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Abstract 
 

The wide adoption of machine learning techniques in predicting stock prices has led to the emergence of many articles on the topic. 

Howev-er, a systematic review on the topic remains lacking. This paper provides a systematic review of the recent applications of ma-

chine learning techniques in the construction of stock prediction models. A framework is designed to classify and evaluate the relevant 

work in recent arti-cles based on the type of model, type of financial market, type of prediction technique, type of optimization approach, 

type of indicators, type of performance metrics, type of benchmark models and prediction results. It is observed that financial indicators 

are the frequently used input variables and different forms of machine learning techniques are integrated to predict the stock prices. There 

are 4 variables that im-pose significant influence on the prediction model, namely the type of input variables, type of prediction tech-

nique, type of optimization approach and number of analysis layer. Thus, the limitations and potential enhancement on the 4 variables are 

discussed so that optimal combinations will be established in future research efforts. 
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1. Introduction 

Stock investment is currently a widely studied research field as the 

digitization of stock trading has generated huge volume of real-

time data [26]. In 2016, there are 206.1 trillion shares traded 

through electronic order book and the total value of the stocks 

traded globally has reached a staggering figure of USD 86.5 tril-

lion [45]. The availability of large amounts of stock market data 

encourages researchers and financial experts to draw insights from 

these to produce lucrative financial returns and hedge against 

market risk. However, investors face difficulties in discovering 

new constructive insights from the data in the dynamic market 

environment. Ravi, Pradeepkumar and Deb [35] proposed that 

economic, social, industrial and geo-political factors will cause the 

financial time series data to be uncertain, noisy and incomplete, 

but asserted that the practical predictive quality of financial time 

series will generate huge financial gains. The efficient market 

hypothesis (EMH), a theory in financial economics proposed by 

[24] states that it is impossible to constantly outperform the over-

all market as stock prices will reflect all the relevant information 

in an efficient market. However, Malkiel [25] implied that the 

fluctuations in the strength of market efficiency would stimulate 

the short-term existence of predictable patterns in the stock mar-

ket, which will lead to the partial predictability of the future direc-

tion of stock prices. Patel et al. [31] suggested that the perfect 

information assumption of the strong form EMH unveils the pos-

sibility to predict the stock prices by using the data generated from 

market activities. The authors proposed that the prediction of stock 

trends or stock index is possible with the combination of efficient 

pre-processing of information acquired from stock prices and ap-

plication of appropriate algorithm, which has led to the emergence 

of many prediction algorithms to predict the behavior of stock 

prices. The four common methodologies for predicting the direc-

tion of stock prices are technical analysis, time series forecasting, 

data mining and machine learning. Technical analysis involves 

heavy utilization of charts to determine the trend of the stock [29]. 

Brockwell and Davis [8] stated that time series forecasting in-

volves fitting models on historical data and predict the future ob-

servations with the models. Traditional statistical models such as 

moving average model (MA), autoregressive model (AR), auto-

regressive moving average model (ARMA) and autoregressive 

integrated moving average (ARIMA) are the conventional ap-

proaches for time series modelling. The strong potential of the 

combination of technical analysis is demonstrated in [2] using 

historical stock data and ARIMA model in predicting short-term 

market trends. Data mining is the process of discovering useful, 

previously unknown interesting patterns in large datasets. The four 

main build blocks of data mining are association pattern mining, 

data clustering, data classification and outlier detection [1]. Ac-

cording to Awad and Khanna [3], the potential of data mining to 

decipher complex problems has led to the extensive application of 

data mining in multiple fields such as medicine, biological sci-

ence, engineering, social media and business intelligence. Data 

mining employs core machine learning algorithms for classifica-

tion, clustering, and dimensionality reduction. Chen and Hao [11] 

proposed that many different combinations of machine learning 

methods have been developed to predict the stock market due to 

the ability of machine learning to handle the random, chaotic and 

non-linear data of the stock market. Single classifiers models such 

as support vector machine (SVM), artificial neural networks 

(ANN), K-nearest neighbor (KNN) and logistic regression are 

frequently used in predicting stock prices [6]. Ensemble methods 

that combined multiple classifiers such as random forest, adaptive 

boosting and kernel factory may be applied to predict the stock 

market as they are proven to be the top performer in other domains 

such as credit scoring, customer churn behavior and social media 

analytics [4], [5], [30]. There are a limited number of comprehen-

sive literature reviews conducted on the subject of stock market 

prediction over the past few years. Kamley, Jaloree and Thakur 
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[21] reviewed the application of machine learning techniques in 

forecasting the performance of the share market, in which they 

discussed the significance of fundamental and technical indicators 

in predicting the stock market performance. However, they stated 

that extensive research on all machine learning algorithm is im-

practical, thus, they studied a few popular algorithms such as 

SVM, genetic algorithm (GA), ANN, decision trees and Bayesian 

network. The publication period of the presented techniques 

ranged from 2000 to 2015, but they did not describe the potential 

shift in the implementation of the techniques such as modifica-

tions and optimization approaches over the period of the 15 years. 

Patel et al. [32] presented a comparative study on different ma-

chine learning techniques such as random forest, ANN and naïve 

Bayes, in predicting 2 stock price indices (CNX Nifty and S&P 

Bombay Stock Exchange (BSE) Sensex) and 2 stocks (Infosys 

Ltd. and Reliance Industries) from the Indian stock markets. 

Nayak, Pai and Pai [27] analyzed the prediction accuracy of three 

models, specifically boosted decision tree, logistic regression and 

SVM in predicting the movement of the Indian stock market. The 

existing academic studies on machine learning techniques in pre-

dicting stock prices aim to answer various research questions but 

they are incompetent to answer the scarcity of a systematic up-to-

date review on the subject. Therefore, a review is undertaken in 

this article to organize analyses and summarize the state-of-the-art 

machine learning techniques in predicting the stock prices. The 

objectives of this review paper are: (1) to create a framework for 

effective comparison of the wide applications of machine learning 

techniques for stock market prediction, (2) to propose a systematic 

review of the existing literature, and (3) to investigate knowledge 

gaps and propose potential directions of future research. This pa-

per aims to contribute to the existing state of knowledge by identi-

fying, classifying and analyzing the machine learning techniques 

and input variables employed to predict the stock market. This 

paper also investigates the major limitations in the existing litera-

ture are investigated and a guideline for future research is pro-

posed. The paper is structured as follows: Section 2 presents the 

research methodology to identify the highly relevant existing re-

searches. Section 3 introduces the framework to classify the ma-

chine learning techniques employed to predict the stock market. 

Section 4 analyses and evaluates the machine learning techniques. 

Section 5 discusses the limitations in the existing models and pro-

vides future scope of study, while section 6 presents the conclu-

sion. 

2. Research methodology 

There are four stages to systematically review the existing litera-

ture, namely research definition, article searching, article evalua-

tion and research analysis. The structure of the systematic review 

is constructed by assimilating the essence of the systematic review 

methods proposed by [18], [22] [41]. 

2.1. Research definition 

The application of machine learning techniques in predicting the 

stock prices is the research interest of the paper. The objective of 

this review paper is to present a framework to classify and com-

pare the machine learning techniques and a system review of the 

techniques. The systematic review enables the determination of 

knowledge gaps and proposal of research scope in the future. The 

scope of the research focuses on academic articles on the applica-

tion of machine learning techniques for stock market prediction 

published with their full text publications from 2012. 

2.2. Article search 

Broad search terms such as machine learning, technical analysis 

and fundamental analysis are used to compile a list of articles to 

determine the highly relevant keywords to increase the rate of 

discovering relevant articles. The adjustment of search terms sub-

ject to the information in the list of primary articles. As a result, 

the search terms were finalized to K-nearest neighbor, support 

vector machine, artificial neural networks, logistic regression and 

random forest. Online databases such as ACM Digital Library, 

IEEE Computer Society Digital Library, Science Direct, Emerald 

Insight, ProQuest, Springer Link and Google Scholar are utilized 

as the source for articles. More than 120 articles were captured 

from the online databases. The reference information in the arti-

cles that fell within the defined research scope was used to expand 

the coverage of articles search to result in a total of 150 articles 

are obtained in this step. 

2.3. Article evaluation 

The articles identified were evaluated based on a set of criteria to 

determine the highly relevant articles. The defined criteria for 

selecting articles are the application of machine learning tech-

niques in building stock prediction models and the availability of 

performance metrics to assess the proposed prediction models. 

Articles without implementation of machine learning techniques 

in predicting the stock prices were categorized as unrelated arti-

cles and eliminated from the list. The significance of the imple-

mentation of machine learning techniques and the quality of per-

formance metrics were used to evaluate the remaining articles. 

The selected articles were then classified accordingly. 

2.4. Research analysis 

The selected articles are analyzed from different perspectives to 

understand the recent development of machine learning techniques 

in stock market prediction. Research gaps were established to 

identify the potential directions for future research. 

3. Framework classification 

The existing research works were classified based on the financial 

analysis techniques in which a table will be constructed to organ-

ize the analysis of the researches. A glossary of the abbreviations 

used in this paper is provided in the Appendix. 

3.1. Financial analysis technique 

Suciu [38], Hong, and Wu [17] proposed that there are [2] main 

stock analysis approaches. These are further described below. 

Fundamental Analysis: This form of financial analysis investigates 

the health and performance of a company by evaluating economic 

indicators. Fundamental analysis assumes that stock markets are 

not absolutely efficient, thus the company will not be priced accu-

rately all the time [38]. Graham [14] originally proposed that fun-

damental analysis will produce a quantitative value to compare 

with the current price of a security and determine whether the 

stock is undervalued or overvalued, which will be the basis for 

trading decisions. In the paper, the three essential elements of 

fundamental analysis identified were economy analysis, industry 

analysis and company analysis. Economy analysis studies the 

effect of macroeconomic factors such as exchange rates, consumer 

price index, gross domestic product, and money supply. Industry 

analysis estimates the value of a company by comparing the reve-

nue of the company to the prominent entities in the industry. 

Company analysis focuses on the value of a company by analysing 

the financial reports of the company with financial ratios such as 

working earnings per share, price-earnings ratio and debt-equity 

ratio. 

Technical Analysis: The foundation of technical analysis is con-

structed on three assumptions which are the market discounts 

everything, prices move in trends, and history tends to repeat itself. 

Technical analysis believes that the factors such as the company’s 

fundamentals, broad market factors and market psychology are 

incorporated into the price of the stock. Technical analysis as-

sumes that stock price is expected to continue a past trend instead 
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of moving unpredictably. The price movement is repetitive due to 

predictable market psychology such as fears or excitement. This 

form of analysis forecasts the direction of prices by examining the 

data generated from market activities, such as price and volume 

[47]. In contrast to the approach of fundamental analysis to meas-

ure the intrinsic value of a security, Teixeira and Oliveira [39] 

stated that technical analysis is dependent on the historical stock 

prices to predict the behaviour of the stocks. Hu et. al [18] identi-

fied that technical analysis can be characterized into 8 classes 

which are sentiment, flow-of-funds, raw data, trend, momentum, 

volume, cycle and volatility. Sentiment represents the market be-

haviour, flow-of-funds indicator investigates the strength of buy-

ing and selling, raw data explain the price patterns, trend is an 

indicator that identifies the stock price trends, momentum is an 

indicator to identify potential trend reversal by examining the 

velocity of price change, volume-based indicators determines the 

investing enthusiasm, cycle theories propose the periodic pattern 

of price movement, and volatility investigates the variation in 

stock prices. 

Classification of Reviewed Stock Prediction Model 

The reviewed stock prediction models will be analyzed in which a 

table will be constructed to organize the results. The procedures 

are further described as follow. 

Overview of the Classification Framework: The framework pro-

posed to classify the 25 selected articles consists of 6 elements, 

namely model, experiment object, prediction technique, optimiza-

tion approach, indicator and input variables. Model refers to the 

name of the proposed method, experiment object refers to the 

stocks or market indices for testing the model, prediction tech-

nique refers to the type of machine learning technique employed 

for prediction, optimization approach refers to the method to im-

prove the performance of the model, indicator refers to the type of 

input variables and input variables refer to the variables that will 

be applied in the model. Table 1 summarizes the classification of 

the reviewed articles, which comprises 5 variables namely, the 

analysis model, the experiment object to test the model, the ma-

chine learning techniques employed to build the model, the ap-

proach to optimize the model and type of financial indicator used 

in the model. 

Description of Reviewed Stock Prediction Models: There were 30 

stock prediction models constructed from 9 distinct machine learn-

ing techniques identified in Table 1 which are SVM, ANN, naïve 

Bayes (NB), adaptive boosting (AB), boosted tree decision (BTD), 

kernel factory (KF), K-nearest neighbour (KNN), logistic regres-

sion (LR), random forest (RF). The three most frequently used 

machine learning techniques are SVM, ANN and RF. 17 out of the 

25 articles employ SVM, 11 employ ANN and [5] employ RF to 

predict the price movement of stock market. The application of 

SVM reduces the likelihood of overfitting and globalize the opti-

mal solution [11]. Dunis et al. [13] explained that the ability of 

SVM to overcome some limitations of ANN such as the difficulty 

to interpret the analysis results has led to the preference of SVM 

over ANN. Chai et al. [9] stated that SVM outperforms ANN in 

generalization with structural risk minimization principle and in 

avoiding the local minima in training. [22] out of the 25 articles 

reviewed exploit optimization approaches such applying machine 

learning techniques for feature selection and parameter optimiza-

tion to increase the performance of the prediction model. Yu, 

Chen and Zhang [48] employ Principle Component Analysis 

(PCA) to extract efficient features to improve the accuracy of the 

SVM model. Inthachot, Boonjing and Intakosum [20] utilize GA 

to optimize the parameters of ANN. Only 1 of the 30 models was 

a multi-stage stock prediction model as proposed by [31]. Of the 

25 articles, 17 incorporated technical indicators, 4 incorporated 

fundamental indicators and 2 incorporated technical and funda-

mental indicators in the prediction model. 

 

 
Table.1: Classification of Proposed Stock Prediction Model 

Model Market 
Financial Indi-

cator 
Prediction Technique Optimization Approach 

BNNMAS [15] DAX Index F, T ANN BA 
FWSVM-FWKNN [11] SHCOMP, SZCOMP T SVM, KNN FW, IG 

GA-SVM [13] FTSE 100, ASE 20 O SVM GA 

EMD-LSSVM [13] CSI 300 Index F SVM EMD, SGS, PSO, GA 
CEFLANN [12] BSE SENSEX, S&P 500 T ANN EML 

NSVM-KNN [28] BSE Sensex, CNX Nifty T KNN Nil 

PCA-SVM [48] SHASHR F SVM PCA, RBKF, GS 
TBSM-SVR [46] 7 stocks (US) T SVM SRA, RBKF 

MLP-ANN [37] Dow 30 T ANN MP 

GA-ANN [20] Thailand's SET 50 T ANN GA 
BPNN [34] Nikkei 225 F ANN BP, GA, SA 

SVR, RF, ANFIS [10] Indian Stock Market T SVM, RF, ANN Nil 

GA-ANN [33]  Nikkei 225 T ANN GA 

LSSVM [16] S&P 500 T SVM 
FPA, BA, MCS, ABC, 

PSO 

ANN, LR, SVM, KNN, RF, 
AB, KF [6] 

5767 public companies (Europe) F 
ANN, LR, SVM, KNN, RF, 
AB, KF 

Nil 

LSSVM [42] CSI 300 T SVM GRBF 

SVM [40] CNX NIFTY T SVM Lin, Poly, HTK, RBF 

ANN-RS [7] Dhaka market T ANN BP 

PCA-SVM [43] KOSPI, HSI O SVM PCA 

1st Layer SVR 2nd Layer SVR-
ANN, SVR-RF, SVR-SVR [31] 

CNX Nifty S&P BSE Sensex T SVM, ANN, RF 2 stage fusion approach 

ANN, SVM, RF, NB [32] 
Reliance, Infosys, CNX Nifty, BSE 

Sensex 
T ANN, SVM, RF, NB TDDPP 

BDT, LR, SVM [27] ISM O BDT, LR, SVM Nil 

ERF [23] KOSPI T, F RF Weightage modification 

SVM [36] S&P 500 T SVM HTRBF 
VWSVM [49] 20 random stocks T SVM Fisher score 

 

4. Model evaluation 

A model was established to evaluate the existing researches in 

which a table is constructed to organize the analysis results. This 

section describes the evaluation framework and results of the re-

viewed prediction models. 

Overview of Evaluation Framework: There are [2] types of arti-

cles selected in this paper, which will be labelled as Class 1 (17 

articles) and Class 2 (9 articles). Class 1 consists of articles that 

proposed a prediction model and measure the performance against 
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other proposed benchmark models. Class 2 consists of articles that 

compare the performance of different models in predicting the 

stock prices. The performance of the proposed prediction model in 

the article will be measured with predefined performance metrics. 

There are 2 types of performance metrics used in all the reviewed 

articles to measure the performance of the prediction model, 

namely, profitability and prediction accuracy of the model. The 

measurement of profitability includes annualized return, rate of 

return and Sharpe ratio. The measurement of prediction accuracy 

includes accuracy, MAE, MSE, RMSE, NMSE, MAPE and F-

measure. MAPE, MSE, hit ratio and accuracy are the most fre-

quently used indicator to evaluate the prediction accuracy of the 

model in the 25 articles. However, only [5] articles used profitabil-

ity to evaluate the performance of the prediction model. Hu et al. 

(2015) emphasized on the importance of using profitability to 

measure the performance of a prediction model as profit is the 

main goal of an investor. Table 2 provides a summary of the eval-

uation findings of the 25 reviewed articles. 

 

 
Table.2: Evaluation of Proposed Stock Prediction Model 

Model Performance Metrics Benchmark Results 

BNNMAS [15] MAPE GANN, GRNN BNNMAS has the lowest MAPE 

FWSVM-FWKNN [11] MAPE, RMSE SVM-KNN 
The proposed model has lower MAPE, RMSE and outperforms 

SVM-KNN in the medium and long term 

GA-SVM [13] 
IR, AR (including 

costs), MD, CDI 

HONN, NBC, AR-

MA, MACD, BHS 

GA-SVM outperforms all benchmark models in terms of AR, 

CDI, and IR after transaction costs. 

EMD-LSSVM [13] NMSE, MAPE, HR WD-LSSVM 
EMD-LSSVM (parameters selected by GS) has the smallest 
NMSE, MAPE and highest HR. 

CEFLANN [12] Profitability SVM, NB, KNN, DT CEFLANN generates the highest profit 

NSVM-KNN [28] MSE 
FLIT2FNS 

CEFLANN 
NSVM-KNN outperforms all benchmark models. 

PCA-SVM [48] Prediction Accuracy Nil SVM classification method is accurate and efficient 

TBSM-SVR [46] Profitability 
PLR, PLR-SVR, 

PLR-BPN, SM 
TBSM-SVR outperforms all benchmark models 

MLP-ANN [37] Prediction Accuracy BHS 
MLP-ANN produced comparable results without parameter 
optimization. 

GA-ANN [20] Prediction Accuracy ANN-SVM 
GA-ANN performs better than ANN-SVM, but the prediction 

accuracy is not high. 
BPNN [34] MSE CBPM The proposed model performs better with parameter training. 

SVR, RF, ANFIS [10] MSE, MAPE CBPM ANFIS outperforms the other proposed models 

GA-ANN [33]  HR CBPM GA-ANN Type 2 performs better than GA-ANN Type 1 
LSSVM [16] RMSE SLS-SVM ANN The hybrid model, FPA-LV-SVM produced the lowest RMSE. 

ANN, LR, SVM, KNN, RF, AB, 

KF [6] 

AUC, Prediction Accu-

racy, Profitability 
CBPM RF outperforms the other proposed models 

LSSVM [42] Prediction Accuracy PNN, LDA, QDA LSSVM outperforms the benchmark models. 

SVM [40] Prediction Accuracy CBPM 
SVM is most suitable method for stock market forecasting prob-

lem. 

ANN-RS [7] Prediction Accuracy CBPM 
ANN-RS has 97% accuracy which outperformed the single 

ANN, RS models 

PCA-SVM [43] Hit Ratio 
SVM, ANN, PCA-
ANN 

The PCA-SVM slightly outperformed PCA-AAN and both 
models outperformed single SVM, ANN models. 

1st Layer SVR 2nd Layer SVR-

ANN, SVR-RF, SVR-SVR [31] 

MAPE, MAE, rRMSE, 

MSE 
CBPM 

The SVR-ANN outperformed the other proposed models. Multi-

stage analysis shows significant improvement in prediction 
accuracy. 

ANN, SVM, RF, NB [32] 
Prediction Accuracy, F-

measure 
CBPM NB with 90.19% accuracy outperformed other proposed models. 

BDT, LR, SVM [27] Prediction Accuracy CBPM BDT outperformed other proposed models. 

ERF [23] Prediction Accuracy RF 
ERF achieved higher average prediction accuracy, outperformed 

the RF 

SVM [36] AR, MD, SD, SR BHS 
The SVM model outperformed BHS in downtrend than uptrend 

in S&P 500 

VWSVM [49] RoR, MD BHS, SVM VWSVM outperformed BHS and SVM. 

 

4.1. Review result 

The systematic study of all the proposed prediction models pre-

sented in the 25 articles led to the discovery of 4 essential charac-

teristics of a stock prediction model which are the type of input 

variables, type of prediction technique, type of optimization ap-

proach and number of analysis layer. 

Type of Input Variables: Most of the studies employ technical 

indicators as the inputs of the prediction model. Hu et al. (2015) 

identified that the wide access to data required to form the tech-

nical indicators and strong profitability of technical analysis are 

the prominent drivers. The combination of various technical vari-

ables managed to produce different magnitudes of accuracy. Qiu, 

Li and Song [33] tested the hybrid Genetic Algorithm-Artificial 

Neural Network (GA-ANN) model with 2 different sets of tech-

nical variables. The authors concluded that GA-ANN Type 2 out-

performed GA-ANN Type 1 by achieving a hit ratio of 86.39%, 

thus, the combination of different technical indicators does pro-

duce significant impacts on the performance of the prediction 

model. However, the quantity of indicators does not secure better 

prediction accuracy of the model. Ballings et al. [6] incorporated 

more than 80 fundamental input variables in testing the single 

classifier and ensemble techniques, in which the authors conclud-

ed that RF was the top performer among the other proposed 

benchmark models. However, their best RF model failed to gener-

ate significant improvement compared to the principle component 

analysis-support vector machine (PCA-SVM) model proposed by 

[48] that incorporated only seven fundamental input variables and 

the empirical model decomposition-least square support vector 

machine (EMD-LSSVM) model proposed by [9] that incorporated 

ten fundamental input variables. According to Zbikowski [49], the 

inclusion of irrelevant variables may even influence the prediction 

model negatively. 

Type of Prediction Technique: The collection of a diversified set 

of input variables, on the other hand, is essential as Weng, Ahmed 

and Megahed [44] showed that the combination of heterogeneous 

financial data from multiple sources enhanced the performance of 

the stock prediction model. The type of underlying prediction 

technique is an essential element in building an accurate predic-

tion model. Ballings et al. [6] examined the prediction accuracy of 

benchmark single classifier techniques such as SVM, ANN, LR 
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and KNN and ensemble techniques such as AB, RF and KF. The 

findings were that the RF model generated the highest accuracy 

followed by SVM, KF and AB, proposing that ensemble tech-

niques are generally superior in predicting the stock prices. Patel 

et al. [32] demonstrated that RF prediction model without optimi-

zation generated the highest accuracy and outperformed ANN, 

SVM and NB. The performance of the prediction model can be 

enhanced with various optimization methods such as knowledge 

discovery process, feature selection and parameter optimization. 

Patel et al. [32] improved the efficiency of the proposed models 

with trend deterministic data preparation procedure to extract po-

tential trends from the technical indicators. Instead of direct de-

ployment of the technical indicators into the prediction model, the 

trends information was used for prediction. The procedure en-

hanced the prediction accuracy of the proposed models in which 

NB with an accuracy of 90.19% outperformed RF with an accura-

cy of 89.98%. 

Type of Optimization Approach: The authors utilized the new 

insights discovered were utilized in the reviewed work as the new 

input variables in the stock prediction model, which led to signifi-

cant positive results. Zbikowski [49] proved that the practice of 

feature selection will significantly enhances the accuracy of the 

prediction model. The author ranked the features by assigning 

Fisher score values to each feature. Information gain ratio is used 

in [11] to estimate the significance of the selected features and 

weighted each feature to reduce the prominence of insignificant 

features. The formation of hybrid models by combining multiple 

machine learning techniques through parameter optimization pro-

duces a higher prediction accuracy than a single machine learning 

technique model. The SVM model proposed by [36] performed 

better than buy and hold (B&H) strategy when there was a down-

trend in the S&P 500 stock exchange. [21] of the 25 articles pro-

posed hybrid prediction models and all the proposed models out-

performed the single technique benchmark models. The hybrid 

prediction model, artificial neural networks-rough set (ANN-RS) 

proposed by [7] achieved an accuracy of 97% and outperformed 

the single RS forecasting model and ANN forecasting model. 

However, the success of the proposed prediction model which able 

to outperform the benchmark models does not ensure a high pre-

diction accuracy. For example, the GA-ANN hybrid model pro-

posed by [20] outperformed the benchmark model, GA-SVM but 

only achieved an average prediction accuracy of 63.60%, which is 

the lowest among all the hybrid models with the same perfor-

mance metrics. 

Number of Analysis Layer: Patel et al. [31] proposed a 2-stage 

hybrid prediction model that consists of [2] layers of analysis. The 

authors used support vector regression (SVR) in the first layer of 

analysis. In the second analysis layer, a hybrid approach combin-

ing [3] machine learning techniques namely ANN, RF and SVR 

created 3 hybrid prediction models which are SVR-SVR, SVR-

ANN and SVR-RF. The future value of statistical parameters pre-

dicted in layer 1 are incorporated into the prediction models in 

layer 2. SVR-ANN outperformed the other benchmark models. 

However, there is only 1 out of the 25 reviewed articles that pro-

posed a multi-stage hybrid prediction model. 24 out of 25 re-

viewed articles proposed single layer consists of a machine learn-

ing technique or a combination of machine learning techniques. 

The model proposed by [31] analysed more information than a 

single layer model as different types of information are analysed 

in each layer, which contributed significantly in the prediction 

accuracy of the model. The multifunctional characteristic of the 

proposed 2-stage prediction model enabled the application of the 

underlying approach in multiple domains, such as forecasting the 

gross domestic product (GDP), energy consumption and weather. 

5. Limitation and future work 

There are 3 categories of limitations identified based on the analy-

sis presented in the previous section namely limitations in the data 

pre-processing process, limitations in the number of analysis lay-

ers in the prediction model and limitations in the selection of per-

formance metrics. The limitations are further described below. 

Limitations in Data Pre-Processing: The number of relevant input 

variables is a critical element in building a prediction model. Thus, 

a comprehensive set of variables is necessary so that more highly 

relevant variables can be identified through the data pre-

processing process. Aggarwal [1] asserted that the data pre-

processing phase is the most essential step in developing a robust 

analytics model. However, it is observed that this is often not giv-

en much attention in the 25 reviewed articles, as the authors posi-

tioned the analytical aspect as the focal point in their proposed 

prediction models. Data pre-processing affects the prediction ac-

curacy of the model. As an example, Qiu, Song and Akagi [34] 

emphasized that ANN is practical in predicting the stock market 

but was limited by the amount of noise in the financial data. Con-

sequently, Qiu, Li and Song [33] suggested that a data pre-

processing step was necessary to improve the accuracy of the pre-

diction model. Feature selection is very crucial in stock market 

prediction as different sets of input variables generate different 

levels of prediction accuracy. However, the emphasis on feature 

selection is light in most of the reviewed prediction models, as 

most of the 25 reviewed articles focused on parameter optimiza-

tion in the machine learning techniques. The ANN-based hybrid 

prediction model proposed by [15] proved the significance of 

parameter optimization in improving the prediction accuracy. 

However, [19] emphasized that removal of noisy input data will 

improve the performance of ANN-based prediction model. Thus, 

the implementation of data pre-processing improves the accuracy 

of the prediction model as the influence of irrelevant data will be 

reduced. 

Limitations in the Number of Analysis Layer: Of the 25 reviewed 

articles, only 1 multi-stage prediction model. In [31], the hybrid 2-

stage stock prediction model generated significant enhancement in 

prediction accuracy, in comparison with the single stage predic-

tion model. The concept of multi-stage analysis proposed by the 

authors in 2014 provides new insights to improve the prediction 

model, but the implementation of the multi-stage analysis concept 

is limited in the prediction models reviewed from 2014 to 2017. 

The scarce adoption of multi-stage analysis concept in the recent 

development of machine learning driven prediction models will 

impede the advancement of the model to achieve higher prediction 

accuracy. 

Limitations in the Selection of Performance Metrics: The wide 

variation in the performance metrics used to measure the predic-

tion model prevent the comparison of the different prediction 

model. All the 25 reviewed articles utilized different performance 

metrics to measure the accuracy of the model. Thus, the availabil-

ity of a fixed and comprehensive set of performance metrics is 

required for systematic comparison between different prediction 

models. In addition, the reliability of the accuracy of a prediction 

model will be validated by the diversity of performance metrics 

employed to measure the model. Unfortunately, 21 of the 25 arti-

cles used less than [3] performance metrics, and only [6] com-

bined profitability and accuracy factors to measure the perfor-

mance of the model. 

Future Directions: The detailed examination of the 25 articles 

enabled the identification of the shortcomings in each model, 

which led to great research potential in the construction of an ac-

curate and veracious prediction model. The development of poten-

tial methods to overcome the [4] limitations discussed in the pre-

vious section will be a significant research scope in the future. The 

adoption of data pre-processing steps as discussed in [1] to process 

the raw data of the prediction model will increase the quality of 

the input variables. There are [5] crucial data pre-processing steps, 

namely, data cleaning, data integration, data transformation, data 

reduction and data discretization. Data cleaning involves imputa-

tion of missing values, smoothing the noisy data and reducing 

inconsistencies in the data. The integration of different representa-

tions of data is required to form an aggregated set of data to be 

transformed, reduced and discretized. The employment of data 
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pre-processing in, prediction model will facilitate the identifica-

tion of highly relevant input variables. 

The development of multiple analysis layers in the prediction 

model is a feasible approach to enhance the performance of the 

prediction model as more information can be analyzed. Patel et al. 

[31] proved that the capability of the two-stage prediction model 

to analyze different in each stage of the model contributed signifi-

cantly to the accuracy of the model. Thus, the incorporation of 

multi-stage analysis concept in the research of stock prediction 

model will lead to the discovery of new insights as compared to 

the conventional single stage model configuration. 

The future research of a fixed and comprehensive set of perfor-

mance metrics in measuring the performance of the prediction 

model in essential to examine the performance of different predic-

tion models. The adoption of a set of standard performance met-

rics will facilitate the comparison between models. 

6. Conclusion 

The application of machine learning techniques in predicting stock 

prices is a crucial element in finance. This paper aims to study the 

recent development of machine learning techniques in the con-

struc-tion of a stock model from 2012 to 2017. A classification 

frame-work is established to organize the 25 reviewed articles to 

identify the characteristics of each model. There are [4] identified 

crucial vari-ables that influence the performance of a prediction 

model namely the type of input variables, type of prediction tech-

nique, type of optimization approach and number of analysis layer. 

The limitations and potential improvements on the [four] variables 

are discussed. Alt-hough the review in this paper cannot claim to 

be comprehensive, the paper will contribute to the state of 

knowledge to facilitate future research on the subject. However, 

the work can be expanded to include more than [7] online data-

bases to search for the articles and publications in languages other 

than English. 
Appendix 

AB Ada Boost 

ANFIS Adaptive network-based fuzzy inference system 

ANN Artificial neural network 

ANN-RS Artificial neural network & rough set theory 
BDT Boosted decision degree 

BNNMAS Bat-neural network multi-agent system 

BPNN Backpropagation neural network 

CEFLANN 
Computational efficient functional link artificial neural 

network 

EMD-LSSVM 
Empirical mode decomposing least square support 
vector machine 

ERF Enhanced random forest 

FWSVM-
FWKNN 

Feature weighted support vector machine & feature 
weighted K-nearest neighbor algorithm 

GA-ANN Genetic algorithm & artificial neural network 

GA-SVM Genetic algorithm & support vector machine 
KF Kernel factory 

KNN K-nearest neighbor 

LR Logistic regression 
LSSVM Least square support vector machine 

MLP-ANN Multilayer perceptron & artificial neural network 

 NSVM-KNN Naïve support vector machine & K-nearest neighbor 
NB Naïve Bayes 

PCA-SVM Principal component analysis & support vector machine 
RF Random forest 

SVM Support vector machine 

SVR Support vector regression 
SVR-ANN Support vector regression & artificial neural network 

SVR-RF Support vector regression & random forest 

SVR-SVR Support vector regressions & support vector regression 

TBSM-SVR 
Trend-based segmentation method & support vector 

regression 

VWSVM Volume weighted support vector machine 

 
Financial Indicator 

F Fundamental 

T Technical 

O Others 

Optimization Approach 

ABC Artificial bee colony 

BA Bat algorithm 

BP Backpropagation 

EMD Empirical mode decomposition 

EML Extreme machine learning 
FPA Flower pollination algorithm 

FW Feature weighting 

GA Genetic algorithm 
GRBF Gaussian radial basis function 

GS Grid search 
HTK Hyperbolic tangent kernel 

HTRBF Heavy tailed radian basis function 

IG Information gain 
Lin Linear 

MCS Modified cuckoo search 

MP Multilayer perceptron 
PCA Principal component analysis 

Poly Polynomial 

PSO Particle swarm optimization 
RBF Radial basis function 

RBKF Radial based kernel function 

SA Simulated annealing 
SGS Simplex grid search 

SRA Stepwise regression analysis 

TDDPP Trend deterministic data preparation process 

 
Performance Metrics 

AR Annualized return 

AUC Operating characteristics curve 

CDI Correct directional change 

HR Hit ratio 
IR Information ratio 

MAPE Mean average percentage error 

MD Maximum drawdown 
MSE Mean square error 

NMSE Normalized mean square error 

RMSE Root mean square error 
RoR Rate of return 

rRMSE Relative root mean square error 

SD Standard deviation 

SR Sharpe ratio 

 
Benchmark 

ANN Artificial neural network 

ANN-SVM Artificial neural network & support vector machine 

ARMA Autoregressive moving average model 
BHS Buy and hold strategy 

CEFLANN 
Computational efficient functional link artificial neural 

network 
DT Decision tree 

FLIT2FNS Functional link net and interval type-2 fuzzy logic system 

GANN Genetic algorithm neural network 
GRNN Generalized regression neural network 

HONN Higher-order neural network 

KNN K-nearest neighbor 
LDA Linear discriminant analysis 

MACD Moving average convergence divergence 

NBC Naïve Bayesian classifier 
NB Naïve Bayes 

PCA-ANN Principal component analysis & artificial neural network 

PLR Piecewise linear representation 

PLR-BPN 
Piecewise linear representation & backpropagation neural 

network 

PLR-SVR 
Piecewise linear representation & support vector regres-
sion 

PNN Probabilistic neural network 

QDA Quadratic discriminant analysis 
RF Random forest 

SLS-SVM Standard least square support vector machine 

SM Statistical model 
SVM Support vector machine 

SVM-KNN Support vector machine & K-nearest neighbor 

WD-
LSSVM 

Wavelet denoising least squares support machine 
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