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Abstract  

In recent years an incredible progress has been made in the field of artificial intelligence, 

deep learning and machine learning. There are various applications of machine learning in 

economics today such as virtual personal assistants, predictions while commuting, videos 

surveillance, social media services, email spam and malware filtering, online customer 

support, etc. Machine learning or data mining techniques are used with some success for 

predicting stock prices and are gaining popularity in recent years. However, prediction of 

financial markets is a very difficult task because factors that influence stock price formation 

are complex and hard to predict. The main factors are political situation, expectations, 

economic conditions and unexpected events. In the process of predicting stock prices the most 

common approach is to use historical time-series data. This paper contributes to this 

important field of research. The aim of the paper is to use machine learning tools in Nasdaq 

Composite stock market index prediction. For that purpose an open source machine learning 

software Weka was used accompanied with its algorithms (Linear regression, Gaussian 

Processes, SMOreg and neural network Multilayer Perceptron). Multilayer Perceptron is a 

feed-forward artificial neural network composed of multiple layers or perceptrons. The 

prediction of close price of Nasdaq stock market index was made for 15 working days, in the 

period from the January 3rd to the January 24th 2020 using training data for the past five 

years. The dataset contained data for 7 attributes: open price, high price, low price, close 

price, adjusted close price and volume of transactions. The performance of aforementioned 

data mining techniques was evaluated using standard statistical error measures, MAE, MSE, 

MAPE and RMSE. Actual and forecasted values of Nasdaq stock market index are then 

compared with calculated difference between these two values. Machine learning technique 

that has the smallest errors can be accepted as the most accurate one or best suited to data. 

The results of the analysis have shown that vector machine SMOreg is the most accurate 

method for predicting the close prices of the Nasdaq stock market index. On the other side, 

neural network Multilayer Perceptron and algorithm Gaussian Processes were ranked lower 

on the precision scale. Limitation of the paper is related to the analysis of only one major 

stock market index so the results of the analysis should not be taken as final. Therefore, 

further investigation should be made in this field by analysing other stock market indexes or 

individual stock prices in order to get more conclusive results. Although a prediction of stock 

price movements is a very difficult task, finding a best prediction method can be helpful to 

investors when making decisions about their actual buy-sell strategy.  
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Introduction  
 

Artificial intelligence studies developments of software and intelligent machines that can 

perform tasks such as reasoning, learning and gathering information. Artificial intelligence 

came into existence in 1955. The term “artificial intelligence” was coined by John McCarthy, 
known as a father of an artificial intelligence. Although it was originally founded by computer 

scientists in the 1950s artificial intelligence has become a multidisciplinary field with 

applications in nearly every aspect of human life, Evans (2013). Artificial intelligence is a 

subfield of computer science including creation of intelligent machines and software that 

works like human beings. Major artificial intelligence areas are expert systems. They are 

applicable in speech recognition, natural language processing, computer vision and scene 

recognition, robotics and sensory systems, business and finance, gaming industry, Kamble & 

Shah (2018). Machine learning is a current application of artificial intelligence concerned 

with discovery of models, patterns and other regularities in data (Kulkarni & More, 2016). 

Types of machine learning are supervised learning, unsupervised learning, reinforcement 

learning and recommendation systems Das et al (2015). Data mining has been applied to stock 

market since 1980s, Kaur & Mangat (2012). Big data analytic techniques associated with the 

machine learning and deep neural networks are increasingly having important role in stock 

market prediction, Zhong and Enke (2019). Neural networks have received a great deal of 

attention due to their ability to solve difficult problems. They are suited to find accurate 

solutions in a complex, noisy and partial information environment, Grudnitski & Osburn 

(1993). Stock prices as time series are non-stationary and highly noisy because they are 

affected with variety of factors. Predicting stock prices in that surrounding is usually subject 

to large errors, Wang, Wang, Zhang & Guo (2011). Ability to predict stock market price is 

crucial for investors to maximize their profit with data mining techniques successfully 

generating high forecasting accuracy of stock price movement, Ou & Wang (2009). 

Predicting the direction of stock price changes is very important as it contributes to the 

development of efficient strategies for stock market transactions, Oliveira, Nobre & Zarate 

(2013). While prediction of stock market is regarded as a challenging task, data mining is well 

founded in theory that historic data contain the essential memory for predicting the direction 

of future stock price movements, Kannan, Sekar, Sathik & Arumugam (2010). The aim of 

this paper is to use machine learning tools in Nasdaq Composite stock market index 

prediction. For that purpose an open source machine learning software Weka was used 

accompanied with its regression algorithms Linear regression, vector machine SMOreg, 

Gaussian Processes and artificial neural network Multilayer Perceptron. The prediction was 

made for future 15 working days in the period from January 3rd 2020 to January 24th 2020. 

Training data were gathered for the period of almost five years, from the January 27th 2015 to 

the January 2nd 2020. The performance of Weka’s machine learning tools is then evaluated 
using MAE, MSE, MAPE an RMSE error metrics.  

 

Paper is structured in five chapters. After the introduction, literature review elaborates on 

application of machine learning tools and neural networks in stock price prediction. In the 

methodology and data section the main characteristics of data and its preparation for analysis 

are explained in detail along with the description of algorithms and neural network used in the 

forecasting process. In addition, the short description of error metrics used is presented. In 

results and discussion section the evaluation of close price on training data using all 

algorithms and statistical error metrics is displayed and elaborated afterwich the actual values 

of Nasdaq index are compared with the predicted (forecasted) values according to the Weka’s 
machine learning tools. Final chapter presents concluding remarks. 
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Literature review 
 

In this chapter the chronological literature review of empirical investigation on application of 

machine learning tools and neural networks in stock price market prediction will be displayed 

and elaborated. Ryll & Seidens (2019) surveyed more than 150 articles related to application 

of machine learning tools in financial market forecasting. A comprehensive study which 

classified different algorithms and ranked them according to their performance has shown that 

machine learning algorithms tend to outperform most of traditional stochastic methods in 

financial market forecasting. Fernandez-Rodriguez, Gonzalez-Martel & Sosvilla-Rivero 

(2000) investigated the profitabiliy of a simple technical trade rule based on artificial neural 

networks by applying it to the General Index of the Madrid Stock Market. It was shown that 

technical trading rule was always superior in regards to the buy-and-hold strategy for both 

bear and stable market events. Cao, Leggio & Schniederjans (2005) used artificial neural 

networks for stock price movement prediction on the Shanghai stock exchange. The results 

have shown that univariate and multivariate neural networks have outperformed the linear 

predictive models. Vanstone, Finnie & Tan (2005) evaluated the application of neural 

networks in the Australian stock market. The neural networks have been trained using 

fundamental company data and have been capable of producing economically significant 

results. Armano, Marchesi & Murru (2005) used hybrid genetic-neural approach for time-

series forecasting. Stock market forecasting system has been implemented and tested on two 

stock market indexes with results pointing to good forecasting capability of the approach 

outperforming the buy and hold strategy.  

 

De Faria et al (2009) predicted the Brazilian stock market using neural networks and adaptive 

exponential smoothing methods. The objective was to compare the forecasting performance 

of both methods and evaluate the accuracy to predict the sign of market returns. The results 

have shown that both methods produced similar results regarding the prediction of index 

returns. Bildirici & Ersin (2009) improved forecasts of GARCH family models with the 

artificial neural networks in evaluating the volatility of daily returns in Istanbul Stock 

Exchange. The artificial neural networks and extended versions of the obtained GARCH 

models improved forecasts results significantly. Liao & Wang (2010) investigated the 

statistical properties and fluctuations of the Chinese stock index. In the paper a promising data 

mining technique in machine learning has been proposed as well as introducing the Brownian 

motion in order to have random movement while maintaining the original trend. Hsieh, Hsiao 

& Yeh (2011) presented an integrated system where wavelet transforms and recurrent neural 

network are combined for stock price forecasting. The study produced simulation results for 

several international stock market indexes, such as Dow Jones Industrial Average Index, 

London FTSE-100 Index, Tokyo Nikkei-225 Index, etc. The results have demonstrated that a 

proposed system is highly promising and can be implemented in a real-time trading system 

for forecasting stock prices.  

 

Kara, Boyacioglu & Baykan (2011) developed two efficient models based on artificial neural 

networks and support vector machines comparing their performance in predicting the daily 

Istanbul Stock Exchange National 100 Index. Experimental results showed that the 

performance of models was in the range of 70% to 75% of correct predictions. Computer 

science plays a vital role to solve the problem of stock market prediction, Iqbal, Ilyas, 

Shahzad, Mahmood & Anjum (2013). Data mining and artificial intelligence used techniques 

such as decision trees, rough set approach and artificial neural networks to tackle this 
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problem, Al-Radaideh, Assaf & Alnagi (2013). In reality it is impossible to correctly predict 

the absolute value of stocks on a daily basis but one could have enough indicators to forecast 

the trend with significant accuracy, Huang & Lin (2014). Technical indicators play an 

important role in predicting future trends so the accuracy of them should be specified. 

Machine learning has been used to increase the accuracy of this indicators, Emami (2018). 

Chopra, Yadav & Chopra (2019) investigated stock market price prediction ability of artificial 

neural networks before and after the demonetization in India on a sample of nine stocks. 

There was high efficiency of neural networks designed. Many studies have been performed 

for the prediction of stock index value, yet almost everyone had their own weaknesses, Garg 

& Vishwakarma (2019). Raso & Demirci (2019) tackled the problem of forecasting the 

Turkish Stock Market BIST 30 index with the help of historical index price data. Based on the 

results obtained, the authors argued that using deep neural networks is advisable for stock 

market index prediction.  

 

 

Methodology and data 

 

In this paper the close price value of Nasdaq Composite index is predicted for 15 days using 

open-source machine learning software Weka, University of Waikato (2020). Weka is a 

collection of machine learning algorithms for various data mining tasks. It contains tools for 

data pre-processing, classification, regression, clustering, associate rules, visualization and 

forecasting. There are several studies using Weka for stock price prediction such as Kumar & 

Balara (2014), Sumam (2016) and Kulkarni & More (2016). Nasdaq Composite is a stock 

market index of the common stocks and similar securities listed on the Nasdaq stock market. 

The data for the Nasdaq index are downloaded from the Yahoo Finance website, 

Yahoo!Finance (2020). The dataset contains daily historical data of Nasdaq Composite index 

for 7 attributes: open price, high price, low price, close price, adjusted close price and volume 

of transactions. For the purpose of the analysis data on 1243 working days or instances in the 

period from January 27th 2015 to January 1st 2020 were provided. This dataset will serve as a 

training data for Weka artificial neural network for predicting close stock price of Nasdaq 

Composite index.  In Table 1 is presented basic descriptive statistics of data. 

 

Table 1: Descriptive statistics of data  

 

Variable/Stat. Minimum Maximum Mean StdDev. Obs. 

Open 4,218.81 9,049.47 6,328.277 1,274.046 1243 

High 4,293.22 9,093.43 6,360.562 1,279.443 1243 

Low 4,209.76 9,010.89 6,292.512 1,267.208 1243 

Close 4,266.84 9,092.19 6,329.322 1,273.717 1243 

AdjClose 4,266.84 9,092.19 6,329.322 1,273.717 1243 

Volume 149,410,000 4,534,120,000 2,008,692,027 396,734,013 1243 

 

Source: Author's calculations 

 

In the Figure A1 in Appendix is displayed graphical presentation of attributes. There are 6 

numeric attributes and one date attribute. For the purpose of the analysis data are converted 

from .xls format to .csv and .arff formats. The detailed process of data and software preparing 

and modelling can be found in Medić (2019). Here are presented only few rows of commands 

of data preparation for .arff file:  
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@relation Nasdaq 

 

@attribute date date "yyyy-MM-dd" 

@attribute open numeric 

@attribute high numeric 

@attribute low numeric 

@attribute close numeric 

@attribute adjclose numeric 

@attribute volume numeric 

 

@data 

2015-01-27,4698.229980,4721.870117,4659.830078,4681.500000,4681.500000,1954160000 

2015-01-28,4740.689941,4742.060059,4637.479980,4637.990234,4637.990234,2118680000 

2015-01-29,4635.729980,4688.410156,4601.759766,4683.410156,4683.410156,2110710000 

2015-01-30,4671.209961,4703.810059,4631.100098,4635.240234,4635.240234,2264230000 

2015-02-02,4650.600098,4676.689941,4580.459961,4676.689941,4676.689941,2006450000 

… 

 

In Figure 1 is illustrated system framework for stock price prediction containing input stock 

market data and attributes, lags, time stamp and periodicity which are fed into system to 

forecast data. 

 

Figure 1: System framework  

 
Source: Author's illustration according to Patel (2019) 

 

Regression techniques applied to make predictions are Linear regression, Gaussian processes, 

SMOreg vector machine and neural network Multilayer Perceptron (MLP). Linear regression 

is a simple regression algorithm that works by estimating coefficients that best fit the training 

data. The performance of this method can be reduced if the input attributes are highly 

correlated. Gaussian processes is a regression method for collecting variables with a joint 

Gaussian distribution and is usefull tool in a non-linear multiple variate interpolation. 

SMOreg supports the vector machine for regression. It is sequential minimal optimization 

algorithm developed by Alex Smola and Bernahard Scholkopf. Multilayer Perceptron is a 

feed-forward artificial neural network composed of multiple layers or perceptrons. Multilayer 
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Perceptron has three basic layers. The first layer is the input layer containing the main 

information to be processed, the second layer is the hidden layer and third layer is the output 

layer. In hidden layer neutrons create weighted connections using activation function in order 

to obtain the output. The Multilayer Perceptron has a feed forward based architecture and is 

trained with the help of back propagation training algorithm which belongs to a supervised 

learning method, Nemeş & Butoi (2013). Its multiple layers distinguish it from the linear 

perceptron. In Figure 2 is illustrated a scheme of a Multilayer Perceptron with input layer, 

hidden layer and output layer. 

 

Figure 2: Scheme of a Multilayer Perceptron  

 

 
Source: Author's illustration 

 

In order to evaluate the performance of an aforementioned regression algorithms and neural 

network, Weka interface offers various statistical error measures: mean absolute error (MAE), 

mean squared error (MSE), root mean squared error (RMSE), mean absolute percentage error 

(MAPE), direction accuracy (DAC), relative absolute error (RAE) and root relative squared 

error (RRSE). In the paper, four error measures were selected, namely MAE, MSE, RMSE 

and MAPE which were chosen as the most common error measures used for performance 

evaluation (Equations 1-4). 

   

                                                    !"# = $
%& |'() * ')|%+,$                                   (1)   

 

                    -" = $
%& .'() * ')/0%),$                               (2) 

 

                                                   !1" = $
%& 23(45343(4 2%+,$                                (3) 

 

                            6 -" = &7$%& .'() * ')/0%),$                                                 (4) 

where '() is the predicted value and ') is the observed value for the number 8 of observations. 

The procedure for predicting the close stock price of Nasdaq Composite index for the next 15 
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days is as follows. Firstly, regression algorithms and Multilayer Perceptron will be used in 

order to forecast close stock price of Nasdaq index. After that the evaluation of the forecasts 

using MAE, MSE, MAPE and RMSE metrics will be presented and elaborated. Actual and 

forecasted values will be then compared by calculating the difference between these two 

values. Regression technique that has the smallest errors will be therefore accepted as the 

most precise one. 

 

 

Results and discussion 
 

In Table 2 are presented the results of evaluation of close price on training data (1243 

instances) using all four methods of forecasting. Training data include period from January 

27th 2015 to January 2nd  while actual data are related to the following 15 stock market 

working days, from January 3rd 2020 to January 24th 2020.  

 

Table 2: Evaluation of close price on training data, all methods, 1243 instances 

 

Target 1 step 2 step 3 step 4 step 5 step 

Linear regression 

N 1236 1235 1234 1233 1232 

MAE 49.0967 73.961 95.9065 116.0277 135.779 

MSE 4,704.3609 10,037.9398 15,919.6142 23,150.4816 31,277.6235 

MAPE 0.7861 1.1945 1.5622 1.9068 2.2515 

RMSE 68.5883 100.1895 126.173 152.1528 176.8548 

Gaussian Processes 

N 1236 1235 1234 1233 1232 

MAE 481.6078 701.876 892.8792 1,054.2876 1,175.9863 

MSE 350,374.6048 710,511.9663 1,102,962.941 1,483,107.823 1,791,279.1318 

MAPE 8.6689 12.4984 15.7169 18.3227 20.144 

RMSE 591.9245 842.9187 1,050,2204 1,217.8291 1,328.3868 

SMOreg 

N 1236 1235 1234 1233 1232 

MAE 44.7458 63.1283 76.8798 87.8212 97.5302 

MSE 4,264.1882 8,189.1239 11,767.5463 15,524.6924 19,206.3054 

MAPE 0.7119 1.0052 1.2234 1.4015 1.5547 

RMSE 65.3008 90.4938 108.4783 124.5981 138.5868 

Multilayer Perceptron 

N 1236 1235 1234 1233 1232 

MAE 72.7322 123.4043 169.5033 219.9036 269.8041 

MSE 7,716.466 20,617.6031 37,6223.3856 61,447.147 90,698.6259 

MAPE 1.1378 1.9202 2.6344 3.4048 4.1657 

RMSE 87.8435 143.5883 193.9675 247.8854 301.1621 

 

Source: Author's calculations 

Evaluation on training data is shown for the first 5 steps ahead. Periodicity was set to daily 

while time stamp was set to use an artificial time index with 95% confidence interval. Further 

calibration of the Multilayer Perceptron include the   number of hidden layers calculated as 
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the number of attributes and classes divided by 2. Learning rate was set to 0.3 while 

momentum applied to the weights updates was set as 0.2. Finally, the number of epochs to 

train through is 500. From the results in Table 2 it can be seen that SMOreg vector machine 

has the smallest error mistakes for all error metrics compared to other methods. After the 

SMOreg vector machine the best performance has the Linear regression algorithm while 

Multilayer Perceptron and Gaussian processes were ranked lower on the precision scale. It 

can be seen increasing trend in computed errors for all evaluations. There is a consisent error 

present for multiple-step predictions because when there is an error in the first step, that error 

continues to propagate to the future predictions.  The explanation is that each next calculation 

has embedded the mistake in it from the previous forecast so the errors cumulate. In Table 3 

are compared the actual and forecasted values for the following 15 days by calculating the 

difference between these two values.  

 

Table 3: Actual and forecasted values of close price, all methods 

 

Model Linear Regression Gaussian processes SMOreg Multilayer Perceptron 

Day Actual Forecast Diff. (%) Forecast Diff. (%) Forecast Diff. (%) Forecast Diff. (%) 

1 9.020,77 9.031,19 0,12 9.410,95 4,33 9.078,77 0,64 8.990,35 -0,34 

2 9.071,47 8.985,91 -0,94 9.660,16 6,49 9.076,13 0,05 8.916,34 -1,71 

3 9.068,58 8.956,45 -1,24 9.938,67 9,59 9.077,78 0,10 8.879,29 -2,09 

4 9.129,24 8.921,34 -2,28 10.267,51 12,47 9.073,90 -0,61 8.821,41 -3,37 

5 9.203,43 8.894,87 -3,35 10.634,16 15,55 9.067,77 -1,47 8.755,15 -4,87 

6 9.178,86 8.879,09 -3,27 11.007,87 19,93 9.067,93 -1,21 8717,06 -5,03 

7 9.273,93 8.864,62 -4,41 11.368,97 22,59 9.066,10 -2,24 8685,47 -6,35 

8 9.251,33 8.852,41 -4,31 11.693,63 26,40 9.064,27 -2,02 8646,69 -6,54 

9 9.258,70 8.842,83 -4,49 12.003,06 29,64 9.062,91 -2,11 8.611,43 -6,99 

10 9.357,13 8.834,73 -5,58 12.276,61 31,20 9.061,63 -3,16 8.579,67 -8,31 

11 9.388,94 8.828,16 -5,97 12.500,65 33,14 9.060,17 -3,50 8.545,09 -8,99 

12 9.370,81 8.823,24 -5,84 12.668,28 35,19 9.058,97 -3,33 8.509,57 -9,19 

13 9.383,77 8.819,68 -6,01 12.777,91 36,17 9.057,82 -3,47 8.475,89 -9,68 

14 9.402,48 8.817,30 -6,22 12.829,39 36,45 9.056,74 -3,68 8.442,58 -10,21 

15 9.314,91 8.815,98 -5,36 12.824,41 37,68 9.055,74 -2,78 8.409,05 -9,72 

Average abs. difference (%) 3,95  23,78  2,02  6,22 

 

Source: Author's calculations 

 

In the last raw the average absolute difference expressed in percentages for the each method 

are calculated. The absolute value of difference was chosen in order to catch the magnitude of 

the errors between actual and forecasted value. The results are identical with those obtained in 

Table 2. SMOreg has been identified as the most accurate method for predicting the close 

prices of the Nasdaq stock market index. An average absolute difference for SMOreg vector 

machine was 2.02%, for the Linear regression 3.95%, for the Multilayer Perceptron 6.22% 

while Gaussian processes had the largest average absolute difference of 23.78%. In Figure 3 

are displayed the actual and forecasted values for all four methods of predicting stock prices. 

Figure 3: Actual and forecasted values  
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Source: Author's calculations 

 

It can be noticed that Gaussian processes has the largest deviation from the actual value 

predicting a much higher value of Nasdaq close price index in regard to the actual value. On 

the other hand, other machine learning techniques predicted the lower values of Nasdaq index 

in regard to the actual value. Results obtained by comparing the actual and forecasted values 

have been similar to the one obtained by evaluation on training data. In both case SMoreg 

vector machine has been identified as the best algorithm to tackle the problem of Nasdaq 

stock market index prediction.  

 

 

Conclusions 

 

The goal of this paper was to forecast the close price of Nasdaq stock market index for the 

future 15 days by using open-source machine learning software Weka and its algorithms and 

neural network Multilayer Perceptron. The performance of this techniques was evaluated 

using standard statistical error measures MAE, MSE, MAPE and RMSE. The results have 

shown that the vector machine SMOreg and algorithm Linear regression are the most accurate 

methods of prediction. On the other side, Multilayer Perceptron and Gaussian processes were 

ranked lower on the precision scale. Limitations of the paper are related to analysis of only 

one stock market index although on a satisfactory time frame. The prediction of stock prices 

using historical data corresponds to the technical analysis while fundamental analysis was left 

out from the framework. Therefore, the achieved performance of machine learning tools 

evaluated in this paper could be probably better with inclusion of stock index fundamentals in 

the form of different financial indicators, stock trading signals or news. The 

possible future directions of the research in this paper could go in the way of analysis the 

other major stocks market indexes and further optimization of algorithms used. Stock price 

prediction is one of the most complex issues in finance due to many factors that affect the 

stock price movements. However, the optimal prediction method could help investors in 

determining their actual best buy-sell strategy and maximizing their profit. 
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Figure A1: Graphical presentation of attributes 

 

 
 

Source: Author’s results, Weka interface   
 


