regression: 
 
Linear Regression is considered to be the simplest model among the three models cited above. 

Linear regression models the relationship between variables by finding a linear equation that 

fits the data. One variable is regarded as an explanatory variable, while the other is regarded as 

a dependent variable [6]. For instance, let’s consider our variables written as (xi, yi) with i 

representing the time and ranging from 1 to n. Here we’re having xi representing the 

explanatory variable and yi representing the dependent variable. In this case, we assume that yi 

has a linear relationship with xi, meaning:  

 

With f() representing a linear function such as:  f(x) = a + bx, and εi being a sequence of 

independent random noises. So, we can rewrite the above formula as: 

 

 

Here, we have Y = (y1, y2,…..yn)T ∈ ℝn, X = (x1, x2,…xn)T ∈ ℝn, and ε = (ε1, ε2,….εn)T∈ ℝn.  
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Figure 3: Example of Linear Regression Model Illustration 
 
 

b. Support Vector Regression:  
 
As an extension of the Support Vector Network (SVN), the Support Vector Regression can be 

considered. Both are founded on the idea of mapping the input into a higher dimensional space 

via a non linear map determined before, and then constructing a linear decision surface in this 

space. In other words, we create a hyperplane that unambiguously classifies the data points; in 

two dimensions, this hyperplane is essentially a line [6]. 

 

Figure 4: Example of an SVR Model 

From figure 4, the support vectors are the data points that are close to the optimal hyperplane. 

The support vectors influence the position and orientation of the separating hyperplane by 

being closer to it. We can see that the SVR model can do non-linear classification thanks to the 

mapping into a higher-dimensional space. 
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c. Deep Learning: 
 
Deep learning is a component of machine learning, which is also subset of artificial 

intelligence. AI enables a machine to copy and act as humans, machine learning is a technique 

used to achieve AI through algorithms trained with data, and deep learning is a machine 

learning algorithm inspired from the human brain structure which is called an Artificial Neural 

Network (ANN) [7]. 

While deep learning algorithms use self-learning representations, they rely on artificial neural 

networks (ANNs) that mimic how the brain processes information. Algorithms leverage 

unknown elements in the input distribution to extract features, organize objects, and uncover 

important data patterns throughout the training phase. This happens at various levels, 

employing the algorithms to develop the models, much like training machines for self-learning 

[7]. 

• Neural Networks: 
 
A Neural Network is just a set of mathematical equations connected together. It receives one 

or more input parameters and produces one or more output variables by running them through 

a network of equations. A neural network can alternatively be said to receive a vector of inputs 

and provide a vector of outputs [8].  Figure 5 shows what how a neural network is structured. 

The input layer is composed of one or multiple variables, the hidden layer has one or multiple 

nodes, and the output layer has also one or multiple units. A node is designed to look like a 

neuron in the human brain. Nodes, like neurons are activated when enough input is available. 
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Figure 5: Structure of Neural Network 

Neural Networks have multiple algorithms such as the Conventional Neural Network (CNN), 

and the Recurrent Neural Network (RNN). This project was conducted using the Recurrent 

Neural Network (RNN), and more specifically the Long-Short Term Memory (LSTM) 

algorithm.   

• Recurrent Neural Network (RNN): 
 
RNNs use training data to learn. They are distinguished by their "memory," which enables 

them to influence current input and output by using previous input information. Recurrent 

neural networks' output is dependent on the sequence's prior parts, whereas traditional deep 

neural networks assume that inputs and outputs are independent of one another. However, even 

if future occurrences may be useful in determining a sequence's output, unidirectional recurrent 

neural networks cannot adjust for them in their predictions [9]. Figure 6 shows the types of the 

recurrent neural networks.  
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Figure 6: Types of Recurrent Neural Networks 
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• Long-Short Term Memory (LSTM): 
 
Long-term dependencies can be learnt and recalled with the help of LSTMs, which are a type 

of RNN. Recalling past information over long periods of time is the default behavior. Data is 

tracked over time via LSTMs. They are beneficial in time-series prediction because they 

remember previous inputs. In LSTMs, which have a chain-like structure, four interacting layers 

communicate in an original fashion. LSTMs are commonly employed for voice recognition, 

music creation, and pharmaceutical research, in addition to time-series predictions [7]. 

The process by which LSTMs work is that first they forget the irrelevant data of the previous 

state, then the algorithm updates the cell values selectively. Finally, the algorithm outputs 

certain parts of the cell state [7].  

 

 
Figure 7: Structure of an LSTM Cell 

The working mechanism of LSTMs is that the nodes of recurrent neural networks are made up 

of (LSTM) cells. Extra gates, known as the input, forget, and output gates, are used in an LSTM 

cell to determine whether signals will be passed to another node. The recurrent connection 

between the previous hidden layer and the present hidden layer is denoted by the letter W. U is 

the weight matrix that connects the hidden layer's inputs. Č is a potential hidden state that is 
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calculated using the current input and the previous hidden state. C stands for the unit's internal 

memory, which is made up of the prior memory multiplied by the forget gate and the freshly 

computed hidden state multiplied by the input gate [10]. The following equations describe the 

behavior of the gates in an LSTM cell: 

 

The use of deep learning algorithms has become more and more common in economics and 

finance as the forecasting of time series is a crucial element in those fields. Deep learning has 

proven to be efficient in matters of predicting certain metrics compared to other forecasting 

methods. For our project, we are implementing an LSTM model for the prediction of long-term 

interest rate.  
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Chapter 2: Data & Methodology 
 

1. Data: 
 
An important part of this project is to gather a significant amount of data which will be retrieved 

from the website “OECD data”, which is a platform holding statistical data for various 

countries [11]. The data we will be using to train our model is the long-term interest rates of 

the United States and Japan. We are working with long-term interest rates that are compounded 

monthly from 2011 to 2021 for the US. The United States is the world’s largest debtor country. 

The dataset we used was downloaded as csv files, then it was filtered and ready for the training 

part and the testing as well. The following figure (figure 8) show a visualization of our data for 

the United States from 2011 to 2021 before feeding it to our LSTM model. 

 

Figure 8: Long-Term Interest Rates for the US  
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2. Methodology & Results: 
 

2.1.  Code Framework: 
 

a. Python Language: 
 
We chose to code with Python since it is easy to use, and can be ran on all platforms, and lately 

it has become the most used language in deep learning. Python has all necessary libraries and 

frameworks needed while coding, also it is an open-source programming language which 

provides support from resources and quality documentation. Moreover, one of the main reasons 

we chose it for this project is because of some libraries like Matplotlib which enables to 

generate plots for results visualization.   

b. Google Colaboratory: 
 
Google Colab, is a cloud-based platform that enables free access to Jupyter notebooks with free 

Graphics Processing Units (GPUs)/Tensor Processing Units (TPUs) and requires no 

configuration or pre-installation of any software, allowing for easy access. It provides an online 

platform for students and researchers working in the fields of AI, machine learning, and deep 

learning to train their complex models on massive datasets for free on high-end distant 

machines with easy sharing. All those advantages are the reasons why we chose to implement 

our code on this platform since we are looking for maximum efficiency with minimum time.  

c. Libraries Used:  
 
The main libraries we used are TensorFlow, Keras, NumPy, Matplotlib, and Pandas. Each of 

these libraries has a specific role that allowed us to come up with a decent model. 

• TensorFlow: 
 
TensorFlow is a library released by Google to fasten numerical computing. TensorFlow was 

created for enormous numerical computations. It proved to be quite useful for deep learning 

development, thus Google decided to make it open source. TensorFlow accepts data in the form 

of tensors, which are multi-dimensional arrays. Those arrays are useful when dealing with large 
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volumes of data. It makes gathering data, training it, providing predictions, and improving 

future performance easier [12].  

• Keras: 
 
Keras is a library built in Python and is used to make neural network implementation simple. 

It also allows for the computation of numerous neural networks in the backend. Keras is simple 

to understand and use since it gives a high-level python frontend with the possibility of different 

backends for computation. Keras is slower than other deep learning frameworks because of 

this, yet it is incredibly user-friendly [13].  

 

The three other libraries which are NumPy, Pandas, and Matplotlib are three indispensable 

libraries for scientific analysis in Python. NumPy allows for the creation of multi-dimensional 

arrays and perform various logical operations on them using mathematical formulas. As for 

Pandas, it helps creates arrays containing different data types, and perform operations on them 

that are similar to the ones on Excel. Finally, for Matplotlib, it serves a visualization purpose 

of data, and it is usually combined with the functions under NumPy library.  

 
2.2.  Implementation Process and Execution: 

 
For a successful deep learning model, we need to follow some steps. The figure below shows 

the imported libraries and packages needed for the building of our LSTM model.  

• Data Importation & Handling: 

 

 

 

 



 15 

 

Figure 9: Importation of Libraries 

After this step, data needed to be imported and handled. To import our data, we used a drive 

file and the function ‘import drive’ from the ‘google.colab’ package. We imported two sets of 

data, first the US long-term interest rates monthly compounded from 2011 to 2021, and then 

the Japan long-term interest rates also monthly compounded from 2015 to 2021. The figure 10 

shows the data importation step of both data sets.       

                      

 

Figure 10: Data Importation 
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Once we imported our data, we plotted it to see the historical behavior of long-term interest 

rates in the United States from 2011 to 2021. (Figure 11) 

 

Figure 11: Visualization of Historical LTIR in the US on Python 

 

For the training and testing of our dataset, we decided to train 80% of the data, and test the 

remaining 20%. 

 

Figure 12: Data Splitting Between Training and Testing 

To normalize our data, we needed to do data scaling which is a pre-processing step 

recommended when working on deep learning algorithms. The data in the training set was 

scaled using the function ‘MinMaxScaler()’ for simplification purposes. 
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Figure 13: Data Scaling 

Then we constructed a data structure with 15 timesteps, which implies the look bag or lag 

values were set to 'n_timestamp’. The model will look over the previous 15 months to create 

new forecasts at each time t. (Figure 14) 

 

Figure 14: Setting Time Steps for the Model 
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After that, we needed to split our training and testing data sets according to the time steps we 

defined, and then we had to reshape the data back to its original size. (Figure 15) 

 

 

Figure 15: Data Reshaping  

• Model Building: 

 

 

Figure 16: Building LSTM Model 

Now, it is time to compile our model. To do so, we used an optimizer called ‘Adam’, then we 

plotted a loss function to see the impact of the optimizer on the performance (figure 17).  Then, 

we checked for overfitting of the data and did a summary of our model. We also did a summary 

of our model to see how it was performing (figure 19). 
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Figure 17: Loss Function 

Once we plotted the function, we got the following plot (figure 18). 

 

Figure 18: Plot for the Model Loss 
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Figure 19: Model Summary 

Now that our training and testing is complete and our model is built, we are going to plot both 

the real values of long-term interest rates and the predicted ones in the same plot to see how 

our model performed (figure 20). 

 

Figure 20: Plotting Predicted and Real Data in One Plot 

Once we executed the code on figure 20, we got the following result: 
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Figure 21: Real Interest Rates vs. Predicted 

We can see from the above graph that the predicted interest rates have almost the same behavior 

as the actual values of interest rates, they differ by a performance gap. The gap between the 

out-of-sample is a little distant. It can be explained by the lack of enough data, which made the 

model unable to learn enough. For better results, we need more data due to the fact that LSTM 

models evolve according to the amount of data they are being given. 

 

Finally, we calculated the mean squared error ‘mse’, and the R squared ‘r2’ to see how 

accurate our results and our LSTM model are. 

 

Figure 20: Calculating mse and r2 
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‘MSE’ stands for Mean Squared Error, and it measure the square difference between predicted 

data and actual data. A perfect model has an mse of 0, for our model we got an mse of 0.04 

which is not perfect but still acceptable. This value is also an explanation of why we had an 

out-of-sample gap in the plot of predictions vs. actual values. As for the R squared that we 

calculated, we got the value of 0.92. An acceptable R squared value depends on the field, in 

finance as it is the field of our study, an acceptable R squared value should be between 0.7 and 

1. This means that for our case, we have an acceptable R squared.  

 

3. Limitations: 
 
Many challenges were faced while accomplishing this work. First of all, finding a decent 

dataset with enough entries to generate reliable results was hard to find, the desired data wasn’t 

easy to find, and we had to work with a limited sample that eventually didn’t lead to perfect 

predictions. Also, the model had to be trained repeatedly to get an acceptable outcome. 

Moreover, there was a lack of resources in algorithms previously done in the topic.  
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Chapter 3: STEEPLE Analysis 
 

a. Societal: 
 
Investors need a more reliable technique that encourages them to invest by giving them reliable 

forecasts on the behavior of interest rates. By encouraging investments, the country will prosper 

due to the fact that investing is a major player in the economy. 

b.  Technological: 
 
Using deep learning in this project to get reliable results contributes to the implementation of 

the latest technologies in our daily life. Using this technology in finance, and seeing plausible 

results encourages its implementation furthermore in this field. 

c. Economical: 
 
Encouraging investments plays a huge role in the prosper of the economy, so by presenting a 

solution that mitigates risk surrounding the financial operations, we are contributing to the 

development of the economy in both the short and long term. 

d. Environmental: 
 
For the environmental aspect, this project has no impact on the environment as it only involves 

financial and technological industry.  

e. Political: 
 
Having stable and predictable investments thanks to a reliable forecasting of interest rates 

contributes to a healthy political state. The performance of the economy has a major impact on 

the political state of a country, the more prosper is the economy, the less there are risks of 

political disruptions. 

f.  Legal and Ethical: 

For the legal and ethical aspects, this project is in compliance with the international norms and 

regulations. Using deep learning to forecast interest rates has become one of the most ethical 

and transparent methods and doesn’t violate any law.  
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Chapter 4: Conclusion & Future Work 
 

1. Conclusion: 
 
Using engineering techniques such as machine learning in finance has led to better decision 

making thanks to the forecasting of certain metrics. The main purpose of using deep learning 

in the financial industry is to keep investment flowing. This capstone project presented a deep 

learning model which predicts long-term interest rates. Interest rates play an important role in 

assessing the economy of a given country, that’s why finding a way to get reliable predictions 

is a game changer. Luckily, with DNN development it became possible. The model proposed 

in this capstone project is an LSTM model since it is the best neural network known for 

forecasting time-series.  

The results we got suffered from a slight gap between the predictions and the actual value, but 

still acceptable. However, even if our results were acceptable, an investment decision cannot 

be taken based only on the model; in fact, many other factors should be considered when we 

are dealing with the forecasting of interest rates which are notoriously difficult to anticipate.  

 

2. Future Work: 
 
This project is able to bring improvements to the financial industry, as well as assist financial 

analysts in their analysis. Humans and machines will surely combine in the financial industry 

to provide better investment judgments, as well as to assist analysts and engineers in saving 

time and being more accurate in their work. For future work, I would continue in this field 

doing my research to come up with a better model that combines the best accuracy in the 

shortest amount of time possible. The accomplishment of this perspective will require extensive 

research.  
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