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Abstract 
Stock trading, one of the most common economic activities in the world where the values of 

stocks change quickly over time. Some are able to turn great profits while others turn great 

losses on stock trading. Being able to predict changes could be of great help in maximising 

chances of profitability. In this report we want to evaluate the predictability of stock markets 

using Artificial Neural Network models, Adaptive Neuro-Fuzzy inference systems and 

Autoregressive-moving-average models. The markets used is Stockholm, Korea and Barcelona 

Stock Exchange. We are using two test scenarios, one which consists of incrementing the initial 

25 days of training with 5 days until the end of the stock year, and the other one consisting of 

moving the 25 training days, 5 days until the stock year is over. Our results consists of showing 

how the predictions look like on the Stockholm market for all the methods and test scenarios 

and also show graphs of the error rate (percentage) of all methods and test cases in each of the 

markets. Also a table showing the average error of the methods and test cases, to be able to 

evaluate which one will perform the best. Our results shows that the ANFIS with at least 50 days 

of training will perform the best.  
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1. Introduction 
Stock trading, being one of the most common economic activities in the world is especially 

interesting due to the fact that the values of stocks change quickly over time. Some are able to 

turn great profits while others turn great losses on stock trading, and this is due to the nature of 

business. The will to stay on the winning side is great since nobody wishes to lose money, 

however it is not an easy task. The fact is that there are theories that imply the stock market 

being unpredictable due to the nature of people, meaning that stock market outcome could be 

based on the random walk hypothesis, in other words: market movements evolve as a random 

walk which cannot be predicted.[6]  However in the nature of our human minds, impossible is 

nothing, we keep trying to find patterns and explain everything.[3] This is one of the reasons to 

why we keep trying to find solutions to seemingly unsolvable problems, like trying to disprove 

the random walk hypothesis in market analysis.  

 

Knowing in what direction the market is going would be a great advantage. If it were possible to 

predict the exact future outcome of a stock market then it would give a great advantage and a 

chance to maximize return on investments and it would also it would aid in predicting economic 

instability and allow more time to prepare for such changes and reduce their impact on the 

economy.  

 

Today, there are many techniques for stock market analysis and prediction. Some build on 

simpler ideas such as fundamental analysis [2] and technical analysis [1], while others are far 

more advanced, employing ideas such as trying to model human like behavior in computational 

machines to recognise patterns and with this try to predict future outcomes of a market, so 

called time series data predictions. The methods built on the later are variants of artificial neural 

networks (ANNs).[4] Due to the fact that these methods are designed to be run in computational 

systems in order to make the predictions effective it makes them very interesting. Well designed 

methods with high accuracy and systems utilizing these methods would be much more efficient 

to use as an aid in financial investment planning in comparison to the thorough and time 

consuming fundamental analysis and technical analysis.[5] So are these methods 

implementable and are they accurate enough to be of good use?  

 

1.1 Question Formulations and Scope 

We wish to test some of the existing methods that are based on the ANN concepts in order to 

see whether or not they could be usable as an aid in decision making when it comes to 

investment planning. Some of the methods that are well established for time series prediction 

and hence interesting are the Nonlinear Autoregressive Exogenous Model(NARX), Adaptive 

Neuro Fuzzy Inference System(ANFIS) and Autoregressive Moving Average with Exogenous 

Inputs Model(ARMAX). We wish to implement these models and test each of them on real 

historical stock market data to measure their prediction accuracy. We also want to observe, how 

much data you need from the past to make a good prediction for up to five days in the future, 

using these prediction methods. This brings us to the following question: Is the future of a stock 

market predictable? If it is predictable then which of these available methods is the better choice 
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for implementation in terms of accuracy, and the amount of data you must possess in order to 

make a usable prediction of the stock markets future? 

 

2. Background 
Stock market prediction has been approached in a number of various ways such as the 

commonly used Fundamental Analysis [1] and Technical Analysis [2] where the companies’ 

activities and results are carefully analysed and evaluated as well as their stocks in order to 

predict the future value of the companies’ stocks. There are also methods that can predict the 

outcome of a stock computationally. These methods utilise complicated concepts such as 

machine learning and time-series data prediction. Most of these solutions try to mimic the way 

that the human brain functions in order to learn and “think” about the patterns that emerge on 

the stock prices. These methods and models are very complicated to formulate due to the 

aforementioned attempts of mimicking a human brain which is a scientific research area of its 

own. The other point that makes this a hard problem is machine learning, how to teach a 

machine and let it think on its own rather than just programming it to do exactly what it is 

programmed to do. Because these methods use these concepts and because this is a very hard 

problem from multiple perspectives it is a very interesting field for research. 

 

The approach that we focus on in this report is, from a computational perspective, time-series 

data prediction. There are already a number of methods for time-series prediction, some of 

which use Artificial Neural Network models [4] such as: NARX and ANFIS, also an 

autoregressive-moving-average model called ARMAX. As these methods are well evolved we 

chose to use them on real historical data in order to test the predictability of stock markets. 

These methods and models will also be evaluated and compared by how well they perform in 

terms of prediction accuracy on our chosen markets.  

3. Method 
We have implemented the NARX, ANFIS and ARMAX models, then ran the models through a 

set standard of testing scenarios. After running the scenarios, plots of the predictions in relation 

to the real data as well as the error rates of each function was assembled. The error rate was 

found through division between all predicted stock values and the original values of the stock 

markets and subtraction with 1, to get the actual percentage in decimal form. The questions that 

this report aims to answer will thereafter be answered and discussed in section 5 of this report 

followed by conclusions in section 6.  

3.1 Testing scenarios 

For all the different methods for prediction, a general training phase is needed. One of the 

scenarios included training from day 1 to 25 after which a prediction of 5 days ahead is made. 

This scenario was then iterated with an increment on the learning time with 5 days until the end 

of the stock year is reached, this is called a “non-moving prediction”. The other scenario was to 

have a 25 days learning phase followed by a prediction of 5 days ahead. Starting from day 1 

and iterating over the market by moving the starting day 5 days ahead until the end of the stock 
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year is reached. This scenario is called a “moving prediction”. Both of the scenarios are 

illustrated in Fig. 3.1 with their 3 first iterations in terms of training time and prediction time. 

 

For both of the scenarios the prediction period was 5 days forward from the last training day and 

while the training period changed in order to reveal whether the amount of training data would 

make the markets more or less predictable.  

 

The stock market data that was used is from year 2009-2010, a market year is 252 days and 

hence yields 252 data points per market to be used in our tests. The tests are to include 

training, either according to the non-moving prediction or moving prediction, and prediction of 5 

days after each training period. The predicted values were compared to the real values and the 

differences saved for error evaluation and comparison. For each method the non-moving 

prediction errors are plotted against the moving prediction errors. 

 
Figure 3.1 Illustration of three learning and prediction iterations for both scenarios. 

3.2 NARX 

NARX is a neural network model that, in order to predict a value of a time series, uses past 

values of the same series as well as the current and past values of an exogenous, external 

input series. The model is represented as the following mathematical formula: 

 

y(t) = f(y(t – 1), ..., y(t – d), x(t – 1), ..., (t – d)) 

 

y(t) represents the current prediction value and is a function of d past values of y(t) as well as d 

passed values of an external input data series. 

3.2.1 NARX setup  

To set up a NARX neural network model to be able to predict any values and to be used in the 

tests as specified in section 3.1 we first trained the network with a portion of historical data using 

the Lavenberg-Marquardt training algorithm [10] the NARX’s input and feedback delays were 

set to 1:2 and the hidden layer size was set to 10. 
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Figure 3.2 Illustration of the NARX setup. Figure by: Mathworks[13] 

 

Before any predictions the model was set as a closed loop as for the external feedback function 

to consist of passed predicted values instead of some external function. Predictions were then 

done in the closed loop NARX network as such. In accordance to the test scenarios the neural 

network is retrained and with new portions of training data before the next predictions are done. 

 

3.3 ANFIS 

ANFIS is a kind of a neural network with fuzzy logic principles. The fuzzy logic principles are 

described as logic which is approximated.  By using a hybrid learning procedure, constructing 

an input-output system with human logical rules and a demand for input-output paris. In the 

simulation of an ANFIS the model presented will be nonlinear functions, identifying nonlinear 

components in the time series which will make it able to predict a chaotic time series. A simple 

ANFIS system could have one x and one y input. In layer 1, there are a set of IF-rules which will 

generate a specific function f if the value of x s equal to A1, A1 or y is equal to B1, B2. In the 

second layer logical fuzzy rules will be applied, which will generate a weight for all input through 

layer 2. In the third layer the weight will be normalized. In the fourth layer the functions f will be 

multiplied with the normalized weight. In the fifth layer the weighted function will be summarized 

and given as the ANFIS output.[7] 

 
Figure 3.3 Illustration of a simple ANFIS system. 
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3.3.1 ANFIS setup 

To generate an ANFIS system one must provide the inputs, outputs and the influence between 

the input and output dimensions. In this case the inputs are days as the x-input and market 

values as y-output. The influence will therefore only be two numbers, describing the data 

cluster’s range between each other. In this case the influence was set to 0.5, which seemed to 

generate a better ANFIS system with more rules, than a ANFIS with for example 1 in influence.  

 

To train the ANFIS system, one would need a data set to train, a generated ANFIS system and 

epochs, which describes how many times the ANFIS will be trained with the data set. To create 

an output-anfis, which will be the prediction, one will also need checking data, to see how the 

trained ANFIS-system performs. The data set that were used was the stock market data and 

epochs set to 20, which seemed to give a better result than 20, but much more faster training 

phase than 30, while still not improving the error rate. 

3.4 ARMAX model 

In this section the model of choice is ARMAX, a model built upon an autoregressive-moving-

average model.[11] Generally an autoregressive-moving-average model will provide two 

polynomials, one stationary stochastic process for autoregression and another polynomial for 

the time series moving-average. In Matlab the structure of the ARMAX model is:[9]  

 

 
 

where A(q), B(q) and C(q) is: 

 

 

 

 
 

To create an ARMAX-model in Matlab, you need an input data set, where the value of the 

markets were used and the parameters of the order of the polynomial A(q), B(q) and C(q). 

However, C(q) is not used if the is only one input and one output.[10] The parameters A(q) and 

B(q) could have the maximal value of 3 and that yielded the lowest error, so that is what was 

used. 

 

The ARMAX model itself cannot make predictions, so the Matlab function “predict” was used. 

The prediction function needs three parameters, the model of choice, in this case the ARMAX 

model. A checking data to control the prediction and a constant K, which will be how many steps 

in the future the function should predict. For each step until K is reached, the prediction function 

will return a linear function.[11] The output in this case is the stock market values, and K is set 

to five, since it will be the amount of predicted days. 
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4. Results 
Following our standard testing scenarios the results are represented with graphs. First we 

illustrate how each of the methods predict market movements in relation to the real data, this 

was done on all markets for all methods, however for the sake of this report we only show the 

graphs of the methods tested on the Stockholm Stock Exchange. Next we show how each of 

the methods perform in comparison to the others on all three of the test markets by illustrating 

the prediction errors of each method for the market. 

4.1 NARX Predictions 

In this section the NARX prediction for the Stockholm Stock Exchange is illustrated following the 

test standards, stated in the methods section, illustrating the performance in accuracy of the 

NARX method.  

 
Figure 4.1: NARX Predictions on the Stockholm Stock Exchange for a period of one market year starting 

2009-01-01 

 

4.2 ANFIS Predictions 

In this section the ANFIS prediction for the Stockholm Stock Exchange is illustrated following 

the test standards, stated in the methods section, illustrating the performance in accuracy of the 

ANFIS method .  



11 
 

Figure 4.2: ANFIS Predictions on the Stockholm Stock Exchange for a period of one market year starting 

2009-01-01 

4.3 ARMAX modelling and forecasting 

In this section the ARMAX prediction for the Stockholm Stock Exchange is illustrated following 

the test standards, stated in the methods section, illustrating the performance in accuracy of the 

ARMAX method .  

Figure 4.3: ARMAX Predictions on the Stockholm Stock Exchange for a period of one market year 

starting 2009-01-01 
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4.4 Prediction Errors 

4.4.1 Stockholm Stock Exchange 

 
Figure 4.4: Prediction errors generated in all tests that were conducted on the Stockholm Stock Exchange 

historical data for a market year starting 2009-01-01  

4.4.3 Barcelona Stock Exchange 

Figure 4.5: Prediction errors generated in all tests that were conducted on the Barcelona Stock Exchange 

historical data for a market year starting 2009-01-01 
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4.4.3 Korea Stock Exchange 

 
Figure 4.6: Prediction errors generated in all tests that were conducted on the Korea Stock Exchange 

historical data for a market year starting 2009-01-01 

 

4.4.4 Average error rates 

Table 4.1 Presents the Average errors generated while testing the methods on the test data. 

 Stockholm Barcelona Korea 

NARX Non-moving(%) 1.8692 8.1380 5.1351 

NARX Moving(%) 2.7388 11.6134 10.2396 

ARMAX Non-moving(%) 5.3745 31.0515 29.2930 

ARMAX Moving(%) 7.5986 48.1302 38.8551 

ANFIS Non-moving(%) 0.2544 1.0376 0.8864 

ANFIS Moving(%) 0.6193 2.6360 1.8642 
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4.5 Result interpretation 

The results show, especially the ones generated by the ANFIS, that a stock market could be 

predictable. Ruling out the random walk hypothesis as briefly mentioned in  the introduction 

section. We clearly see that all our methods are able to generate some correct predictions, 

however some with far greater error rates than others, stating that the stock markets are 

predictable to some degree. 

 

Further the results show that the ARMAX is the worst method in all aspects. It has higher 

average error (Table 4.1) and can be up to 200-500% off the real value (Figure 4.4, 4.5. 4.6). 

This method is performed the worst in all markets. The reason behind this is because of the two 

polynomials ARMAX is built upon and also the linear prediction function that was used. NARX 

performed roughly 3-5 times better than ARMAX (Table 4.1), but still it has the same peaks as 

ARMAX, which could be up to 50% off the original value(Figure 4.4). The ANFIS method does 

not show any peaks and does have a constant error rate near a few percent (Figure 4.4, 4.5, 

4.6).  

 

The moving average of 25 days performed worse than the non-moving average method, where 

the reason is that it simply had too few days of training, however it did perform better than the 

non-moving method for the first 40-50 days in all markets for NARX, ARMAX and ANFIS. After 

these initial 40-50 days, the moving method is more accurate in the predictions. (Figure 4.4, 4.5. 

4.6). 

 

The best method used is ANFIS, which performs roughly 20-30 times better than ARMAX and 

roughly 5-10 times better than NARX. Also for the ANFIS, the moving perform better than the 

non-moving method. ANFIS performed the best in all the three examined stock markets. (Table 

4.1) 

5 Discussion 
As we clearly see in our results the stock markets, by implementing these advanced methods, 

seem to be predictable. Our results clearly show that the ANFIS approach is the best one for a 

stock market prediction, however this is more or less a proof of concept, whereas the ANFIS 

can predict, but without checking data it cannot forecast the unknown future. If this would be 

able to do forecasts, it would be an amazing tool allowing the ability to almost always invest in 

the right stocks. 

 

We do however not believe that the world economy would work very well with such a tool, since 

eventually everyone would be able to buy stocks that increase in value, and no one would buy 

the ones which are not forecasted to be increasing in value. Those not increasing in value would 

be sold and left for the ones forecasted to go up therefore decreasing even more in value. We 

do not believe that this would lead to a healthy economic situation, since investors could easily 

turn to listening to an all knowing tool rather than looking at the fundamentals of the company. 

This could in turn also make it hard for new companies to arise and take on an appropriate 

market share. So overall, tools for stock market forecasting would be nice to have, however 

tools like such could lead to rendering the stock market useless in terms of earning money as it 
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would stabilise the markets and perhaps even make these tools useless as well. In other words 

these type of tools used in a large scale could, even if they seem useful, make a lot of damage. 

 

Furthermore as the main goal of this report was to test the predictability of stock markets and 

the secondary goal was to give an overview of which of the three tested methods would be the 

best candidate for use in a prediction system. The emphasis was not put on optimising the 

methods with different parameters for different markets, rather we used standardised 

parameters over all markets and scenarios in order to test the market predictability in first hand 

rather than the methods themselves. There is room for improvement and further research could 

be done in optimizing the methods and neural network setups as to compare the methods in 

detail in order find the real winner. However as the timeframe for this report did not allow too 

wide of a perspective we had to narrow it down and exclude these optimizations, leaving them 

as a good suggestion for further research. 

6 Conclusion 
In conclusion, stock markets are predictable. There is however errors in the predictions and 

error means risk of loss of capital, so the use of these methods should be done with careful 

consideration on whether or not the risk is worthwhile. 

 

Furthermore our conclusions are that an ANFIS system trained for at least 50 days will perform 

best in terms of a five day stock market prediction in any of these three stock markets, and this 

method could be applied to any other stock market. We do believe that you can predict some of 

a stock market’s general movements, however the predictions will with the current setup never 

be 100% accurate. 
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