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Abstract   

                    Crypto trading bot uses algorithms that follow a trend and defined set of instructions to perform a trade. The trade can generate 
revenue at an inhuman and enhanced speed and frequency. The characterized sets of trading guidelines that are passed on to the program 
are reliant upon timing, value, amount, or any mathematical model. Aside from profitable openings for the trader, algo-trading renders the 
market more liquid and trading more precise by precluding the effect of human feelings on trading. Our project aims to further this 
revolution in the markets of tomorrow by providing an effective and efficient solution to overcome the drawbacks faced due to manual 
trading by building an Crypto Trading Bot which will automatically trade user strategies alongside its own algorithms for day-to-day trading 
based on different market conditions and user approach ,and throughout the course of the day invest and trade with continuous modifications 
to ensure the best trade turnover for the day while reducing the transaction cost, hence enabling huge profits for concerned users be it 
Organizations or individuals.  

 
Index Terms Algorithmic Trading, Finance, Random Forest Regression, Moving average Bollinger bands , Support and Resistance Rsi , 
Multiple data of currencies. 
 

                                                                       

                                                       
INTRODUCTION 
 
Crypto trading bot  is a technique for executing 

orders utilizing mechanized pre-modified trading 

guidelines representing factors like time, cost, 

and volume. This kind of trading endeavors to 

use the speed and computational assets of PCs 

comparative with human brokers.Just one of 

every five-day investor is productive. Crypto 

trading bot improves these chances through 

better technique configuration, testing, and 

execution The USP of a trade bot is that it 

simplifies the work of traders and helps the trader 

to make quick money with the minimum 

efforts.Algo trading is now a 'prerequisite' for 

surviving in tomorrow's financial markets. In 

order to get rid of the human variable, we have 

to automate trades. This project uses a python 

trading bot to make most of the trades. The 

strategy is based on two indicators. The 

indicators are  Moving averages Bollinger bands 

,Support and resistance RSI. The bot will check 

at these two indicators, and make appropriate 

moves, and take appropriate strategy in order to 

maximize profit.  

 

Few Advantages of Crypto  Trading Bot !  

                   1.Quick, Fast and Reduced Cost 

Trading  

                   2.Enhanced Precision and Diversity 

in Trading 

                  3.Backtesting enabling traders to 

assess and tweak a trading idea.  

 

 The global algorithmic trading market is 

expected to grow significantly between 

2018 and 2026.  

 Our project aims to further this 

revolution in the markets of tomorrow 

by providing an effective and efficient 
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solution to overcome the drawbacks 

faced due to manual trading like:  

 Trades are executed at the best possible 

prices. " Trade request situation is 

instant and precise (there is a high 

possibility of execution at the ideal 

levels). "  

 Trades are coordinated effectively and 

immediately to keep away from huge 

value changes.  

 " Reduced exchange costs. " 

Simultaneous automated checks with 

different market scenarios. " Reduced 

hazard of manual mistakes when 

trading. " 

 Algo-trading can be back tested utilizing 

historical and live data to check whether 

it is suitable for trading. " Reduced the 

chance of errors by human traders as a 

result of emotional and psychological 

factors. 

 

                                                                 

II. RELATED WORK  

 

This section describes a literature survey of the 

various methods for algorithmic Trading with 

Machine Learning which are already proposed 

and implemented. It describes the survey of the 

existing system and software used for Crypto 

trading bot with Machine Learning. The existing 

algorithmic trading with Machine Learning 

methods includes Only Random Forest , Random 

Forests and Probit regression , Moving Averages 

,Bollinger bands , Support and Resistance Rsi 

gives the summary of limitations of existing 

systems and software. 

 

Existing Softwares – 

        A few softwares currently in use are – 

Zerodha Streak: One of the most efficient trading 

platforms with Algorithmic Trading in India. 

The biggest benefit of Streak is that it lets the 

users perform algo trade without coding. The 

algos can be created even without the technical 

knowledge of programming.  

Omnesys Nest: It is one of the best algo trading 

platforms, provided by Thomson Reuters. It has 

all the excellent features of a state-of-the-art 

trading platform, including low latency rates and 

high levels of performance.  

Algonomics: It is a trading platform offered by 

NSEIT and is one of the best algo trading 

platforms. The differentiating feature of the 

platform is its ultra-low latency levels which are 

beneficial for high volume trades by the 

investment banks, fund managers and individual 

algo traders. 

 

A. Using only Random Forest Algorithm 

[3] – 

    Seasonality impacts and exact normalities 

in financial information have been very 

much archived in the monetary financial 

matters writing for more than seventy years. 

This methodology proposes a specialist 

framework that utilizations novel AI 

strategies to foresee the value return over 

these occasional occasions, and afterward 

utilizes these expectations to foster a 

beneficial exchanging technique. In this 

methodology the creators present a 

mechanized exchanging framework 

dependent on execution weighted groups of 

irregular backwoods that improves the 

benefit and soundness of exchanging 

irregularity occasions. An investigation of 

different relapse procedures is proceeded 

just as an investigation of the benefits of 

different strategies for master weighting. 

The outcomes show that recency-weighted 

troupes of arbitrary timberlands to create 

prevalent outcomes as far as both 

productivity and expectation exactness 

contrasted and other outfit strategies.  

 

 

      Figure 1 shows the diagrammatic 

representation of the system that was 

implemented. 
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Figure 1 : Diagrammatic representation of the 

layered workings a fully automated expert 

trading system. 

B .          Moving Average and Bollinger Bands. 

                             The main trading strategy used 

for this experiment was the Bollinger bands. The 

premise behind Bollinger bands was to look for 

proper places to take an entry.  

Bollinger Bands are quite simple. They are 

composed of three different bands. These bands 

are dynamic and adjust themselves to changes in 

price. The most important band is the center line 

which is called the exponential moving average. 

The exponential moving average is used to signal 

a trend in the market. For example, when the 

market is strong then the Exponential Moving 

Average (EMA) will show a line going up and 

when the market trend is down the EMA will 

show a line going down. [3]. On top and below 

the center line there are two more bands, upper 

band, and lower band. They are located two 

standards deviations above and below the center 

band respectively. The simplest strategy to take 

using Bollinger bands is tracking when prices 

cross the upper or lower band. For example, when 

price action crosses the upper band the stock can 

be considered overbought. Therefore, this would 

be a good time to sell since the market is probably 

due for a correction; therefore, it will probably be 

on the way down soon. The converse is also true; 

for example, if the price action crosses the lower 

band to the downside, then the stock is due for the 

other type of correction, and it could soon see a 

rise in price action. 

The chart in figure 2 is an example of a 

Bollinger Band. It includes the places to sell 

and to buy. 

 

  

 

                                           Figure 2  Moving 

average  Bollinger bands example. 

Overall, some form of intuition is needed to see 

where the price is heading for a specific 

currency. The way of doing this is to look at the 

price charts for that specific currency. From the 

price chart, we are able to draw the proper 

conclusions. The first step in doing this project is 

getting the Bollinger band charts for the price of 

Litecoin. The 1D time frame is used for this 

information. A Bollinger band chart is illustrated 

in Figure 2. In the figure, the blue line is the 

actual price, the green band represents the upper 

band, the red represents the lower band, and the 

middle band represents the 30-Day Moving 

Average.  There were two different graphs we 

need to view; one is the recent monthly chart 

represented in Figure 3, and the other is the 

yearly chart. The yearly chart allows us to see a 

wider view of how the price has changed and 

fluctuated as depicted in Figure 4.  
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Figure 3 30 Day Moving Average Bollinger 

Band  

 

   Figure  4  yearly 30-Day Moving Average  

Bollinger Band  

 

C                     RSI   Indicators 

Relative Strength Index is what’s called 

a momentum indicator. It shows you in what 

direction the market is heading towards. It 

compares the number of times that the price 

closed in an upwards trend vs the number of times 

it closed in a downward trend. From this 

information, the Relative Strength Index is 

assigned a score from 0-100.  

 

The Relative Strength Index (RSI) tells you if 

something is being oversold or overbought. For 

example, if the RSI score is over 70 then the 

stock can be thought of as being overbought. 

This means it would be a good time to sell. 

However, if the RSI score is below 30 then the 

stock can be thought of as oversold [4]. In this 

case, it would be a good time to think about 

entering into a position.  

This is very similar to what the Bollinger Band 

Indicators say. So both the Bollinger bands and 

the RSI Indicators can be used in conjunction to 

determine whether to enter into a trade or to leave 

it.   

If the price is touching the lower Bollinger Band 

and the RSI is under 30 then the stock is probably 

oversold. This is where it would be a good idea 

to make a buy. The opposite is also true. For 

example, if the RSI is over 70 and the price is 

touching or approaching the upper band then it is 

probably under bought. This would be a good 

opportunity to make a sell.  

In order to get the calculation of the RSI 

indicator, a specific formula is used. Basically, 

one needs to use the RSI calculations of the 

previous 30 days. Here, we used the RSI which 

goes as follows. RSI=100-100(1+RS) where RS 

is the average gain over the average loss of the 

last 30 days. The RSI basically relies on the 

fluctuations in the price of the cryptocurrency. It 

measures the average gain over the average loss.  

          

                                  
RSI formula  

 

                                                                                      Figure 5 

Monthly RSI  

D. Using Genetic Algorithms like Deep MLP 

Neural Network  

In this examination, we propose a stock 

exchanging framework dependent on advanced 

specialized investigation boundaries for making 
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purchase sell focuses utilizing hereditary 

calculations. The model is created using Apache 

Spark huge information stage. Each Dow stock is 

prepared independently utilizing day by day close 

costs between 1996-2016 and tried between 

2007-2016. The outcomes demonstrate that 

improving the specialized pointer boundaries 

upgrades the stock exchanging execution as well 

as gives a model that may be utilized as a choice 

to Buy and Hold and other standard specialized 

examination models. 

 At that point, we utilized those streamlined 

component esteems as purchase sell trigger 

focuses for our profound neural organization 

informational index. We utilized Dow 30 stocks 

to approve our model. The outcomes show that 

such an exchanging framework produces 

practically identical or better outcomes when 

contrasted and Buy and Hold and other 

exchanging frameworks for a wide scope of 

stocks in any event, for generally longer periods. 

Figure 6 shows the implemented system for the 

Genetic Algorithm as per the research paper. 

 

 

 

 

 

 

 

 

  Figure 6 : Proposed Method (Genetic 

Algorithm and MLP) 

                      III. DATASET 

Alpaca API and Yahoo Finance is used to fetch 

past data and put it into a dataset. The dataset 

comprises Date , Open Price , High Price , Low 

Price , Close Price and Volume traded for that 

particular Stock day wise. 

A. Database Splitting  

            The dataset is split in 60:40 ratio. Four 

variables i.e., X_train, X_test (for inputs) and 

Y_train, Y_test (for outputs) are created.  

 

B. Annotation Description  

  

           The dataset consists of various columns 

as mentioned above. The columns that we 

require for Random Forest Regressor and 

prediction is only Date and Close Price for the 

particular stock. The Close Prices will help us 

get a trend or a Moving Average for our 

Intraday trading of that particular stock. This 

will be integrated with Financial strategies to 

boost performance with greater accuracy owing 

to predictive power of Random Forest 

Regressor. 

 

    IV. PROPOSED METHODOLOGY 
 

The Architectural diagram of our proposed 

solution. We have two types of roles i.e. Trader 

and Bot. The Trader has access to trade orders, 

viewing market statistics, setting up a day trade 

strategy via the bot and manage their account. 

The Bot will be validating and placing trades as 

per market and user statistics, will be sending 

notifications, and have access to user wallet to 

execute trade orders. A few special features 

have been listed on top in the diagram. 

 

 

 

 

                                                 Figure 7 : 

Architectural Diagram for Crypto Trading Bot 

A Data Pre-processing 

               Data pre-preprocessing is applied on 

the dataset to get Intraday movements to pass 

into Random Forest Regressor.  
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 a.We drop all other columns except Date 

and Close price. 

 b.To determine the actual trading signal, 

we assume that we traded on a prior 

days close price, this is done by lagging 

the data by 1 day. We create a lag for 41 

days. 

 c.We then clean the dataframe by 

dropping any NULL values. 

 d.Dataset is split as [0:33] data into X 

(inputs) and the rest into Y (outputs) 

 B. Splitting dataset into Test and Train dataset  

          Dataset spit into Training and Testing in 

the ratio 60:40. Four variables i.e., X_train, 

X_test (for inputs) and Y_train, Y_test (for 

outputs) is created. 

C  Daily dataframe data set 

The table 1 below shows the results of the 

Bollinger band for the last thirty days. It is based 

on the daily time frame since every row in the 

table represent a different day. From looking at 

this chart we can see overall the RSI is quite high 

for this time frame. Together from the Table 

chart and from the Bollinger band, we can see 

that price action is a bit high from the mean; 

therefore, it is a bit oversold, so taking a daily 

trade won’t be a good idea. However, there is still 

profit to be made in the lower time frames. 

Together from the table chart in table 1 and from 

the Bollinger band we can reaffirm our 

hypothesis of the currency being oversold since 

it is touching the top band the RSI is quite high.  

 

                        Table 1 Daily Table 

D : Hourly time frame data set 

             From Figure 8, we can see that the RSI 

situation has changed in the hourly time frame. 

For example, the RSI score has stopped being in 

the upper 70s and moved down under to the 50 

and 60s. This is a good sign because now we can 

see that the momentum has slowed down a bit. 

Therefore, it is a good place to enter into a 

position.  

 

Figure 8 Hourly  RSI  
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Table 2 confirms the appropriate market 

conditions. If we look at the chart, we can see 

that the RSI is falling as the closing price gets 

closer to the lower band.  

 

 

                    Table 2 Hourly Table 

As the marketing conditions are right, this would 

be the appropriate time to enter a trade. 

Therefore, the bot enters into a trade at the price 

of 59.08. I hold the price for a few hours and then 

sells the price of 59.67. Therefore, it exits its 

position at the 1% profit margin. Therefore, it was 

a successful trade. It made another trader at 59.34 

when the market made a pullback. It then sold at 

59.55. 

 

E. Predicting the Results 

         We predict the results of the test set with the 

model trained on the training set values using the 

regressor.predict function and assign it to 

predicted . 

 

F. Integration of Financial Strategy Bot with 

Random Forest Model  

Python Bot is coded which connects with a Paper 

Trading account via API. The strategy parameters 

are entered by the user , and once the Bot starts 

trading it will continue to do so until either Stop 

Loss is reached, Market is closed or User sends a 

Stop signal to Bot.  

The Bot constantly checks Market conditions and 

current Positions in the market to decide its 

action. The Random Forest model is integrated as 

a joblib file with the bot and the Bot is made to 

take its decision on the basis of prediction from 

the model as well as the financial strategy. 

 

                    V. EVALUATION 

Random Forest Regressor Model for Trading 

Analysis  Evaluation Metrics – 

1. Explained Variance Score - Explained 

variance regression score function. Best 

possible score is 1.0, lower values are 

worse. 

                                         

                   

 
 

2. R^2 Score - computes the coefficient of 

determination. 

 

                         

 
3. . Mean squared logarithmic error - 

computes a risk metric corresponding to 

the expected value of the              squared 

logarithmic (quadratic) error or loss. 

 

     

                               

4. Random Forest Regressor Score - Return the 

mean accuracy on the given test data and 

labels.                

                              regressor.score(X_test, y_test)                           

Mean accuracy of self.predict(X).y 
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                   VI. RESULT 

 
1. Evaluation based on Metrics –  The Table 

shows the performance of our model 

against the evaluation parameters 

discussed earlier. 

 

2. Random Forest Regressor Model: 

Random Forest Regressor Model for 

Trading Analysis ! (Red: Actual Stock 

Price Movement, Blue: Bot predicted 

Stock Price Movement) 

 

3.  Backtesting Moving Average Crossover 

strategy - Table 3 shows the Back 

Testing results against parameters of 

Strike Rate and Profit Earned for 1-year 

and 10-year duration. 

 

Table 3: Moving Average Evaluation 

 

The Fig 9 shows the plotted graph of Moving 

Average Strategy for 1-year and 10-year duration 

depicting the behaviour of bot against actual trade 

movement. 

                                                             

 

 

   1 year chart 

 

 

 

 

 

 

 

 

      

  10 year chart 

 

 

 

 

 

 

 

 

          Figure 9: Moving Average Back testing 

4. Back testing RSI  strategy -Table 4 shows the 

Back Testing results against parameters of Strike 

Rate and Profit Earned for 1-year and 10-year 

duration. 

               Table 4: RSI Evaluation 

  

 

                                 1 year chart  

      

 

 

 

 

 

 

 

 

 

 

 

DURATION  STRIKE RATE  PROFIT EARNED  

1 year  26.3157%  $ -2053.89  

10 years  31.0924%  $ -7859.13  

DURATION  
STRIKE 

RATE  

PROFIT 

EARNED  

1 year  77.78%  $ 820.8  

10 years  53.85  $ 1993.43  
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                                      10 year chart  

               

 

 

 

 

 

 

 

              

 

 

 

 

                  VII. CONCLUSION  

Algorithmic trading Bot not only provides 

Security, Cost, and Speed but is also a 

revolutionary technology for the future financial 

markets and economy. Algorithmic Trading Bot 

makes it easier for both new traders as well as 

established ones in getting profitable outcomes 

with minimized effort, time and loss.The 

integration of Financial Knowledge with 

Machine Learning is a demand of future Trading 

and enhances both Performance and Revenue. 
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