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Abstract

Despite its rapid expansion in the last ten years, the cryptocurrency market remains highly volatile and unpredictable, creating difficulties
for both investors and market participants. Using artificial intelligence (AI) and machine learning techniques, this project seeks to build a
predictive model for cryptocurrency prices, which will focus on Bitcoin, Ethereum, and Cardano to solve market challenges. The project
aims to develop an end-to-end solution covering all stages of data management, which begins with setting up a real-time data ETL
pipeline to collect information from the Binance and Yahoo Finance APIs. The system places data into a structured database that holds
historical price information as well as technical indicators. Historical data serves as the basis for training and testing machine learning
models to forecast price trends, which enhances cryptocurrency trading and investment decisions.
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1. Introduction

Money has been a cornerstone of human civilization, evolving from barter systems and commodity money to coinage, representative
money, and finally to fiat currency, especially after the abandonment of the gold standard in 1971. In today’s digital era, money contin-
ues its transformation with the rise of cryptocurrencies—digital assets underpinned by blockchain technology. Since the release of
Bitcoin’s white paper in 2008 by the pseudonymous Satoshi Nakamoto, cryptocurrencies like Bitcoin, Ethereum, and Cardano have revo-
lutionized financial systems by removing centralized intermediaries and enabling decentralized, peer-to-peer transactions (Betancourt &
Chen, 2021, Aamir & Zaidi, 2019, Weng et al., 2020, Marcot & Penman, 2019). As this market grows, so does its complexity and vola-
tility, creating challenges for investors and market analysts.

Despite its rapid expansion over the last decade, the cryptocurrency market remains highly volatile and unpredictable, presenting signifi-
cant challenges for investors and market participants. In response to these challenges, this project leverages artificial intelligence (AI)
and machine learning (ML) to build a predictive model focused on three key cryptocurrencies: Bitcoin, Ethereum, and Cardano (Corbet
et al., 2020, Vidal-Tomas, 2021, Surden, 2021, Nguyen, et al., 2019).

The objective is to create an end-to-end solution encompassing all stages of data handling, starting from a real-time ETL (Extract, Trans-
form, Load) pipeline that collects market data through the Binance and Yahoo Finance APIs. The data is then stored in a structured data-
base enriched with historical prices and technical indicators. This dataset serves as the training and testing ground for ML models aimed
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at forecasting cryptocurrency price movements. Ultimately, this predictive framework (Chakraborty et al., 2021; Sattarov et al., 2020) is
designed to support more informed trading strategies and investment decisions in an otherwise uncertain market.

2. Literature review

Lee et al. (2018) presented an innovative approach to simulate synthetic Bitcoin transactions using inverse reinforcement learning (IRL)
and agent-based modeling. Their study provided insights into trader behavior in crypto markets and illustrated how agents learn optimal
strategies from historical transaction patterns. The use of IRL allowed the researchers to model reward functions indirectly from observed
market data, which enriched the simulation and enhanced the realism of price movement predictions.

Schnaubelt (2022) employed deep reinforcement learning (DRL) to optimize the placement of cryptocurrency limit orders, demonstrating
how autonomous agents can adapt to varying market liquidity and price volatility. This work is significant for algorithmic trading, as it
shows that DRL agents can learn and improve trading performance over time by interacting with a simulated limit order book environ-
ment.

Lucarelli and Borrotti (2020) developed a Deep Q-Learning (DQL) based framework for portfolio management in cryptocurrency mar-
kets. Their model was designed to dynamically adjust asset allocations based on market conditions, maximizing returns while managing
risks. The reinforcement learning approach enabled the system to learn effective trading policies without relying on static rules, marking
a shift toward adaptive financial decision-making systems.

Koker and Koutmos (2020) explored machine learning (ML) applications in cryptocurrency trading, comparing multiple supervised
models, including random forests, support vector machines, and neural networks for return prediction and strategy formulation. Their
findings showed that ML models could outperform traditional benchmark strategies, especially in highly volatile markets like Bitcoin
and Ethereum, where nonlinear patterns are prevalent.

Makarov and Schoar (2020) took a more structural view of the cryptocurrency market, examining arbitrage opportunities and inefficien-
cies across exchanges. Their research underscored the fragmented nature of crypto markets and the resulting price discrepancies that
machine learning systems could potentially exploit. Although the study wasn't directly ML-based, it offered critical context for why data-
driven trading strategies could have an edge.

Meng et al. (2021) proposed an enhanced deep reinforcement learning algorithm called Off-Policy Trust Region Policy Optimization
(OPTRPO). This method ensures monotonic policy improvement, overcoming instability issues common in standard DRL models.
Though not specific to cryptocurrencies, the algorithm is highly relevant for building robust trading agents that avoid erratic policy up-
dates, improving learning efficiency and convergence.

Lahmiri and Bekiros (2020) investigated chaotic behaviors in intraday Bitcoin trading and proposed intelligent forecasting systems using
machine learning techniques, such as Long Short-Term Memory (LSTM) networks and hybrid models. Their results highlighted the un-
predictable and nonlinear nature of Bitcoin prices and the effectiveness of hybrid neural architectures in managing this complexity.

Sun et al. (2020) introduced a novel forecasting model based on Light Gradient Boosting Machine (LightGBM) to predict cryptocurrency
price trends. Their model combined technical indicators and historical pricing to generate accurate forecasts. Compared to traditional ML
methods, LightGBM offered faster training times and superior performance on large datasets, making it well-suited for high-frequency
trading environments.

3. Design and specifications

3.1. Specifications

The project needs to be divided into four main sections to be able to create a functional application.

The first section is the ETL to get the data on the prices of the cryptocurrencies and commodities from some API and store it in our data-

bases.

The functional requirements for this section are:

e Create an ELT that makes HTTP requests to the APIs.

e Must make requests to API endpoints with private keys.

e Extract historical data since 2021 of the assets.

e Extract data at a periodic time to have the latest prices of the assets updated.

The second component entails the establishment of a database that will serve as a repository for asset price information obtained from the

ETL (Extract, Transform, Load) process. The objective is to successfully store historical data about various asset prices. To fulfill this

purpose, a Postgres database has been chosen as the designated storage system.

The functional requirements for this section are:

e Persist information about the historic price of the assets.

e Create a PostgreSQL database to store the information.

e Create an ERD model.

The third component comprises the backend infrastructure, encompassing an API that facilitates access to the data stored in the databases.

Additionally, this API incorporates all the machine learning models, enabling the retrieval of future time predictions by invoking specific

functions within the API.

The functional requirements for this section are:

e The backend should have an API REST that allows it to interact with the model.

e The backend will hold all the business logic of the project.

e The backend will oversee the prediction model.

The final component entails the development of the front end, which will establish a connection with the backend. This interface will

serve as the medium through which the predictions generated by the models will be presented to the end users.

The functional requirements for this section are:

e Have an interface that allows users to select a currency and receive an answer to the future price of that asset, setting some parame-
ters.
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3.2. Restrictions

e Since we are going to deploy the models in a virtual machine, it will have its constraints of consumption and resources given by the
university. The virtual machine we are going to use has a of RAM 32 GBs and of memory 50 GBs.

e The minimum interval of the cryptocurrency price given by the API of Binance is in minutes.

e We have other data sources with different granularities and historical data limits.

e The virtual network has no permissions for HTTP requests made to the Binance API.

4. Implementation application

The following aspects are explained in this section.
4.1. Project arquitectiure design

In this section, we will explain the following:

e The design of the full structure of the project.

e The selected technologies, programming languages, and frameworks.

As illustrated in Figure 1, our setup involves the utilization of two virtual machines, each possessing specific specifications. The first
virtual machine will host the databases, backend, and frontend components, all of which will be deployed within Docker containers.

We end up having two virtual machines with the specifications shown. We will have the databases, backend, and frontend, and all three
parts will be created on Docker containers.
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Fig. 1: Application Architecture.

Due to limitations imposed either by the Technical University, Chennai, or the Virtual machine, faced difficulties in making HTTP re-
quests to the Binance API. As a workaround, we opted to deploy the data loader on an Azure virtual machine, which incorporates an
Airflow implementation. This setup involves the utilization of various DAGS (Direct Acyclic Graphs, components implemented by Air-
flow to perform an ETL, that extract cryptocurrency information from the Binance API and Yahoo Finance API. Subsequently, this data
is transmitted to the backend for storage and processing.

The main programming language used for all the parts of the project is Python, and we will use a lot of libraries and frameworks such as
FastAPI, Streamlit, Airflow, Keras, and TensorFlow.

4.1.1. Data loader

The data loader component will be responsible for orchestrating the ETL process, enabling the retrieval of currency prices from the Bi-
nance API and commodities, as well as bond prices from the Yahoo Finance API. To achieve this, we will leverage the capabilities of
Apache Airflow to create recurrent tasks that periodically extract the required information. Each DAG within Airflow will contain Py-
thon code that interacts with the Backend microservice, facilitating the storage of the obtained data.

4.1.2. Data models

The prediction models employed in this project will undergo training and deployment utilizing the Keras library, which is built upon the
Tensorflow framework. Specifically, the chosen machine learning models will be LSTM (Long Short Term Memory) models, enabling
predictions to be made on time series data. LSTM models are well-suited for capturing dependencies and patterns in sequential data,
making them particularly suitable for our purposes.

4.1.3. Backend

The backend infrastructure will be responsible for hosting the prediction model, storing newly acquired price information from the data
loader, and facilitating access to the system via an API. To achieve this, the backend will be deployed utilizing the FAST API framework.

4.1.4. Database

The database will store all the data that is necessary for the project it will follow a structure defined in the ERD model Figure 4 so that
we can store historic information on the different cryptocurrencies. The database that we will use is a PostgreSQL database.
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4.1.5. Frontend

The front end will be deployed using the Streamlit library in Python and will be deployed in a web browser so that users can interact with
the model.

4.2. Data gathering for the algorithm's input and building ETL

To acquire the desired information, as depicted in Figure 1, we employed two distinct APIs. Firstly, the Binance API was utilized to re-
trieve cryptocurrency prices. Secondly, the Yahoo Finance API was employed to obtain prices of commodities, ETFs, and bonds. These
two APIs were utilized in tandem to collect the comprehensive set of data required for our project.

Concerning the Binance API, a single API call enabled us to retrieve 920 price data points. We had unrestricted access to API calls,
granting us the ability to retrieve data for all cryptocurrencies listed on Binance across various timeframes, including 1 minute, 1 hour,
and 1 day. However, for this project, we made the decision to solely focus on obtaining information for major cryptocurrencies such as
Bitcoin, Ethereum, Ada, and Binance Coin, encompassing the timeframes.

The utilization of the Yahoo Finance API granted us access to unlimited historical data; however, the available timeframe was restricted
to one day. Consequently, we were able to retrieve and incorporate additional assets from this API, as depicted in Figure 2, to augment
our dataset.

dict_assets_extra
“*gold_price":
“silver_price":
“natural_gas_price"
“cotton_price": .
“coffee_price"
“sugar_price"
“cocoa_price’
“rice_price
“corn_price
“wheat_price
“*soybean_price":
“oats_price":
“spy500_price':
“dow_jones_price":
“nasdaq_price":
“russell_2000_price": “RYY=F"
“us_10_year_treasury_price":
“us_S_year_treasury_price':
“us_2_year_treasury_price":
“usbond_price': "“ZB=F"

Fig. 2: Extra Assets.

Subsequently, we commenced the development of code responsible for extracting the data, which was subsequently uploaded to our des-
ignated databases. For this data extraction process, we leveraged the functionalities provided by Apache Airflow. As illustrated in Figure
3.3, each currency and timeframe combination corresponds to a distinct DAG, which orchestrates the ETL procedures. The ETL process
involves retrieving data from the relevant sources and transmitting it via a post-HTTP request to our API for insertion into our dedicated
Postgres database. Each DAG performs the ETL process for both currency prices and additional asset prices.

are Scutn Lt thn i e

- < O T T A A

Fig. 3: Airflow Dags.
4.3. Application backend

To be able to create the backend, we use a framework named FastAPI, which allows us to create an MVC architecture design pattern

e Model: will have the entities of the databases we For this, we use Sqlalchemy

e View or Services: will have all the business logic and will use TypeORM to perform DDL (Data Definition Language) operations
such as Create, Drop, Alter, and DML (Data Manipulation Language) operations such as Select, Insert, Update, Delete, and Merge.

e DTO: will be used to transfer data and will have almost the same structure as the entities, so that the information can be instantiated
when it's received from an HTTP request or sent.

e Controller: will have all the operations and paths of the application API.

e The ML models will have all the machine learning models that were created so that they can be used.
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Figure 4 will have the ERD that we will construct for each of these classes. we will have a model, which includes all the attributes and
relations to store the data in the database.

Exchange Assot Prico Indicator
excrrc sson peo
PK | id: string - NOT NULL. " [P ia: sting-NoTNuLL — PK | id: string -NOT NULL. — PK | id:sting - NOT NULL
\ - \
Fi1 | name: smng- NoT UL N—od i1 | exchange_ia: sing -NOT NULL ~——od K [ asset 4 sving -NOTNULL —odFK1 | prco i sting- NOTNULL
asoms prcas e,
Gl s NOTNAL s tmestamg - NOT NULL created_a: tmestamg - NOT NULL croatod_a:imestamg - NOT NULL
updated_f:bmestamp - NOT NULL updated_:Smestamp -NOT NULL
vt P » e > Upcala._at: tmestam - NOT NULL
symbor siiog - NOT NULL unx me:s2ing - NOT NULL date_live_geS: - NOTNULL
DaseAssetsing -NOTNULL date_tme_gmes: -NOTNULL date_ et -NOT NULL
quoteAsset:sting - NOT NULL date_tme_utc: -NOT NULL uniTime:sving - NOT NULL
terval: sting - NOT NULL openPria: foal-NOT NULL goka_prce : boat
assel ype. sy GosaPrics: oat - NOT NULL siver_prie foat
JowPrice: floal -NOT NULL natural gas_pre st
HighPric: float-NOT NULL coton prce et
Vol float - NOT NULL coteeprice - toat
qa: Toat- NOTNULL sugar.price - oet
um_rades: g - NOT NULL sugar_prce : foat
taker_base.vol: st - NOT NULL cocoa_prc : foal
{akes_quoke_vot:foat-NOT NULL i prie :float
ignore: - NOT NULL comprice - foat

wheat_price : foat
saybean pice  float

oals._price :foal

Y500 price  foat
dow_jones_price foat
nascaq_price : float
russel_2000_pice  float
us_10_year,_treasusy_pice : foat
us_5 year veasury_prie : foat

us 2. year veasury_price  foal

usbond price : float

Fig. 4: ERD for the Databases.

All the paths are under the following path <ip>:5000. And to be able to check all the documentation paths, we used Swagger, which can

be found under the path <ip>:5000/docs#/. Figures 5 and 6 show how the documentation is shown using Swagger.

The path to perform the CRUD of exchange is in the path <ip>:5000/exchanges/ and will have all the methods shown in Figure 5.

Since the Assets have a many-to-one Relation with the Exchange, the path for the Assets will always depend on the exchange, so the path

would be

<ip>:5000/exchanges/{exchange id}/asset/ and by this path we will have all the CRUD operations.

For the Prices entity, it will depend on the asset, so the path would be

<ip>:5000/assets/{asset_id}/prices/. The CRUD operations are on this path, and we also add 3 more methods:

e assets/{asset_id}/last_price: It will return the last price that is in the app for that Asset. The last price is determined by the last
timestamp registered.

e assets/{asset_id}/indicators unix: This method also receives a Query parameter that corresponds to the unix_time of the price attrib-
utes. It will return the price entity related to that unix_time.

e assets/{asset _id}/indicators unix_between: This method has two Query parameters the unix_time start and the unix _time end and
will return all the Price entities that have their unix_time between the parameters passed.

The Path for the Indicators method is <ip>:5000/prices/{price_id}/indicators/. A will have the same CRUD and 3 extra methods that the

price controller has.

And last, we have the predict method that has the following path

<ip>:5000/predict/{asset_id}/future time/{future time}/ this method will receive the asset that is going to be performed the prediction

and the future time in the format (1h, 3h, 1d, 3d, 8d) and is going to be the time in the future that we want to predict theses are default

values set by the models that we have. The model will return the close price of the unix_time in the future that it's going to be predicted.

Artificial Intelligence Techniques Applied to Cryptocurrency Market Prediction

exchanges -

assets -

prices -

oo [T T Ty T R P ———
Fig. 5: API Documentation Methods 1.
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Fig. 6: API Documentation Methods 2.

5. API development for model consumption

Once the training part of the model is done, all the models (The models have a .h5 extension) will be uploaded into the backend so that
they can be consumed. The swagger documentation of this method is shown in Figure 7.

The predicted API can be accessed via a GET request directed to the designated URL:

<ip>:5000/predicts/{asset id}/future time{future time}. This URL accepts parameters specified by the user, including the asset ID for
which the prediction is desired and the future time parameter denoting the specific time in the future that the user seeks to ascertain. It
should be noted that the models are specifically trained to predict certain time intervals, resulting in pre-defined default values such as 1
hour (1h), 3 hours (3h), 6 hours (6h), 12 hours (12h), 1 day (1d), 3 days (3d), and 7 days (7d). Also, it has a query parameter named
unix_time end that represents which timestamp the user wants to make the prediction.

predicts A

"SI /predicts/{asset_id}/future_time/{future_time) Predetiuture prics for s gven asset R

Parameters

Name Descripton

asset id*

bbcd6639-02bf-41b8-ab18-3a318679b314

unix_time_end *
X 1679184000

(g

Responses

Server response

Code Detalls

200
Response body

Fig. 7: Predict API Method.
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5.1. Build a web app

In this section, we will explain the following:

e How do we create the Front-End of the app so that a person can interact with the ML models?

The front-end is how our final user is going to interact with the app, so that it can predict the prices of a cryptocurrency for different time
frames.

The front end was created using the programming language Python and an open-source library called Streamlit, which allows it to show
information throw a web browser. The project will be deployed on port 8081. The Frontend will communicate throw the backend API to
be able to show the information and run the models.

As shown in Figure 8, the user can choose an exchange, cryptocurrency, a timeframe to predict, and the time in the future that they want
the prediction. Also, the user can select a start date and time since it wants to make the prediction, it has to be in the past, and can choose
a timezone. Figure 9 shows the first outcome when the investor clicks on the predict button, which will display the value and a chart with
the last 30 timestamps and the future timestamps that are predicted. Finally, Figure 10 will display the information in a candlestick chart.
The candles that have a blue border mean that these candles are the ones that are predicted, and the other ones are the historical data.

Artificial Intelligence Techniques Applied to Cryptocurrency Market Prediction

Authors:

this,

d trencs Eth d Cardane.
‘achieve this goal

Select The Asset you want to predict

Fig. 8: Front-End.

ETHUSDT in hour Interval

Fig 9: Front-End Output Predictions.

ETHUSDT in hour Interval
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Fig. 10: Front-End Charts.

5.2. Testing and deployment

As shown in Figure 1, the architecture of the app will consist of two virtual machines, one of which was provided by the Technical Uni-
versity, Chennai, and it will have 32 GB of RAM, 8 Cores, and 50 GB of memory. This virtual machine will host the backend, database,
and frontend. Each of these components will be hosted in a Docker container, which creates an independent and isolated environment for
each component. To be able to deploy all these components, we will use the Docker Compose function, which allows us to create multi-
ple containers that can be connected to the same network. We chose Docker since it's the best option to deploy code, since you only need
to have Docker installed and run the command docker-compose up
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--build, and no matter the machine, there will be no trouble running the application. Figure 11 shows all the logs of the containers after
running the command mentioned before, and Figure 12 shows the configurations of the running containers.
The IP of this virtual machine is 172.24.100.128, and to be able to access it must be configured in the browser.

docker ps
CONTAINER 10
6cef31b295be
959534cBbba
basa2afe6dba

TMAGE

00

cryptocurrency-narket-prediction-project-streanlit "streanlit run main,."
cryptocurrency-narket-prediction-project-fastapi  "bash ~¢ 'wvicorn na."
"fentrypoint. sh"

"docker-entrypoint. s."

dpage/pgadaind

CREATED

5 ninutes ago
5 ninutes ago
4 weeks ago
4 weeks ago

STATUS

Up 5 minutes
Up 5 minutes
Up 5 minutes
Up 5 minutes

->80/tcp, 443/tep
3255432/ tep

NAMES
streanlit
fastapi
pgadain
postgresql_db

256b36ee7537 postgres

stgresal b, stremlit
directory appears to contain a database; Skipping initiali

863 UTC 1] L0G:  starting Posty
964 UTC (1] L0G:  Listends
uTC (3] L0G
866 UTC (1] L0G
8] L0G: G en vas s 4
913 UTC (1) L0G: dat is ready to accept connections
*fbackend-fastapi']
000 (Press CTRLAC to quit)
StatReload
r: generated new fontHanager

podgl10+1) on aarchbd-urknown-Linx-gnu, compiled by gec (Debian 10.2.1-6) 10.2,1 20210118, 64-bit

tics, To deactivate, set browser.gatherlsageStats to False,
rver pracess (6]
r spplication startup.

tion startup corplete.

jour Streanlit app in your browser.

Fig. 12:Docker Containers Logs.

The second Virtual Machine was provisioned by Azure; it has 2 GB of RAM, 1 Core, and 5 GB of memory. This virtual machine will
host Apache Airflow so that it can perform the ETL process to get the prices of the cryptocurrencies and commodities. Figure 13 shows
all 7 Docker containers needed to run Apache Airflow. Figure 14 shows the configuration on the Azure portal of the virtual machine.

V airflow Exited 4Omnutesago > i @

airflow-scheduler-1 " 0 il —_— - . 3
airflow-airflow-scheduler m H

2082085 1 airflow-airflow-scheduler xite inutes ago

airflow-triggerer-1 i ot e - , -
a W-air w-ri [l

213069201291 airflow-airflow-riggerer xite minutes ago (]

e flow-air Exited (137) 90808080%  52mi » | w

4b88143bdc09 [ Alrttow-airle ited (137) : minutes ago i

. airflow-airflow-work Exited (137) 52 minut > ]

SS1c68206730 1 airflow-airflow-worker xite minutes ago 5

airflow-init-1 o Eiiea (137 o S -
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postgres-1 st i ) § -
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Fig. 13: Docker Airflow Containers.
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6. Machine learning models

6.1. Dataset

As mentioned before, we are going to use historical market data to predict market movements. For this, we have built a standard dataset
for each of the three currencies within the scope of the project. Also, for all the coins, we are observing them compared to the United
States Dollar.

The dataset is composed of three main parts:

e Market data

e Calculated Technical Indicators

e External Market Prices

We are looking at historical data since January 1st, 2021, and data will be updated daily with the platform ETL. We have also built the
same dataset but with two 2 granularities, Hourly and Minutely. The minute is 60 times larger in terms of storage, as it will have 60 data
points for every data point in the hourly dataset. The objective is to determine if more granular data could lead to a more precise under-
standing of the market. Also, it is important to highlight that these markets are never closed, so we have available 24/7 market infor-
mation.

6.2. Data preprocessing and normalization

As data is coming directly from the market, which is open 24/7, we have 100% complete data, and it doesn’t need any other prepro-
cessing than normalization. The only columns that need special processing are the external market prices. As we are getting other prices
from assets that are in the commodities market, they have some restrictions, and that is that they close on weekends, and our source
doesn’t provide smaller granularity than day by day. For this, we will just take the price of the day and complete weekends and holidays,
which are days that the market is closed, with the previous closing price.

The goal of this section is to define the best normalization technique by comparing models only considering information for the year
2022 and comparing their results. As neural networks require values ranging from 0 to 1, we need to normalize our data using a specific
technique to transform our real market data into the desired format. There are many possible ways of normalizing data, so we will look at
which normalization technique fits better to our data better so that models have a better performance.

For this, we will have an iterative approach in which we will first explore using a couple of Normalization techniques and using three
different Neural Network models to define the best-performing model for the task. The second step will be iterating by training and vali-
dating the model with data transformed over seven different normalization techniques to determine the best one for our problem.

6.2.1. First iteration

We did a first exploration running three types of neural networks with three different normalization techniques.
Models:

e Recurrent Neural Network (RNN)

e LSTM (Long Short Term Memory Neural Network)

e BiLSTM (Bidirectional LSTM) Normalization Techniques:

e MinMax

e Robust

e Standard Results

Table 1: First Iteration Results MAE index = 100 * Train MAE * Test MAE

Normalization Model Train MAE Test MAE MAE Index
5 Minmax BiLSTM 0.005842 0.055216 0.032059
4 Minmax LSTM 0.007962 0.045961 0.045939
7 Robust 0.011326 0.056219 0.063078
3 Minmax RNN 0.015294 0.080912 0.123526
6 Robust 0.016049 0.178159 0.284112
2 Standard BiLSTM 0.018001 0.320354 0.576814
0 Standard RNN 0.023459 0.264264 0.6202198

With this first exploration, interrupted due to long running time (6 hours) we got three conclusions

e RNN had the worst results, especially in the testing data.

e Standard Normalization across all three models had the worst performance, so we will not include it in the second iteration

e Bidirectional LSTMs and LSTMs show better performance than RNN, although Bidirectional LSTMs trade off performance with
training time, as they are the most intensive and therefore slowest model to train. Because of this, the selected model for the next iter-
ation is the LSTM.

6.2.2. Second iteration

This iteration will also take the 2022 dataset and build an LSTM model for six different normalization techniques, which are trained over
the MSE metric to understand which can be the best normalization technique.

Table 2: Second Iteration Results- LSTM

Scaler MSE Val MSE MAE Val MAE MSE Index MAE Index
5 Normalize 0.000004 0.000004 0.001982 0.001924 0.0 0.0036
1 Minmax 0.000234 0.004136 0.009321 0.058892 0.000098 0.054911
3 Quantile 0.000431 0.024431 0.012534 0.135624 0.0011161 0.170171
2 Robust 0.001634 0.065487 0.0246 0.209576 0.01072 0.521837
4 Power 0.001388 0.114015 0.024292 0.30624 0.015945 0.746894
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According to the results, the best normalization candidates are:

e Normalizer

e MinMax

We will explore models with these two techniques, which were by far the best in terms of performance. The results of the Normalize
Transformer were biased in the transformation as 90% of the price data got reduced to between values 0.33 and 0.36, which happened
because of the distribution of the price data, which does not follow a Gaussian distribution, something that is needed for this type of
normalization. Therefore, for the rest of the project, we are going to normalize our datasets with the MinMax transformer to have a first
starting point that can give us room for comparability across models and coins.

6.3. Regression model exploration

The models described in this section are designed to predict the price of a given currency at a specified future time.
As mentioned before, we are going to use our final dataset, composed mainly of historical cryptocurrency market data, calculated tech-
nical indicators, and prices of other non-crypto assets in the market.

6.3.1. Iteration framework

e Dataset and Cryptocurrency Selection

We have two types of datasets, whose main difference is the time interval or granularity between data points. We have minute-by-minute
and hour-by-hour datasets, meaning that for each minute or hour, we have a data point with all the characteristics of the dataset. Both
datasets have pros and cons. In this process, we will have to define what can be best used to have better models that lead to better in-
vestment decisions. On the other hand, the three selected currencies have different market characteristics and are also influenced by other
external factors, so we might find differences in model performance over different cryptocurrencies.

e Prediction Delta Selection

This is the key part of the project, defining what time horizon we are looking to predict. The cryptocurrency market has two huge ad-
vantages over more traditional investment markets. The first one is that the market never closes, so you can trade 24 hours and 7 days a
week. And the second one is real-time trading, meaning that the investor shouldn't wait for the investment to be executed, enabling even
intra-minute trading.

What this means is that we should define at what time horizon we have better-predicting performance, so that in a real scenario, the mod-
el is more useful for the investor.

e Model Exploration

To enhance the predictive performance, we will conduct a model exploration phase by experimenting with various neural network archi-
tectures and models. Firstly, we will establish a baseline scenario by iterating with simple LSTMs, considering the best dataset and most
predictable cryptocurrencies determined earlier, along with the optimized model parameters. This will serve as a control scenario for
comparison. Subsequently, we will proceed to explore alternative models to further improve the prediction capabilities.

e Possible next steps based on results

The last step will be to increase the scope of the project based on the results obtained. As previously, we were looking to predict the price
at a given timestamp; we can now change the target of the models or look for other characteristics.

6.3.2. First modeling iteration

We need to compare the predictive performance when changing the time delta of the target price. Therefore, we will perform an iterative
process with all three coins and all three datasets to define the best time delta for predicting the price. The hypothesis is that as the time
delta is longer, meaning the prediction is further away in the future, the performance will be worse. In this iteration, we compare the fol-
lowing time deltas:

Time deltas to consider:

e 1 Hour

e 3 Hours
e 6 Hours
e 12 Hours
e 24 Hours
e 3 Days

e 7 Days

In this iteration process, having two types of datasets, three cryptocurrencies, and 7 different target deltas, we will use only a LSTM of
one layer and 32 units as a base model. This will result in 42 models, of which we will compare the results.

Table 3: Performance Summary

Currency (Dataset) 1Hour 3 Hours 6 Hours 12 Hours 1 Day 3 Days 7 Days
Bitcoin (Minute) 0.0003 0.0016 0.0013 0.0009 0.0013 0.0031 0.0008
Ethereum (Minute) 0.0007 0.0011 0.0012 0.0008 0.007 0.0012 0.0005
Bitcoin (Minute) 0.0009 0.0017 0.0036 0.0012 0.0044 0.0053 0.0006
Ethereum (Hour) 0.0016 0.0016 0.0018 0..52 0.0043 0.0021 0.0029
Cardano (Hour) 0.0013 0.0010 0.0004 0.0022 0.0013 0.0014 0.0043

0.0009 0.0008 0.0022 0.0011 0.0005 0.0004 0.0006

In general, more data means better predictive power, as we can see from the results above, although there are some exceptions, for almost
every instance. In the minute-by-minute models, we see an overall better performance, although results from the hour dataset are relative-
ly similar. When considering the computational costs of training the models with the minute-by-minute data, they have a strong disad-
vantage as they are much more computationally intensive and slow from a time-efficiency perspective. So, on a cost-benefit analysis, it
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results in better to use the hourly dataset and optimizing the models. The Cardano (Hour) model exhibits superior performance compared
to other models across

different time targets. However, a closer analysis reveals that the validation metrics surpass those of the training data from an early epoch.
This raises concerns as it suggests potential overfitting on the validation data or a scenario where the validation sample was easier than
the training data due to market conditions. In the best-case scenario, it could imply that the model is exceptionally accurate, but such
performance is not typically expected during initial attempts. Consequently, we will disregard this model to avoid introducing complexi-
ties and potential issues associated with it. The best-performing coin is Ethereum, which is a big coin and not as volatile as the other two.
This behavior can also be a second-order effect of following Bitcoin prices, so the overall behavior ends up being much more stable.

6.3.3. Second modeling iteration

Our next step is optimizing some of these models to try to get a more accurate performance and then draw conclusions based on that. To
simplify and speed up the optimization process, we are going to stay with the Hour-by-Hour Datasets and only stay with the largest cryp-
tocurrencies in the crypto market: Bitcoin and Ethereum.

Also, we are going to reduce our prediction targets to only 6 hours of prediction. The rationale behind this is: we have good results on
these models, and it is a decent time to make intra-day trading feasible, which is more complicated in shorter time frames. This will leave
us in a better position to optimize our models and get better prediction results.

The approach to this analysis will be:

¢ Coins: Bitcoin and Ethereum

e Prediction Time Target: 6 Hours

e Models to test:

e [STM
e Bidirectional LSTM
e GRUs

For each model, we are going to try different architectures

Table 4: Second Iteration Results

. . Bitcoin Ethereum

Model Specifications MSE MAE MSE MAE
1 Layer- 16 Units 0.0005 0.0172 0.0004 0.0171
1 Layer- 32 Units 0.008 0.0230 0.0002 0.0116
LSTM 1 Layer- 64 Units 0.0019 0.0353 0.0016 0.0316
2 Layer- 16 Units 0.0015 0.0643 0.0085 0.0805
2 Layer- 32 and 16 Units 0.0060 0.0736 0.0030 0.0457
BILSTM I Layer- 32 Units 0.0004 0.0173 0.0011 0.0286
1 Layer- 64 Units 0.0015 0.0296 0.0005 0.0174
2 Layer- 16 Units 0.0020 0.0360 0.00035 0.0566
4 1 Layer- 32 Units 0.0031 0.0459 0.0025 0.0378
itz ez DA 1 Layer- 64 Units 0.0009 0.0241 0.0025 0.0426
2 Layer- 16 Units 0.0035 0.0496 0.0019 0.0337

After iterating with these three models and different architectures, we obtained the results illustrated in the previous figure. In general, for
almost every model iterated the results are better for Ethereum by getting lower MSE and MAE. This follows the trend found in the pre-
vious iteration. Only Bidirectional LSTMs have better results for the prediction of Bitcoin. This exposes an opportunity to explore more
of this type of model, which can be better for a different coin. There is also an interesting pattern for both types of LSTMs; the simpler
model seems to have a better performance than more complex models. As we iterate to find better models, we find better prediction re-
sults, but are still far from making exact predictions. This follows a common concept of the market called the Random Walk, which says
that financial commodities follow a random and unpredictable pattern.

6.3.4. Comparing xgboost with neural networks

To have a more integral exploration of Machine Learning techniques, we are going to compare XgBoost models with Neural Networks.
These XgBoost, Extreme Gradient Boosting models have proven to be very effective and are very popular in both academic and industri-
al contexts as they are flexible, efficient, and versatile models.

To compare both types of models, we will iterate using the first approach as in the first iteration of neural networks, but only for Bitcoin
and Ethereum, using only the hourly dataset. Additionally, these models were optimized using cross-validation to determine the optimal
parameters.

Table 5: MSE Results

. Bitcoin Ethereum

Prediction Delta MSE MAE MSE MAE

1 Hour 0.0011 0.0225 0.0010 0.0208
3 Hours 0.0007 0.0191 0.0008 0.0199
6 Hours 0.0013 0.0265 0.0013 0.0262
12 Hours 0.0008 0.0207 0.0008 0.0203
24 Hours 0..35 0.0432 0.0029 0.0382
3 Days 0.0025 0.03777 0.0024 0.0374

Like the Neural Networks, we see the same pattern, as the prediction target gets further away in the future, the performance will decrease.
Also, Ethereum is a more predictable coin than Bitcoin in general, for almost every prediction target, they have better results than Bitcoin,
but the difference in these models is much smaller than in Neural Networks. When compared to Neural Networks, these models have two
key advantages: Much faster to train, and they use much less computational cost. Easier to understand than Neural Networks, which are
commonly referred to as Black Boxes in non-academic environments, and therefore, XgBoost can be tuned in a desired way. In general,
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we get similar results in neural networks, especially in longer prediction delta models; still, the MSEs and MAEs of Neural Networks are
much better for the best results. In the best neural network, we got an MSE for a 6-hour prediction of 0.0005 for Bitcoin, while the
XgBoost achieved 0.0013, more than two times the result of the Neural Network.

7. Discussion

From a general standpoint, Neural Networks are a very good approach to exploring Cryptocurrency Markets. They have good metrics for
predicting the price of currency, and as shown in many cases, they exhibit optimal behavior in the training stage, indicating that we can
still optimize our models to achieve better results. The following are the main conclusions of the project.

7.1. Neural networks are resource-intensive machine learning models

For this project, our main restriction or limitation was the computer we got available for the development of the project, a 32 GB RAM
machine. Although that is relatively a lot of computing power, we noted it might still not be enough when working with neural networks,
as these models require a lot of computer power during the training stage. Therefore, it is necessary to try to optimize the data and the
models as much as possible when working with limited computer resources.

In this project, we had two datasets, one with much more information but also 60 times heavier than the other. When training the models
with the heavy datasets, we got training rounds of more than 8 hours running, with each epoch of the model taking 25 to 30 minutes. This
adds time to the project and a dependency to wait the time for the model to be ready.

The other thing that added training time to the models but also better results was the sequence length, which is the number of data points
with all of the characteristics in the dataset that the model will require to predict a point in time. So the greater the sequence length, the
more data it will need, and also in training and also it will get better results. So this is an important trade-off to optimize when dealing
with these types of models, which deal with time series. Also, it implies a limitation on building models, as less powerful computers
would be less capable of supporting larger sequence lengths. In our case, when we did models with sequence lengths greater than 420,
considering our 102 characteristic datasets, we encountered out-of-memory errors in the execution.

Finally, architectures also add complexity to training; this can be seen as we add units and layers to Neural Networks or use more com-
plex models as a Bidirectional LSTM, when compared with a simple LSTM.

In the project, we iterated over a difference and built 72 documented models, which got an aggregated training time of 187 hours under
our hardware settings. The following table illustrates the relationship of training time with the mentioned factors that affect training time.

Table 6: Comparison of Training Time and Accuracy of Different Models. Assumptions: Sequence Length: 198, Batch Size: 64, Prediction Delta: 6
Hours, Cryptocurrency: Bitcoin

Model Layers Units Training Datapoints MSE Training Time (minutes)
1 16 680K (Minute Dataset) 0.0004 341
1 32 680K (Minute Dataset) 0.0005 374
1 64 680K (Minute Dataset) 0.0011 415

LSTM 1 16 115K (Hour Dataset) 0005 52
1 32 115K (Hour Dataset) 0.0008 62
1 64 115K (Hour Dataset) 0.0019 65
2 16-16 115K (Hour Dataset) 0.0015 82
2 32-16 115K (Hour Dataset) 0.0060 87

. 1 32 115K (Hour Dataset) 0.0004 76

L 1 64 115K (Hour Dataset) 0.0015 86

S 2 16-16 115K (Hour Dataset) 0.0020 90
2 32-16 115K (Hour Dataset) 0.0013 3

In conclusion, when dealing with these types of models, it is primordial to consider and estimate hardware settings and costs that could
support intensive computing requirements. Also, it is very helpful to have optimized data and models from an early standpoint and a
training schedule so that the machines aren’t busy training models during working hours. Also, it is very important to consider other
types of models that could be faster, even though they could sacrifice predicting performance like XgBoost.

7.2. The most trivial part of working with neural networks is defining an optimal architecture

In many Machine Learning models, the modeler optimizes parameters based on a desired change in the behavior of the model as they
have an expected impact. Different from these models, Neural Networks which for this precise reason are sometimes referred to as black
boxes, have an unexpected behavior with changes in their main parameters, especially on architecture. This results in a much more ex-
haustive optimization process to find the best model for a problem.

In the case of this project, we noticed that when exploring different architectures, and can be evidenced in the training evolution of the
different models. The example exposed here will be models predicting Bitcoin price in a time horizon of 6 hours. As shown in Figure 15,
there is no clear relationship between the changes in architecture, but the one that changed the most was when adding a new layer. The
uppermost images and the bottom left show an expected training curve, with ones adjusting much faster, and the bottom left has a big
gap between training and validation results. These first three are models with only one layer, different from the other one, which is an
LSTM of two 32-unit layers. This last one was overfitted since the first epoch and remained with the default weights on the units.
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Fig. 15: Comparison of Training Behavior on three Bitcoin Models with a Prediction Delta of 6 hours.

Top Left: LSTM - 16 - 32 Units Top Right: LSTM - 32 - 32 Units Bottom Left: GRU - 32 Units Bottom Right: GRU - Two Layers, 32
Units Each

7.3. Recurrent neural networks are working to predict cryptocurrency markets

Recurrent neural network models, including Long Short-Term Memory (LSTM), bidirectional LSTM, and Gated Recurrent Units (GRU),
have demonstrated their effectiveness in predicting cryptocurrency markets. First, cryptocurrencies are known for their complex and
highly volatile nature, and as shown in the results, neural networks excel at capturing intricate patterns and relationships within vast
amounts of data. Also, they had better results than the XgBoost models. Throughout the project, these three models show great perfor-
mance with MSEs as low as 0.0003 and MAEs as low as 0.015. On our best one-day prediction delta model predicting Ethereum, we had
an average prediction error equivalent to 11 dollars. When compared to the 26 dollars of average daily change in price, this is a very
good error, as the model can be overestimating the changes, but still has an accurate prediction.

MSE is a good overall metric, but in the investment industry, the most important thing is predicting the trend of the price of an asset be-
cause this is what makes a successful investor.

When looking at the predictions on the validation and testing sets, we could conclude that Neural Networks did a very good job on this
prediction task. This can be concluded as the models gave optimistic predictions, meaning they were higher than the real price when the
market was changing to an upward trend, and predicted lower than the real price when the market was about to have a downturn. This is
an opposed behavior to what happened with the XgBoost prices, which tend to exaggerate current trends instead of anticipating the com-
ing trends.

The following figures show for LSTMs the prediction behavior compared to real prices.

7.4. Ethereum LSTM with 6 hours prediction delta

e The validation set exposes the trend prediction.
¢ On the test set, it is mostly an optimistic prediction, but also the trend of this period was mainly upward. As shown in Figure 16
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Fig. 16: Validation and Test of Actual Price and Predicted Price of Model 6 hours.
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7.5. Ethereum LSTM with 1 hour prediction delta

Like the previous conclusions, although the prediction was more exaggerated. As shown in Figure 17
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Fig. 17: Validation and Test of Actual Price and Predicted Price of Model 1 hour.

7.6. Bitcoin LSTM with 6-hour prediction delta

Bitcoin shows in Figure 18 a more volatile behavior, but still, the model accurately predicts the trend in both testing and validation
sets.
Interesting behavior during the first 250 time points of the test set, where the market was at the lowest point of a period. The model

quickly started predicting the following increase in price.
Validation Test

— Actual — Actual
Prediction | 30000 Prediction x

27500

30000

25000 25000

rmice

£ 22500
20000 3

20000
15000 17300

15000

10000

0 1000 2000 3000 4000 0 500 1000 1500 2000 2500
Time Time

Fig. 18: Validation and Test of Actual Price and Predicted Price of Model 6 hours

7.7. Other modeling conclusions

This section’s objective is to recapitulate modeling conclusions that can be found in the modeling section. The following is the list of
conclusions.

Normalizing techniques have a strong impact on model performance. For this market scenario, the best technique was Minimum-
Maximum normalizing.

More data means better predictive performance, although it requires much more computing power. This was evidenced when using
the Minutely dataset, the results were better, but they lasted up to 8 times more.

More complex models don’t mean better performance. For the three architectures, Long Short-Term Memory (LSTM), bidirectional
LSTM, and Gated Recurrent Units (GRU), there was a pattern that as more complexity was added through units and layers, the per-
formance would worsen.

Architecture has a big impact on prediction. If we were to order them, bidirectional LSTM was the best, followed by LSTM, and the
worst performing was the GRU. This can also be evidenced in training behavior, where GRU has, in most cases, a big gap between
training and validation metrics, indicating that the model is not able to generalize as deeply as other models.

These models are highly dependent on the input data and, therefore the problem that is intended to solve. This makes it important to
have data quality checks and data monitoring when the models are deployed, as they are highly sensitive if some variables change.

This can be evidenced when looking at the graphs in Figure 19 that compare predicted versus actual prices for the Cardano coin, as
shown in the following figure. The model has a completely different behavior from the data for this coin.
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Fig. 19: Validation and Test of Actual Price and Predicted Price of Cardano Model.
7.8. Regression is not the optimal approach to predicting market prices

Regression analysis is a statistical technique that is widely used in many fields because of its ability to establish relationships between
variables and make predictions. Some examples where regression is useful are in the field of economics, where regression can be used to
analyze the relationship between factors such as income, education, and employment rates. Also in healthcare, regression analysis helps
understand how variables like age, diet, and exercise influence health outcomes. However, regression analysis may not be suitable for
predicting the price of assets, such as stocks or cryptocurrencies, due to the inherent complexity and volatility of financial markets. Fi-
nancial assets follow a concept described in financial literature as Random Walk Behavior, which indicates that in the short term, assets
follow a random behavior in price movement. This is because asset prices are influenced by a multitude of factors, including economic
indicators, investor sentiment, geopolitical events, market trends, and other external factors that might be impossible to quantify. The
relationship between these factors and asset prices is nonlinear and subject to sudden shifts, making it challenging for regression models
to capture the intricacies accurately.

Instead of focusing on predicting the exact price of future investments, investors are more concerned with understanding the direction in
which asset prices are likely to move. The ability to anticipate market trends and make accurate decisions based on the expected price
direction becomes crucial. This is where other approaches for these models could be better, especially a classification one.

8. Conclusions

Neural Networks have shown great potential in predicting cryptocurrency prices due to their ability to capture complex temporal patterns
in highly volatile data. Despite their effectiveness, they are computationally intensive and require significant hardware resources, making
model optimization and data preprocessing critical. Throughout this project, Recurrent Neural Network architectures such as LSTM,
Bidirectional LSTM, and GRU delivered promising results, with Bidirectional LSTM outperforming the rest in most scenarios. However,
increasing model complexity did not always translate into better performance and often led to overfitting or excessive training time. Im-
portantly, the models were better at capturing price trends rather than exact values, suggesting that classification approaches focusing on
trend direction might be more practical than regression. The success of these models was also highly dependent on the quality and scale
of data, as well as the choice of normalization techniques. Furthermore, platform tools like FastAPI, Streamlit, Airflow, and Docker ena-
bled effective deployment and visualization. Future work should explore classification-based modeling, model monitoring in production,
and the creation of real-time prediction systems for improved decision-making in cryptocurrency trading.
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