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Abstract—Cryptocurrencies are becoming increasingly more popular
and relevant as a form of finance. Currently, there are a lot of trading bots
that can help traders trade on the crypto exchanges. This paper presents
a solution for predicting the market with data from influential market
makers and tweets from known cryptocurrency investors. We use these
data for setting take profit, stop losses, and opening and closing positions.
The results, that we conducted during research will also be discussed in
detail. We conducted tests to evaluate the solution’s effectiveness and
profitability. The tests proved, that the solution has promising results
and can be profitable in both the short and long term. Promising results
would also show if our model is reliable enough to be deployed on live
data.

Index Terms—Blockchain, Crypto-exchange,
crypto-currency, market, fungible-assets

Bitcoin, Ethereum,

I. INTRODUCTION

Most of us are already familiar with Bitcoin [1]. It was proposed
in 2009 by Satoshi Nakamoto and, in 2013, started to be traded on
exchanges. Once Bitcoin became more popular, it started to attract
investors due to price hikes. Even some of the now well-known
cryptocurrencies derived from Bitcoin at the beginning. Many studies
analyzed if there is the possibility of finding a correlation between
Market prices, Bitcoin price, and sentiment (from social media for
example). The study by Bouri et al. [2] conducted research on
this topic and found that there is a slight correlation between the
price movement of Bitcoin and some other related cryptocurrencies.
This, however, is becoming less relevant as the market is now more
spread and Bitcoin’s margin is slowly evening out with other popular
cryptocurrencies (eg. Ethereum [3]). As ElBahrawy et al. [4] confirm
- Bitcoin has been steadily losing its advantage over other runner-up
cryptocurrencies. According to [5], the vast majority of research is
focused on Bitcoin, however, there are also studies that focus on a
broader scale of the market [6]. This paper does not focus on specific
cryptocurrencies in general. It proposes a universal solution to many
cryptocurrency pairs. The paper also does not study cryptocurrency
prices. It rather focuses on event changes and event predictions based
on data received from important market makers and sentiment from
X tweets. There are two different kinds of market makers:

o Liquidity provider - Used in classic fiat or crypto exchanges,
holds a large number of shares. They can move with the market
prices. Some Liquidity providers sell their data and it can be
used for predicting future changes.

o Automated market maker (AMM) - As mentioned in [7], AMMs
are an essential part of DeFi (Decentralized finance) and Dex
(Decentralized Exchange) protocols/applications. They allow for
exchange without any counterparty by creating liquidity pools
made of lots of participants.

These operate on cryptocurrency exchanges from which there are also
two different kinds:
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o Centralized cryptocurrency exchanges (CEX) - Governed by a
centralized entity. Famous for the incident with FTX [8]. Many
people start to lose trust and interest in this kind of exchange.

o Decentralized cryptocurrency exchanges (DEX) - Fully decen-
tralized exchanges that are not operated by a single entity and are
not controllable beyond what the community wants to change.
Much more reliable than centralized exchanges, but they can
bring some other problems too. Similar to centralized exchanges,
one has to trust a specific exchange and be sure that it is not
a scam. These exchanges use many sophisticated models so
that exchange can be controlled by a decentralized autonomous
organization based e.g., on the already mentioned AMMs.

Every exchange uses so-called ”Order books” that are lists of buy and
sell commands. The study by Barbon et al. [9] compares the quality
of CEX to DEX. They found out that Binance, which is a centralized
exchange, scored the best among a trio of Kraken and Uniswap. An
interesting point made by researchers is, that Uniswap could have
had the best gas fees when it came to transaction cost testing. This,
however, was only on the level of assumption because Ethereum
awaited an upgrade to the proof of stake consensus mechanism at
the time testing was performed. Because of that, real fee results were
best for Binance.

II. RELATED WORK

Cryptocurrency trading demands a considerable amount of time
and attention. The market fluctuates constantly, with prices changing
every minute. According to [10], the cryptocurrency market is one
of the most volatile and fastest-growing markets. Traders need to
react swiftly to every price movement to avoid financial losses
and maximize their profits. However, for human traders, it can be
challenging to keep up with every change in the market and evaluate
them to make informed decisions.

To tackle this, traders rely on strategies to evaluate the changes
in the market based on the data received from the market. Once
they have analyzed the data, they must apply their evaluations to the
market broker application. This process could take several seconds,
if not minutes, for a human trader to complete. Consequently, traders
would have to be online 24 hours a day to avoid missing out on
any significant market events [11]. Thankfully, trading bots have
emerged as an effective solution to evaluate market changes and
upcoming events in a matter of milliseconds. These bots analyze the
market data and send signals to the trader’s account in the market
broker, indicating when to open or close positions, set take profits,
or stop losses. According to [12], there have been numerous neural
networks developed to predict the prices of cryptocurrencies. Most
of them focus on Bitcoin. The study [13] also focuses on predicting
the regime changes of Bitcoin. They use the hidden Markov model
for the classification of three different regimes. Stable, intermediate,
and volatile. As [5] mentions, traders focus on predictability rather
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than prices going up or down. This is the major reason behind
the development of prediction algorithms and prediction models.
According to [14], the most widely used techniques for the prediction
of the market are artificial intelligence, support vector machines, and
random forests.

Through the constant updates provided by a variety of other soft-
ware tools (Telegram, RabbitMQ), traders can stay informed about the
trading bot’s activity, even when they are away from their computers.
Overall, trading bots have significantly reduced the time and effort
required to trade in the crypto exchange, enabling traders to maximize
their profits while minimizing their risks. One of the interesting
solutions mentioned in [15] uses stochastic neural networks to build
models for predicting the prices of different cryptocurrencies. They
claim that their solution, on average, brings 1.56% improvement on
a dataset they selected. Another similar solution worth mentioning
[16] uses machine learning techniques to predict the market. They
tried three machine algorithms to predict changes in Bitcoin price
movement. It was discovered that the ARIMAX algorithm brought
the best result, while FBProp and XGBoost were far off compared to
ARIMAX. They stated, that it could be improved even further with
parameter hypertunning.

III. DESIGN

The initial work and development of ideal strategies consisted
of a good analysis of historical data from the market maker. For
this case, we used a neural network LSTM [17] as the model
architecture. The dataset used for training contains 434,237 rows and
19 columns. The data does not have null values but has NaN values
between the columns (column price and smallestDelta applies only
to event liquidity). This was a necessity to solve because of data
transformation. After the model was trained, we received predictions
that we could apply to fine-tune our strategies. The workflow of the
initial analysis is explained in Fig. 1.

Exploratory data

s Understanding of Data
analysis

Data

. Transforming data
preprocessing

LSTM

Training and
validation

|

Evaluation

Trained model

Predictions

Fig. 1. Analysis workflow

The data we analyzed contain the following events:

o liquidityLineCreated” signalizes that a zone with liquidity has
been detected and this shows the price. Represents where
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liquidity should be left. The zones represent moments when
market makers are about to sell some stock.

o “liquidityLineReached” signalizes that the price has reached an
existing liquidity zone

o “zoneStart” signalizes that a zone preceding a price correction
has been created

o “zoneExit” signalizes that a zone has been broken and price
correction may happen. (This will be indicated when a price
will start a movement.)

o “zoneExpansion” signalizes that the zone has turned into an
oscillation range, where the price may swing around the fair
price

o “zoneContraction” signalizes that zone being created (after the
start and before exit) just got more narrow

o “zoneTentative” signalizes a high possibility a zone will be
created soon

o “zoneRangeExit” signalizes that the price has left the zone and
it is possible it will not come to return to the same position;
the zoneRangeExit is when the price has moved significantly
and the influence of the zone, on the price returning, will start
diminishing

o “fairPriceCross” signalizes that the price has crossed the fair
price

o “fairPrice” (“middle”) represents the price around which we
expect the price to oscillate until the market maker decides to
make a price correction. There are a few scenarios depending on
whether the price oscillates around them, or stays on one side.

After we understood all events we analyzed relationships between
the selected pairs of attributes. We identified dependencies between
pairs of attributes and dependencies between the predicted variable
and other variables.

There were several positive correlations:

o low + high - correlation 1, which can be related to similar values,
if high grows, so does low and below

e low + rangeLow - in this case we do not yet understand the
rangeLow parameter as it relates to low

e low + rangeHigh - in this case we do not yet understand the
rangeHigh parameter and how it is related to low

o low + range

e low + middle - correlation 1

o high + rangeHigh - lower correlation than with low + rangeHigh

o high + rangeLow - lower correlation than with low + rangeLow

o high + range - greater correlation than low + range

o high + middle - correlation 1

o rangeHigh + rangeLow - almost 1

o rangeHigh + range

o rangeHigh + middle

o rangeLow + range - lower than rangeHigh + range

o rangeLow + middle - identical to rangeHigh + middle

e price + smallestDelta - for event liquidityLineCreated

The Fig. 2 of the heat map of correlations below explains
this further. For each column of the table, we first g ett he event
type. These then get grouped the values of individual events into a
matrix according to the type of event. In the case of deep learning,
it is necessary to firste ditt hed atai ntos ucha formt hati tis
possible to train a neural network. We first e xtracted t he required
information from the data in our experiments. Then we created a
new dataset from the extracted pieces of information. Replacing the
missing values is a crucial step. The deep learning model can not
have missing pieces of information. Boolean values in the modified
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dataset are transformed into integer values. Next, we selected nine
interesting columns with which we continued working with. We also
transformed eight different events into a numerical form. Rescaling
these numerical values is a good practice for training neural networks.
Algorithm 1 shows the process of transforming the dataset.

function after each layer. To avoid overfitting, we use a dropout level
of 0.2, which means we turn off 20% of the neurons in each layer.

We have eight input features during training, while our model
generates event predictions as an output. During the experiments,
we tried different numbers of epochs during training. For the final

experiment, we chose 50 epochs, while the learning rate, in this case,

Algorithm 1 Transform data

was 0.001. The loss function is Mean Square Error, which is suitable

Require: extracted data from market makers’ dataflow D

Ensure: transformed data Y
1: Fill missing values in D.
2: for each column y € D do
3: if y is Boolean then

for predictions, and we used Adam as the optimizer. If the value of
Loss decreases, the model is learning.

The data must be further divided into training, validation and
testing sets. In the case of the validation and test set, we combined
the data in different ways to avoid over-learning. The test set is the
data the model has not seen, thus serving as the final prediction.

Algorithm 2 shows the training of our deep learning model.
Validation is done the same, but updating parameters and gradients
is skipped.

Algorithm 2 Training model

Require: number of epochs E, input features X, target ¥
Ensure: trained model

4: transform y to Integer
5: end if

6: if y has low as value then
7: y«—0

8: end if

9: if y has high as value then
10: y 1

11: end if

12: if y is event then

13: code y values as Integer
14: end if

15: end for

For our solution, we used the type of recurrent neural network
LSTM. According to [18] - "LSTMs are predominantly used for
learning, processing, and classification of sequential data because
these networks can learn long-term dependencies between time steps

1: for each epoch € & do

2: for each x,y € X,Y in random order do
3: calculate the gradient

4 train LSTM model

5 calculate §

6: calculate the loss function

7 perform an optimization step

8 end for

9: end for

of the data.” The final architecture for our solution consists of 4
layers of 32 neurons, and as an activation function, we use the ReLU
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After initial analysis with a neural network, we gained enough
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promising results to start work on the solution itself. The solution
works with data from influential market makers and Twitter. Market
maker data is defined by big organizations that have enough capital
to move with the market and it consists of events, that signal their
next actions. Our solution uses this data for setting take profit, stop
losses, opening and closing positions. In some cases, we also rely
on the current price of the cryptocurrency to make successful next
steps. Our program consists of two separate processes.

o First process contains the main strategy and fetches data from
the market maker data stream. It also evaluates fetched data to
create an optimal strategy.

e Second process continuously fetches the current price from
Binance API [19] and evaluates it with specific passed events.

Both of these processes interact with a trader who receives orders
from our solution right after event evaluation. It then performs op-
erations with the market broker (for example Binance). Our solution
can work with multiple cryptocurrency pairs at the same time. It can
also have multiple trading accounts attached. There is a limitation to
this currently. Every connected account can only listen to the same
orders. It is planned to be resolved in future work.

We designed our solution in Python programming language which
is widely known for its ease of use and broad scale of use cases.
The solution consists of two processes that have their own memory
and processing power allocated separately. The first process listens
on the RabbitMQ consumer channel (queue) for upcoming events
from the market maker data stream. RabbitMQ [20] is an open-source
message broker that is used by many enterprises. It supports multiple
messaging protocols and can be deployed in distributed and federated
configurations to meet high-scale and high availability requirements.
Handling upcoming events consists of starting strategy with data
received from the event and strategy runs several checks where
attributes from events are compared with already opened positions
and in case, the conditions are met, we open a new position. The last
step if a new position is opened is sending the order to the trader.
These orders are also saved in a database which consists of a few
different tables.

o Table for opened positions
o Table for closed positions
o Table for “zoneStart” events
o Table for “zoneExit” events

The first process also handles these events for multiple cryptocurrency
pairs. The second process handles the current price of cryptocurrency
pairs from Binance APIL. Its diagram can be found in the Fig. 5. We
fetch a new candle for a specific cryptocurrency pair and compare it
to an associated opened positions in the database. This process also
compares current price candles with some specific saved zone events
in the database and in case of meeting conditions necessary to open
a new position is opened. This is done by sending a signal to the
trader through the RabbitMQ channel. Because we need to deal with
multiple cryptocurrency pairs at the same time this process has to
have multiple threads.

As already mentioned solution uses RabbitMQ to fetch data from
the market maker stream, which sends new upcoming events to our
RabbitMQ receiver server. Its architecture is explained in Figure 3.
Our solution then sends order signals to another remote RabbitMQ
server responsible for making trades.

The solution has two types of evaluating strategies.

o First strategy is based on the evaluation of events called “zon-
eStart” and “’zoneExit”.
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o Second strategy is based on events called "liquidityLineCreated”
and “LiquidityLineReached”. It is also known as the “’scalping”
strategy.

In the first strategy, we await an event that is called “zoneStart”.
Once we receive such an event, the solution saves the event to the
database and also looks for every opened position in it. If it is found,
the solution moves it from the opened positions table to the table
for closed positions. It then sends a close signal for every position
through the RabbitMQ producer. This is done because we expect,
that cryptocurrency will be moving horizontally until the ’zoneExit”
event. When the zone ends, the horizontal way will switch to the
vertical way and that could mean potential risk for open positions as
we do not know where will zone move. Positions are differentiated
by the so-called “position-id”.

If we receive an event that is called “zoneExit” our solution just
saves the event to the database for further use.

The second strategy awaits “liquidityLineReached” events. Once
received, the solution opens a new position and specifies it as opened
from “liquidityLineReached” for further use. The position is saved
to the database and a signal containing the position id is sent to the
trader. Stop-loss of this position is calculated for two scenarios in the
following ways:

o Long position — liquidityLineReachedPrice - 0.90
e Short position — liquidityLineReachedPrice - 1.10

The type of position depends on the side of the ”liquidity-
LineReached” event. If the liquidity line that is reached is side
“High”, we open a short position. On the other hand, if the event
is side "Low”, we open a long position.

The second type of event we look for in the second strategy is
“liquidityLineCreated”. Once we receive that event we check every
opened position from the event “liquidityLineReached”. The ”lig-
uidityLineCreated” event is for setting take profits. It updates every
position opened from “liquidityLineReached” and sets its take profits
to the price we received in “liquidityLineCreated”. LiquidityLines
can be on both sides. If the side is "Low” then we set take profits
to short positions and if the side is "High” then take profits is set to
long positions.

In the Figure 4, we can observe process 1 decision-making. As
we can see, we are constantly fetching price candles from Binance
APIL. We then compare every price candle with every opened position
in the database. If the price candle matches the value in the column
take profit or stop the loss of queried opened positions, if conditions
are met we close the position by moving the selected position from
open positions into closed positions. There is no signal to the trader
in this case.

In the second case, we check the database table “passed-zone-
events”, if there is an event “zoneExit” and there is no “zoneStart”
afterward. If this is the case, it means, that the new zone has not yet
started and we check for certain conditions:

e« We open long position if price is equal to
highSideO f ZoneExit + (highSideO f ZoneExit -
lowSideO fZoneExit) and “exitSide” is equal to "High”

e« We open short position if price is equal to
lowSideO fZoneExit - (highSideO fZoneExit -
lowSideO fZoneExit) and “exitSide” is equal to "Low”

These calculations are done to ensure that the price has a trend to
go in a vertical way which we need. The “zoneStart” event opens the
zone and the zone represents a horizontal way on the graph which by
itself is not enough for good trading decisions. “zoneExit” represents
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the end of currently last zone and we can predict, that price will most
likely oscillate into the vertical way.

During our research, we discovered, that it is very efficient to
be able to change strategy in real time if necessary. Changing
certain calculation values, decisions in strategy or adjusting different
conditions for opening and closing turned out to bring more profitable
outcomes. These strategies are tested in a special variation of our
solution which does not operate with real money. To get broader
results we also tried testing on historical data. Once the strategy
proves to be profitable we can deploy it to our solution which runs
live. This is done with a specific GitHub pipeline that updates the
source code on the server, then the script sends a block signal to the
trader so no trades are being made. Once everything is stopped our
solution applies an update automatically and restarts itself.

The second important part of our solution is Twitter sentiment
analysis. Before we can start pulling tweets we need to know which
tweets from which accounts are relevant. The first important step
was an analysis of accounts, that have influential posts regarding
Blockchain as well as relevant hashtags. In hashtags we looked at
popular Blockchain terms, checking if they are used on Twitter and
if they are used with information regarding cryptocurrencies and
the cryptocurrency market. From the comprehensive list we made,

Python Trader-bot

Rabbit
API
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@elonmusk, @krakenfx and @Polkadot are a few, that we decided
to mention. From hashtags, we decided to mention #Binance, #cryp-
toAlerts and #DEFI. They proved to be among the most influential.

We have created two different Python scripts to pull tweets and
each has its purpose:

o The first script is used to fetch historical data
o The second script is used to pull tweets from selected accounts
and hashtags daily.

Pulling tweets happens in three cycles. The first cycle con-
sists of pulling tweets from accounts. This cycle uses API call
.user_timeline which allows for pulling the last 3200 tweets
from selected accounts. The second cycle goes through all selected
hashtags. This cycle uses API call search_tweets, which typi-
cally allows for pulling tweets that are up to one week old. The third
cycle uses the same API call as the second one, but this one pulls
combinations of hashtags. Pairing multiple hashtags together could
filter out irrelevant data.

Tweets are stored in files with a “.csv” extension due to the
limitations of our current system. In future work, we want to upgrade
that storing mechanism to store data in the database. This database

s
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will consist of 4 columns that will contain the following:

e Account name

o Tweet

o Timestamp

o Hashtag used for search (Empty if the search is performed by
account name instead of the hashtag)

IV. TEST SCENARIOS

To fully test our solution before it is used with real finances we
designed two tests and a few simulations. These simulations are
tested on historical data from the market maker for the year 2021.
Another essential part is prices corresponding to specific times. These
are pulled from Binance which provides API for historical data.
Simulations consist of:

e Process 1 consists of a RabbitMQ listener, that listens for
upcoming events.

o Process 2 fetches prices from the Binance API in an infinity
loop. After the price is fetched, our program sleeps for 0.5
seconds and the next timestamp is moved 5 minutes ahead
and this loop is repeated with a new timestamp. Sleep delay
is necessary to avoid Binance API parser timeout.

o Process 3 is responsible for sending new events to the RabbitMQ
listener running in Process 1. The process consists of a loop that
parses the next event in the .csv test file. It also checks the time
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Train loss vs Validation accuracy on 10 epochs
epochs

Fig. 7. Accuracy of model

stamp against the last saved price in the database. If they are
approximately matching, we send an event to the RabbitMQ
listener and continue to the next event.

We designed the following two tests:

e Test 1 - Running solution for 19 days on historical data with
fetching candle prices every 5 minutes
o Test 2 - Running solution for 53 days on historical data with
fetching candle prices every 5 minutes
Tests were designed to compare the short-term to long-term efficiency
of our solution.

V. RESULTS

Data that are also worth mentioning are predicted data, the accu-
racy of the model, and the loss of the model. These are from initial
analysis and they can be seen in the Fig. 6, 7, and 8.

We ran two simulation tests to evaluate our solution and its
profitability. As already mentioned first test was designed for the
19-day interval from 05.07.2023 to 23.07.2023. We noticed positive
results in this time frame. The solution was able to trade up to 14%
in profits. In the second test, we let the simulation run in the time
frame from 01.08.2023 to 19.10.2023. It successfully opened and
closed 209 positions. The profitability of this test was higher. The
solution was able to trade up to 39% in profits. This diametrical
difference shows us, that our solution profitability also depends on
the time frame. In conclusion, our solution seems to be profitable in
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Fig. 8. Loss of model

both tests and time frames. The strategies could always be tuned to
perform better however we found this to be the most optimal setup
for now. The Fig. 9, 10 show the results of both tests.

trading result = +14% [/ 19 days (38 closed positions)

POSITIONS BY TIME

Fig. 9. Simulation test number one

VI. CONCLUSION AND FUTURE WORK

Our tests proved, that our model has promising results and can be
profitable in the both short and long term. This is due to research that
was done to fine-tune the strategies of our solution. These can always
be improved even more. As for future work, we wish to improve
in many aspects. In the case of evaluation, a metric for accuracy,
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trading result = +39% / 80 days (209 closed positions)

POSITIONS BY TIME

Fig. 10. Simulation test number two

we compare rescaled normalized actual event values and predicted
values this could be researched more. Upon an LSTM deep learning
model for predicting cryptocurrency events, we also started building
an LSTM classifier. Further experiments for searching the best depth
and width and also hyper-parameters tuning will be done in the future.
Promising results would also show if our model is reliable enough
to be deployed on live data. From other limitations, our solution
has, we wish to resolve the receiving of different orders for different
accounts as currently, all accounts receive the same orders. Another
future work would be creating a database for tweet pulling. This
database would consist of four main columns as mentioned above
in the design section. It would save space and make working with
tweets a lot easier.
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