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Abstract 

This Work Project is an empirical investigation and a prototype development of an 

automated AI trading system. The framework system is a fully automated pipeline of data 

processing, data analytics, and signals interpretation that ends with an action to buy, hold, or 

sell an asset. The data analytics segment represents a deployment of state-of-the-art AI models 

developed to predict future cryptocurrency prices while accounting for risk and order 

management. The framework proposed predicted the next 15-minute close price of Bitcoin 

achieving an RMSE value of 167 during the period of 11th - 15th December. After accounting 

for fees and commissions, the system would have yielded a return of (1.11%) with a Sharpe 

Ratio of (0.04) against a B&H strategy with (3.92%) and (0.09) Sharpe. 
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1. Introduction 

Automated trading systems can go from simple scripts with a few lines of code to fairly 

complex digital platforms that provide algorithm-driven decisions and/or recommendations 

with little to no human intervention/supervision. Thus, the motivation for this project arises 

from the lack of research and open-source platforms and the possibility of generating excess 

returns without any human intervention. The system presented, which has its codebase available 

on GitHub, proposes a full automated pipeline, from data acquisition and pre-processing to 

order management and portfolio risk. By leveraging big amounts of data stored in a SQL 

database, powerful machine learning techniques and NLP features in a sequential and 

seamlessly assembled process, it is able to continuously look for any indication of alpha or 

superior asset performance. In the same web page, a read.me file can be found, helping the user 

to run the system on their end. There is also a config. file where it is possible to replace the 

respective API keys to gain access to different exchanges (Binance, Coinbase, Kraken, FTX) 

and change other parameters. Additionally, a simple GUI (Guided User Interface) is being 

designed to aid the user on the system’s performance and will be released in a future date. The 

same will happen in terms of configuring trade alerts via Telegram.  

Regarding the investment universe, the commonly observable high levels of volatility in 

cryptocurrencies markets, which are not found in any other asset class, represent one of the 

many inefficiencies found in the space. As such, and due to the fact that the underlying 

technology, blockchain in most cases, is still in early stages of development, the system will 

focus on trading this asset class. A diagram can be found on the next page giving an overview 

of the framework implemented and a detailed explanation on section 3. 
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             Figure 1) Current workflow 
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2. Literature Review 

Inspiration to build an automated trading system has come from different fields ranging 

from fundamental analysis, econometric modelling to machine-learning. However, from 

inspiration to execution there is a long path in between. This section will explain the main 

obstacles faced when building an automated trading system. The first one and analogously one 

of the most important, is the existence of powerful and dedicated hardware infrastructure able 

to run many computationally expensive processes, often concurrently. A good GPU and large 

amounts of RAM memory will allow to meet most of the requirements needed for parallel 

computing and model processing. (Zhuo Zou, 2018) 

The dependability and performance of such a system is also related to the efficiency of big 

data analysis and modellings (Szu-Hao Huang, 2020). To tackle this, a SQL database is an 

almost mandatory component for any system. The speed efficiency and performance have no 

comparison with other traditional databases. In this particular case, SQLite was used due to its 

stability, reliability and high efficiency as Chunyue Bi (2009) mentions in his paper. Acquiring 

the data to populate this database is another mandatory step which is not an easy task by any 

means. Your API connection may be terminated, and because the entire process is based on the 

processing of incoming data, things might quickly go wrong. In order to handle this, appropriate 

redistribution of your API requests across several exchanges and proper error and exception 

handling code is crucial. 

Having this established, profitable strategies are now necessary, which commonly can 

include trend-following, mean-reversion, pairs-trading (statistical arbitrage) or machine 

learning models. These, can include neural networks, such as LSTM (Long-Short Term 
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Memory) or CNN (Convolutional Neural Network). When using models like this, the biggest 

issue is the unavoidable overfitting to the noisy data that is OHLCV (Open-High-Low-Close-

Volume). Common RMSE values for models like this tend to be between 190 and 410. (S. M. 

Raju, 2020 and Yousef Owda, 2021) for the 30 min interval time period. Since the current 

strategy applied also falls in the space of auto machine learning, these figures can also serve as 

a model benchmark. 

As for another quantitative solutions, OLPS (Li et al., 2016) was one of the first approaches 

to portfolio selection making use of machine learning algorithm as benchmarks.  Quantopian, 

that has been terminated while the design of this system was taking place, also offered free 

available strategies and the respective code and reasoning behind. Another very interesting yet 

exponentially more complicated project named QLib, built by a team of developers at Microsoft 

(Qlib, 2020). It also employs the latest state-of-the-art AI algorithms. Although, this system is 

already extremely advanced populated by some of the latest state-of-the-art algorithms and data 

management engines, it lacks understandability and versatility. An open-source ensembled 

strategy has also been designed by a group of students and collaborators (AI4Finance 

Foundation, 2020). This strategy makes use of Deep Reinforcement Learning Agents that will 

keep learning from the actions that takes, buying selling or holding according to the portfolio 

turnover. This system aims to be a much simpler solution to these projects, yet equally powerful 

and with particular focus for cryptocurrencies.  

Also, the possibility of being easily capable of adding a new strategy to the system is a huge 

plus for users that are experienced with programming or just prefer running their personalized 
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strategies. For that, users just have to create a class with the structure present in figure 2 and 

add it to the “Strategies” folder. 

 

As for the controversial incumbent cryptocurrencies market, pump-and-dump schemes and 

high volatility events have been more frequent than never, exhibiting a growth in frequency for 

the past two years. This happened mainly due to the entrance of new market participants, in 

some cases being large financial institutions. Another consequence was the increase in number 

of Twitter accounts, Telegram and Discord groups that either due to their large number of 

followers or participants have become able to influence the price of a coin with limited supply. 

As such, there are patterns associated with these schemes that might also provide significant 

alpha (Jiahua Xu, 2018). To track these patterns, Natural Language Processing is one of the 

best tools to use. It is also one of the areas where the most interesting developments in Artificial 

Intelligence have been taking place. Sentiment classification applied to financial related data 

dealt has proved to be a crucial element that any trading system should have (Michael Jermann, 

                 Figure 2) Example strategy design 
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2017). By using the advanced BERT model, one of the four implemented in the NLP module 

(Figure 4), was able to improve the prediction of Bitcoin price compared to only using bitcoin’s 

previous day closing price (Ashrit Deebadi, 2020). As a summary, this work project reports on 

the development of a prototype of an automated trading system that has the following 

components: 1. Data acquisition, 2. Data processing, 3. Data Analytics, NLP component and 

Price predictor powered by ML models, 4. Trading strategy maker & risk manager.  

 

3. Context, Data & Methods 

Data acquisition and pre-processing 

The system was designed in such a way that would be easy for the user to understand the 

various working parts during the trading period by looking to the command line. It begins by 

making API calls to the different cryptocurrency exchanges in order to scan for assets that have 

either recently experienced high periods of volatility or volume and return changes. Once this 

investment universe list is configured, it continues by retrieving OHLCV & L2 Order Book 

data. These requests make use of the ccxt library, which is considered to be one of the best in 

providing quick and free access to market data on several venues. The granularity of this data 

is configured within the system for one minute tick bars but can also be changed. According to 

this same granularity, some features are drawn from this data, such as Order Flow Imbalance 

(OFI), technical indicators and common metrics (volatility, volume change, log return, etc.). 

More than 80 technical indicators are calculated and added to the initial dataframe by using the 
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ta-lib package. Then, as the dataset can quickly grow, consequentially increasing the overall 

computation time of the system, it is of extreme  

 

importance to infer the statistical importance of these features. By using dimensionality 

reduction techniques, such as Principal Component Analysis (PCA) and UMAP (Figure 3) the 

system is able to capture the few components that explain at least 90% of the closing price 

variance. These, that suffered an orthogonal linear transformation (PCA) and a nonlinear 

dimension reduction (UMAP), should exhibit no correlation with each other and retain most of 

the content of the original values. Furthermore, it is also configured to retrieve the largest 

transactions (refer to Figure 12 of appendix) in the crypto space since this has been proven to 

be linked with Bitcoin price movements due to the restricted token availability and the lack of 

a more homogeneous distribution of this existing supply. All this data is stored in the SQLite 

database mentioned earlier so that can be later queried to begin model training and execution. 

In order to create the database, there is a dedicated script with different queries for each table. 

Once these are created, the user can look at the “Database_funcs.py” file where different 

Figure 3) PCA engine 
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functions with multiple uses are defined. Some of the connection paths might have to be 

changed in the beginning of the scripts. 

The Natural Language Processing module, incorporates sentiment analysis from Twitter, 

Reddit, and Google News. To achieve this, three packages (tweepy, praw and 

google_news_api) and four models were used. By specifying a list of relevant twitter usernames 

or cryptocurrencies related keywords, the system will continuously look for new information 

available, which can be tweets, posts or news. Following that, the text must be cleaned and 

processed in order for the models to make more educated conclusions. Regarding these, two 

are considered to be simpler, Blob and Vader while the remaining two, roBERTa and a 

Transformers neural network are considered to be the current state-of-the-art. As such, they 

have a higher weight calculating the final sentiment.  

          Final Sentiment = (0.125 * Blob + 0.125 * Blob + 0.35 * BERT + 0.4. * Transformers) / 1 

 

These sentiments are then associated with the respective cryptocurrency dataset (through the 

ticker and timeframe) as a column feature. 

Figure 4) Twitter Dataframe 
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Modelling and Ensembling 

This idea of ensembling different strategies arises from the fact that different market 

regimes ask for different approaches by each market participant. This last segment of section 

3, will introduce the current strategy applied and future possibilities. After having obtained the 

features that mostly contribute to the closing price of the asset, the data follows to be processed 

by TabularPredictor, an object within the Autogluon package. This package was developed by 

Amazon developer’s and allows fitting state-of-the-art machine learning models such as 

LightGBM, XGBoost, RandomForest and Weighted_Ensemble_L2 (Figure 14 of appendix). Since 

model fitting can easily become a very lengthy task, two hypotheses are provided: 

• Do not limit the training time and improve prediction’s accuracy with increased 

computational cost, which is advisable only for high-end machines.  

• Retrain the models for x minutes every time the system runs at the cost of predictive 

accuracy.  

Once the training is completed and after assessing the model with the best performance and 

metrics, a prediction for the next x minutes and the estimated return are calculated. If this return 

is greater than a certain amount enough to cover fees and commissions, the module will print a 

buy signal.  

Another range of strategies that can be applied in the future involve mean-reverting 

indicators which state when an asset’s price will tend to converge to its average price. Similarly, 

trend following indicators represent the likelihood for an asset to continue its current price 

movement. These, can be custom indicators or one of the common features that remain after 

the dimensionality reduction techniques are used (for instance, ichimoku trend). Also, by 
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making use of an established automatic machine learning framework, a suite of statistical 

arbitrage or pairs trading strategies can also be configured. The main reasoning here, would be 

to continuously compare asset prices across venues and infer any profit opportunities (through 

the machine learning models) that may appear. One thing that all these strategies should have 

in common is a stochastic parameter optimization. Ideally this would be implemented through 

genetic algorithms, which tend to be computationally expensive yet very powerful. If that’s not 

the case, it could also be done through a Bayesian approach. 

Regarding the ensemble module, due to the stochastic nature of the markets, by ensembling 

the different strategies, the system will be able to reduce the generalization error and increase 

the signal-noise ration and overall reliability. Its functioning will be structured as follows, once 

all models have finished training, the system will assess which model’s actions have been 

yielding the highest profit and attribute a weight to each for the overall ensemble. It will write 

the position value or profit obtained for a given model after a certain action (buy, sell or hold) 

has been taken. For example, if Autogluon (the present strategy) predicts a return of 0,4% and 

it’s having a good momentum, it will have a bigger overall contribution to the final signal than 

the Facebook Neural Prophet model (which only forecasts a return of 0,2%). Thus, this will be 

a weighted average. For values between (-0.5; 0.5), rounding will be applied and interpreted as 

a signal to hold position. The same reasoning is applied for sell signal with -1 floor and buy 

signal with 1 cap. 
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Order and Risk Management 

     Handling open and closed orders is pivotal to keep track of the trading process and to avoid 

incurring in any unnecessary costs. Regarding order types, there are three main ones (Market, 

Normal Limit, Limit with Stop Loss) that have been configured. Market orders are executed 

according to the best available price. These are optimal when our goal is speed and trading 

immediately. As for the Limit type, there is a restriction on the maximum price to be paid or 

minimum to be received. If we include a Stop Loss, besides paying higher fees we are also 

introducing a safety buffer. This type of position was designed to limit an investor’s loss by 

liquidating a position immediately once the asset’s price reaches a certain threshold. As such, 

it tends to be the safer option when trading algorithmically. 

For position sizing, Kelly Criterion was applied. The formula calculates the proportion of 

available capital to trade in order to maximize returns. According to existent literature, trading 

full Kelly can become very volatile. As such, I found it optimal to trade only 40% of the given 

output. 

𝐾 % =
(𝑏𝑝 − 𝑞)

𝑏
   (2) 

K % --> Percentage of portfolio capital    p --> Probability of winning 

b --> Decimal odds that are always equal to one  b --> Probability of losing (1 – p) 

Figure 5) Kelly Criterion formula 

Regarding risk control, certain rules were imposed such as the use of Stop-Loss Orders and 

the portfolio exposure to a certain pair can never be greater than 60% spread across exchanges.  
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Additionally, the system will trade with reduced size on low-volume days or when it exhibits a 

diminished degree of confidence.  

 

Overview of the framework rules:  

(Currently only signals from Autogluon are being considered) 

1. Entry rules: 

o Go long/short if the sum of the weighted signals is equal to 1/ -1 and estimated 

return is enough to cover fees.  

2. Exit rules: 

o Exit long/short positions once the signal reverses or a certain percentage of profit 

is obtained. 

3. Instrument rule: 

o Trade only assets available on Binance and with USDT pairs (332). 

4. Position sizing rule: 

o A position is sized according to Kelly Criterion or the target risk times your 

trading capital divided by the instrument risk (volatility).                                                                                                                                                                   

Figure 6) Example prediction output 
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4. Results 

 The models were trained using more than thirty thousand rows of data and stored in a local 

folder for later usage. By loading existing predictors and only allowing for full training of the 

models once per week when the market exhibits low levels of volatility, the system is able to 

make faster predictions and ease on the computational calculations. The best model was 

Ensemble_NET with a RMSE of 167.34 and an overall return of (1.11%) for a period where 

the bitcoin price depreciated (3.92%) with a sample size of 98 observations. This showed that 

the strategy, even not fully optimized, to trade slightly better when compared to a buy-and-hold 

strategy than what would be expected of an algorithmic trading in such a highly volatile space. 

Despite the fact that the approach's ROI was negative, it was 2.81 basis points greater than a 

buy-and-hold strategy. 

                           Figure 7) Bitcoin predictions & signals 15 min interval 11th-13th December 
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 Return (%) Sharpe Ratio Max Drawdown 

Buy and Hold (3.92%) (0.09) (7.86%) 

Autogluon 

 

(1.11%) (0.04) (7.90%) 

 

5. Discussion 

These statistics may not appear to be impressive since they are negative, but they do serve 

as proof-of-concept that this project can be a viable trading framework if further refined. The 

current established pipeline, already enhances the baseline prediction from models like LSTM, 

ARIMA or CNN’s. Moreover, once the NLP features from Twitter and Google News start being 

taken into account as well as Order Flow Imbalances and other strategies like the ones 

mentioned before, the metrics will improve substantially more. Furthermore, longer evaluation 

period and alternative time data intervals could have been explored for more accurate results.  

Results different to those presented in this paper may be obtained when the models are run 

using the code from GitHub. This stems from the fact that the derived results presented here 

were obtained during the period of 11th to 15th December, after which some changes were made 

concerning the data used to train the models among other minor procedural changes. 

 

 

 

 

Figure 8) Metrics Table 
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6. Conclusion 

This paper sets out to clear up much of the existing literature by proposing a new benchmark 

bitcoin price forecasting process that future studies can build on.  

There are more plans for this project in the future involving doing part of the data collection 

and model training in the cloud; telegram configuration for buy and sell orders and finish the 

GUI.  By establishing a rigorous machine learning pipeline to ensure the system's higher 

accuracy, I pretended to alleviate the existing issues faced in the data science business and 

algorithmic trading. The provisional results show that there is potential for further development 

as there are still many important parts that need to be configured and taken into account. I 

appreciate that the approach presented in this paper is unlikely to be without error and in the 

spirit of openness and transparency, the code and data is available through the GitHub 

repository (https://github.com/DiogoMBaltazar/Ensembled-AI-Trading-System) to allow full 

replication by others. I more than welcome any extensions, corrections, and improvements to 

the models presented. 
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8. Appendix 
 

Figure 9) Initial framework proposed 

  Figure 10) Current state of the GUI 
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    Figure 11) OHLCV table 

                                                                                                                                                                                                                                    Figure 12) L2 order book table 

Figure 13) Whale transactions table 

Figure 14) Autogluon models scores for 3 hours of training and according feature importance                                                                                                                                                                                                                               


