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1. INTRODUCTION 

In the current state of the world acquiring a lot of money is not simple and living a life 

without the concern of economic welfare is not reached by the majority of people. As we 

observe individuals that are better off economically, they tend to have investments that are 

held valuably. The main goal of such investors is to have their investment return them profits 

fairly reliably to have their retirements early or make life easier for themselves when they 

retire.  

Therefore, we tried to build a model that would try to support investors on their 

investments to make better decisions. Due to its high volatility and the technical analysis on 

stocks (generally) not working on high intervals, we chose Bitcoin as our reference stock. We 

tried to implement an aspect of Technical Analysis (candlestick patterns).  

 

2. DATA 

 

The data that we are using is Bitcoin Price Chart. What we have in this chart are 

candlesticks that are representing the Time, Open, High, Low, Close and Volume of that 

particular moment in the market.  

 

We have all the historical data available in Binance database for Bitcoin. We are using the 

5-minute intervals to have more data to train and test on.  

 

 

Figure 1 : Stock Price Data Example 

For a candle, open means the price at the point of the start of time interval. High means the 

maximum value of the stock in that time interval. Similarly, low means the minimum value of the stock 

in that time interval. Close means the price at the point of the end of the time interval. Finally, volume 

means how many of total Bitcoin was traded in that time interval. Please see Figure 2 for 

representation of Bullish (stock price increasing) and Bearish Candles (stock price decreasing). 
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Figure 2: Candlestick Bars 

3. CANDLESTICK PATTERNS 

 

Candlestick patterns can be summarized by generalized movements of candles. They seem to 

occur every once in a while, and when they are seen, they are treated as a support or resistance 

indicators due to accumulated and learned knowledge. So, in a sense, they are learned behavior. There 

are lots of different usages of the candlestick patterns, but we are going to use them as they are 

implemented on TA-Lib package of python. 

 

 

Figure 3: CandleStick Patterns 

TA-Lib Library offers different functions on Technical Analysis, but we are only interested on 

candlestick patterns. We are going to use all the candlestick patterns that are available on TA-Lib. 

Please see http://mrjbq7.github.io/ta-lib/ for more information. 

http://mrjbq7.github.io/ta-lib/
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For our purposes, candlestick functions return 100,200, -100,100 values which represent a buying 

signal if return is bigger than zero and selling signal if return is smaller than zero. Buying will be 

expressed as Long and selling will be expressed as Short. 

 

4. DATA ANALYSIS 

 

We have the data between 17-08-2017 and 31-01-2022 for all 5-minute intervals. In total there 

are 466993 5-minute candles. However, we are not going to use all these data at once. Rather we are 

going to use a small proportion of this data because stock prices tend to move in a trend and trying to 

make sense out of the whole data for a small test part does not make sense for our case, since the 

method will over fit the trend and the results will be worse thereof.  

 

For ease of explanation, we are going to use the data between 2-12-2021 and 20-12-2021 and try 

to explain the model according to this data. In the conclusion part, we are going to explain the general 

results for the tests that we have done. 

There are 61 candlestick patterns that are available on TA-Lib. But not all occur on the data that 

we have chosen. However, sometimes more than one of the candle patterns occur. Please see 

Appendix 1 to see the individual pattern analysis. In the patterns analysis part, we are trying to find 

how many times the patterns occurred individually, what are their accuracy on their suggestions, how 

well they work with position taking mechanism and the accuracy on their positions.  

We create an accuracy tester that checks, if the price moved %0.5 percent in the next 14 bars as 

we desired. And we used a decision mechanism that, basically has properties below. 

 Open Position When Signal Comes 

 Create a Stop Loss when the price moves %1 the way we wanted and update the stop loss 

as the price moves the way we desired 

 Close position when either. 

I. Reverse position is offered 

II. We gain %20 profit 

III. We have %10 loss 

Before heading more into technical analysis part let’s view the data. 

 

Figure 4: Occurrence Analysis 

From Figure 4 what we understand is that in 1213 rows of total 5000 rows, that we chose for 

experimenting for this report, there are more than one long suggestions from the candlestick patterns. 

However, we can see that 442 of 1213 rows also has patterns that are suggesting short. Similarly, for 

Short, there are 851 rows that have more than one short suggestion but 322 of them also has long 

suggestions as well. What we understand from here is that there is no certainty on suggestions as 

expected. 
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To add more detail, if we look at the Appendix 1, we can see that some of patterns are only giving 

signals for one position which makes their accuracy to drop on decision making part. Thus, we divided 

the patterns into three separate groups: giving both signals, only giving long signals, and only giving 

short candles. Please check Appendix 2.1,2.2,2.3. 

 

5. METHODS 

 

As mentioned in the Data Analysis part, we use an accuracy tester and a decision tester to check 

how well our model will work. 

 

We’ll combine these testers with 3 methods to get to a model which will give us support on our 

decisions. 

 

 First, combine all the one-way suggester patterns with each other (one long suggesting pattern 

and one short suggesting pattern) to see if they work well and represent them as a+b. We do this 

because pattern suggestions lose sense when they can’t close the position. To ensure that the position 

is profitable we must make a decision to close the position. We tried to ensure that the positions are 

closing making the assumption that the combination of two pattern will work well together. We check 

the results and use the ones that seem to work. 

 

Second, we’ll use apriori to check if the decision gets stronger when two of patterns offer the same 

position and represent them as a*b. We do this because some patterns occur way too much and they 

tend lose its accuracy in the long run. Since the time series problem does not have a certain outcome 

it is very hard to predict what will happen but trying to get to a stronger connection between patterns 

can have more significant results in a sense make stronger decisions. 

 

And finally, we’ll use a ranking mechanism to make our decisions. We do this do have a stronger 

background on making decisions. Some of the patterns are working better on the given time interval 

and they should effect the decision making more. We decided to use the returns as their ranking to 

get to a better model. 

 

And finally run the new model on the train and test data to see how well the model worked for the 

chosen time interval. 

 

6. IMPLEMENTATION 

 

First, we get the groups that are mentioned in the data analysis part and check their accuracy on 

both decision making and opening position. Both position suggester group runs individually. Then we 

combine the only long suggester and the short suggester group, to see which combinations work great 

together. For our case, we assumed that the patterns which are gaining more than %10 as the 

successful patterns and we put them into a database. We chose them as significant patterns. Please 

see Appendix 3. 

 

Then, for the left-over patterns, we ran Apriori on these patterns to see if they get some useful 

information when used together. We get the patterns that occur in the same row (long or short does 

not matter for our case), we tried to get to a level of confidence where they worked well. Please see 
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Appendix 4 for Apriori results. We put the patterns which are successful (return bigger than %10) into 

significant pattern list. 

 

Finally, we basically ordered the significant patterns by their gained money values to create a 

ranking and deducted the ones that have less than 0.75 position accuracy and also deducted the ones 

that have the same results since apriori returned decisions that have the same properties from other 

patterns. 

 

With the rankings, we made assumption that we’ll open the positions that are offered by the 

significant patterns that are left. Please see Appendix 5. 

 

7. WHAT WE ALSO TRIED 

 

We also came up with the idea of checking if seeing more than one position is enough to say it is 

a correct position. However, this idea did not seem to make sense after testing. 

 

We tried to run Apriori by dividing the positions. This applied to very little part of the pattern set. 

However, in this position, there was also a need on combining short and long positions together again 

and this led to very high computation times, which is not desired considering this project is very time 

sensitive. 

 

8. RESULTS 

Now, we will check the model that we created for training data on the test data. We chose the 

next 1000 (almost 3.5 days) rows as the test data. What this means is that (our first time interval was 

5000 rows) we get a 5 to 1 train/test ratio. 

When we check the significant candlestick patterns individually (on test data), we see that their 

accuracy is great but they are not opening as many positions, thus we get less money. (considering our 

assumptions) 

 

Figure 5: Significant Pattern Tested Individually on Test Data 

When we used all the patternw given above together, we get the results below. 

 

 

Figure 6: First Test Results 
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Comparing on train data, these results does not seem that good since, the individual results look 

way better than the table results above. However, when we look at the test data, we see that we have 

more profit. The statement here is acceptable since we know the train data and we used that to train 

the model. So saying that it worked better is normal, but getting better results for unknown periods is 

what we wanted to achieve and in a sense it seems like we could do that here. 

For further analysis, we tried to use only the first three significant patterns and tested again. 

 

Figure 7: Second Test Results 

As we can see, the model works much better on train data. However, it works worse for the test 

data according to returns. Although, this seems like a worse solution when we look at the position 

accuracy, we can see that it improved and that would be a much desirable outcome for us. 

Please check Appendix 6 to see the trading mechanism results (for the results of a different test 

data) 

9. CONSLUSION 

To summarize, our goal was to create a system that would support us to make decisions on how 

the stock price will move. Using the candlestick patterns, we tried to achieve that goal. We tried 

different methods, but this was the best model that we could reach. So, the model that we are using 

can be explained as trying to understand how we can combine the candlestick patterns so that we can 

create a profitable indicator. We checked their combinations and tried to make sense of the candlestick 

charts that does not give reliable results. Overall, we have a momentum indicator that realizes the 

trend and try to come up with the combination of candlestick patterns that could give support to 

decisions. 

Although, the example results were not bad, there may be some improvements with the model. 

After lots of testing, our takeaways are listed below. 

 When the effects of significant candlestick patterns are not sensible on train data, model 

does not work on test data. So, it means that we will not make any decisions according to 

this model on that time interval 

 Apriori helped very little due to usage on unsignificant patterns. Maybe more extensive 

studies can be made on apriori (such as working on whole model) but since the significant 

patterns are already working goof, we did not think that using it for whole data set would 

make sense since apriori created duplicates of significant patterns 

 This model acted as a momentum indicator and should be combined with other technical 

analysis tools. It seems like it is not sensible to only depend on this model although it works 

good on some scenarios. 

 A better method can be reached by combining with shifting the rows. (if a pattern occurs 

and if the other occurs in 15 bars it supports it.) However, this seems to be very time 

consuming. 

 Sine the Long Suggesting patterns are more than Short Suggesting Patterns, sometimes 

changing positions can be problematic (for example, no short suggesting patterns in 

significant patterns), thus leading to loss of money 
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10. APPENDIX 

Appendix 1: All The Candlestick Patterns That Occurred 
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Appendix 2.1: Both Position Suggester Candles 

 

Appendix 2.2: Only Long Suggester Candles 

 

Appendix 2.3: Only Short Suggester Candles 
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Appendix 3: Significant Candle Pattern List 
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Appendix 4: Apriori Candle Pattern List 
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Appendix 5: Significant Candles from All Models 
 

 

Appendix 6: Trading on Different Test Data (Rows:420000-425000 for Train, 425000-

426000 for Test) 
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