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Abstract: LQ45 is an Indonesia Stock Exchange Index (ISX) incorporate of 45 companies that meet certain criteria 

to target investors for selecting certain stocks. The prediction of stock price direction in the financial world is a major 

issue. The implementation of machine learning and other algorithms for market price analysis and forecasting is a very 

promising field. Different types of classification algorithms were used to predict the stock market. However, when 

individual studies are considered separately there is no clear consensus that algorithms work best. In this research, a 

comparison framework is proposed, which aims to benchmark the performance of a wide range of classification models 

and use them to predict the LQ45 index. The data in this research contains the transaction level and capitalization size 

are obtained from the Indonesian Stock Exchange (ISX). For analysis purposes, we set out 10 classifiers that can be 

used to build classification models and test their performance in the LQ45 dataset. The performance criterion chosen 

to measure this effect is accuracy, recall, and precision. The results showed that the random forest algorithm had the 

best performance for predicting the LQ45 index. Whilst the classification and regression trees, C4.5, support vector 

machine, and logistic regression algorithms also perform well. Besides, the models based on traditional statistical-

based learners that are Naïve Bayes and linear discriminant analysis seem to underperform for predicting the LQ45 

index. These results are not only beneficial to enrichment the machine learning techniques literature but also have a 

significant influence on the stock market prediction in terms of the ability to predict the LQ45 index. 

Keywords: LQ45, Stock exchange, Stock price prediction, Machine learning. 

 

 

1. Introduction 

The stock market plays an important role in the 

development of the country. It offers investors an 

alternative investment and a source of corporate 

financing [1]. They have had a significant impact on 

many sectors, such as business, education, 

employment, technology, and thus on the economy 

[2-3]. Investment is the placement of the number of 

funds at a certain time in the hope of making profits 

in the future [4]. LQ45 is an Indonesia Stock 

Exchange Index (ISX) made up of 45 companies that 

meet certain criteria to target investors to select 

certain stocks [5]. LQ45 index is a calculation of 45 

stocks, which are selected through several selection 

criteria. Apart from assessing liquidity, the selection 

of these shares considers market capitalization. The 

LQ45 index contains 45 stocks adjusted every six 

months at the beginning of February and August. 

LQ45 index is one of the most popular and influential 

stock indices on the Indonesia Stock Exchange. 

LQ45 Index is a driving force for the Composite 

Stock Price Index, where the Composite Stock Price 

Index consists of all stocks on the Indonesian Stock 

Exchange. When the LQ45 index rises, the 

Composite Stock Price Index strengthens and vice 

versa. This is because the companies listed in the 

LQ45 index have good company performance. LQ45 

index also contains blue-chip stocks, which refer to 

large companies that have a stable income. Blue-chip 

stocks are in great demand because they are 

considered safe and promising stocks. LQ45 index 

provides an objective and reliable tool for financial 

analysis, investment managers, investors as well as 

capital market observers in monitoring the price 
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movements of actively traded stocks. The main 

objective of investors investing in listed companies is 

to increase the wealth obtained through stock returns. 

Therefore, LQ45 index prediction can be an initial 

screening in investing to select stocks that have the 

potential to provide profit in the future. Investors can 

make it a reference for investing in shares in the 

Indonesian capital market. 

Stock market prediction is an area of great interest 

due to the potential for very high returns on money 

invested in a very short period [6]. However, the 

analysis of stock market movements and price 

behavior is very challenging because of the dynamic, 

non-linear, non-stationary, non-parametric, noisy, 

and chaotic nature of markets [7]. Four approaches 

are widely used in stock market prediction techniques, 

which are statistics, pattern recognition, machine 

learning, and sentiment analysis [8]. 

Statistical techniques often assume linearity, 

stationarity, and normality provided a way to analyze 

and predict stock. Statistical techniques cannot be 

used to model the complexity and non-stationary 

nature of stock markets [9]. Pattern recognition 

techniques do pattern matching to identify future 

trends based on the historical template. Pattern 

recognition focus on the detection of pattern in data 

[10]. Patterns in stock markets are recurring 

sequences found in Open-High-Low-Close 

candlestick charts which traders have historically 

used as buy and sell signals. In general, pattern 

recognition techniques show promises but on their 

own do not give convincing results on stock 

prediction [11]. Sentiment analysis is another 

approach that has lately been used for stock market 

analysis [12]. It is the process of predicting stock 

trends via automatic analysis of text corpuses such as 

news feeds or tweets specific to stock markets and 

public companies. Sentiments can drive short-term 

market fluctuations which in turn causes a disconnect 

between the stock price and the true value of a 

company’s share. Over long periods, however, the 

weighing machine kicks in as the fundamentals of a 

company ultimately cause the value and market price 

of its shares to converge [8].  

Machine learning techniques are widely applied 

to stock market problems. They offer useful tools to 

predict noisy environments like stock markets, 

capturing their non-linear behavior [13]. Over the 

years, machine learning has played a vital role in 

predictions. Nowadays, machine learning techniques 

are used for predicting the stock market prediction. 

Particularly, for stock market prediction, the data size 

is huge, and also non-linear are used for stock market 

prediction. To deal with this variety of data efficient 

model is needed that can identify the hidden patterns 

and complex relations to deal with this variety of data 

efficient model is needed that can identify the hidden 

patterns and complex relations in this large data set. 

Machine learning techniques in this area have proved 

to improve efficiencies by 60-86 percent as compared 

to past methods [14]. 

In this study, we focus on machine learning 

techniques. Machine learning has been studied 

extensively for its potential in financial market 

prediction [15]. Several algorithms have been used in 

predicting the direction of stock prices. Simpler 

techniques such as decision tree [16], discriminant 

analysis [17], support vector machines [18-20], 

neural networks [21], and random forest [22-23].  

While many studies individually report the 

comparative performance of the machine learning 

algorithms they have used, there is no clear 

agreement about which algorithm performs best 

when individual studies are looked at separately. 

Hence, the classification algorithms are widely used, 

and successful results obtained from the algorithms 

are also used for stock market prediction. Which 

classification algorithm to choose is a very important 

decision. There is no specific classification algorithm 

to solve the current problem. In other words, the best 

algorithm does not solve every problem in the best 

way. There are classification algorithms that give 

different results for different datasets or different 

problems. A classification algorithm that is 

considered to be the best solution to solve a problem 

may not work in another problem or dataset. For this 

reason, different classification algorithms for the 

given dataset must be compared before problem-

solving. The algorithm that best solves the problem is 

the algorithm obtained by comparison with the 

specific statistical criteria. Thus, the algorithm to be 

used in problem-solving is determined. In this study, 

for determining the best algorithms for the current 

dataset, all classification algorithms were compared 

for the suitability of data. When choosing an 

algorithm that is known as giving good results 

without comparing it is performance to different 

algorithms may give misleading results.  

The main contribution of this study is a 

comprehensive benchmark that compares the 

performance between the traditional statistical-based 

learners, distance-based learners, tree-based learners, 

artificial neural networks, and support vector 

machines. To build classification models and test 

their performance in the LQ45 dataset and then 

determined algorithms were compared with accuracy, 

precision, and recall. We believe that our findings 

obtained from a real application would contribute to 

facilitating the investors in determining the stock 

option. The results of this study are not only 
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beneficial to the literature but also have a significant 

influence on the stock market prediction in terms of 

the ability to predict the LQ45 index. 

This research is organized as follows. In section 

2, the proposed comparison framework is explained. 

The experimental results of the classification model’s 

comparison are presented in section 3. Finally, our 

work in this paper is summarized in the last section. 

2. Material and methods 

2.1 Data description 

The LQ45 index consists of 45 issuers with high 

liquidity, which were selected through several 

selection criteria. In addition to assessing liquidity, 

the selection of these issuers also considers market 

capitalization. The Indonesia Stock Exchange (ISE) 

regularly monitors developments in the performance 

of issuers included in the LQ45 index calculation. 

Every three months, an evaluation of the order of the 

shares is carried out. Share replacement will be 

carried out every six months, namely at the beginning 

of February and August.  

The dataset of this study was issued from 

(https://www.idx.co.id) with a total of 261 companies 

approved in the ISE from 2015 to 2018 years. The 

number of companies included in LQ45 was 180 and 

81 Non-LQ45. A brief description of the dataset of 

this study is presented in Table 1. 

 
Table 1. Dataset description 

No Variable Description 

1 Volume 

Volume is a measure of how much 

of a given financial asset has been 

traded in a given period. 

2 Value 

Value is a range of prices where 

the majority of trading volume 

took place on the prior trading day. 

3 Frequency 

Frequency is the number of trades 

executed in a specific time 

interval. 

4 Days 

The trading day or regular trading 

hours (RTH) is the period that a 

particular stock exchange is open. 

5 
Earnings 

per Share 

Provides the profitability 

indication of a firm, and can be 

determined by dividing the firm’s 

net income by its whole number of 

remaining stocks. 

6 

Book 

Values per 

Share 

Market value ratio that weighs 

Stockholders' equity against shares 

outstanding. In other words, the 

value of all shares divided by the 

number of shares issued. 

No Variable Description 

7 

Debt to 

Assets 

Ratio 

The leverage ratio measures the 

number of total assets that are 

financed by creditors instead of 

investors. 

8 

Debt to 

Equity 

Ratio 

A financial, liquidity ratio that 

compares a company's total debt to 

total equity. 

9 
Return on 

Assets 

This ratio signifies the proportion 

of earnings a firm earns about the 

firm’s overall assets or resources. 

Thus, an indication of how 

profitable a firm is relative to the 

firm’s total resources or assets. 

10 
Return on 

Equity 

This ratio offers an overview of 

how well the shareholder’s funds 

were used and the gain made out of 

its investment. When ROE is low, 

it implies that the shareholder’s 

funds were not used properly. 

11 

Gross 

Profit 

Margin 

Gross profit margin is a ratio that 

indicates the performance of a 

company's sales and production. 

12 

Operating 

Profit 

Margin 

The earnings that a business 

generates from its operating 

activities. 

13 
Net Profit 

Margin 

The percentage of revenue left 

after all expenses have been 

deducted from sales. 

14 
Payout 

Ratio 

Shows the proportion of earnings 

paid out as dividends to 

shareholders. 

15 Yield 

Yield refers to the earnings 

generated and realized on an 

investment over a particular 

period. 

2.2 Prediction models 

This study aims to compare the performance of 

various machine learning techniques for the 

prediction of the LQ45 index. The ten classification 

algorithms have been chosen, which can be grouped 

into the categories of traditional statistical-based 

learners (logistic regression, linear discriminant 

analysis, and Naïve Bayes), distance-based learners 

(𝑘-nearest neighbor and 𝑘-star), tree-based learners 

(classification and regression trees, C4.5, and random 

forest), artificial neural networks, and support vector 

machines. This selection aims to determine the best 

classification algorithm for LQ45 index prediction.  

The proposed framework is shown in Fig. 1, 

while a brief explanation of each technique applied in 

this paper is presented below. 
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Figure. 1 Proposed comparison framework of 

classification models for prediction of the LQ45 index 

2.2.1. Logistic regression 

Logistic regression (LR) is an extension of linear 

regression. This technique is used when the response 

variable or class is discrete, which means that linear 

regression cannot be used directly for data modeling 

[24]. In case the response variable is binomial, the 

output of the logistic regression model is expressed 

in probabilistic terms, where a probability value close 

to 0 indicates a low probability of occurrence and a 

probability value close to 1 indicates a high 

probability of occurrence [25]. The logistic 

regression model then takes the form in Eq. (1) as 

follows: 

 

𝑙𝑜𝑔𝑖𝑡(𝜋) = log (
𝜋

1−𝜋
) = 𝛼 + 𝛽𝑇𝒙            (1) 

 

where 𝛼 is the intercept parameter and 𝛽𝑇  contains 

the variable coefficients [26]. 

2.2.2. Linear discriminant analysis 

Linear discriminant analysis (LDA) is a 

dependency statistical analysis technique that has the 

use of classifying several groups of objects. This 

grouping with discriminant analysis occurs because 

there is the influence of one or more other variables 

that are independent. The linear combination of these 

variables will form a discriminant function [27]. A 

linear discriminant function is formulated in Eq. (2) 

as follows: 

 

𝑧 = 𝑤1𝑥1 + 𝑤2𝑥2 + ⋯ + 𝑤𝑘𝑥𝑘            (2) 

 

where 𝑥1, 𝑥2, … , 𝑥𝑘  are independent variables. The 

quantity 𝑧  is called the discriminant score, and 

𝑤1, 𝑤2, … , 𝑤𝑘 are called weights [28]. 

2.2.3. Naïve bayes 

Naive Bayes (NB) is an algorithm in machine 

learning that applies the Bayes theory of 

classification. The main characteristic of the NB 

classifier is a very strong assumption (naive) of the 

independence of each condition or event [29]. Given 

a training dataset, 𝐷 = (𝑋1, 𝑋2, … , 𝑋𝑛) , each data 

record is represented as, 𝑋𝑖 = (𝑋1, 𝑋2, … , 𝑋𝑛) . 𝐷 

contains the following attribute values 

(𝐴1, 𝐴2, … , 𝐴𝑛) and also contains a set of classes 𝐶 =
(𝐶1, 𝐶2, … , 𝐶𝑚). For test instance 𝑋 the classifier will 

predict that 𝑋 belongs to the class with the highest 

posterior probability conditioned on 𝑋 (as formulated 

in Eq. (3), if and only if 𝑃(𝐶𝑖|𝑋) >  𝑃(𝐶𝑗|𝑋) for 1 ≤

𝑗 ≤ 𝑚, 𝑗 ≠ 𝑖.  The class 𝐶𝑖  for which 𝑃(𝐶𝑖|𝑋)  is 

maximized called the maximum posterior hypothesis 

[30]. 

 

𝑃(𝐶𝑖|𝑋) =
𝑃(𝑋|𝐶𝑖)𝑃(𝐶𝑖)

𝑃(𝑋)
                        (3) 

 

As 𝑃(𝑋)  is constant for all classes, only 

𝑃(𝑋|𝐶𝑖)𝑃(𝐶𝑖) needs to be maximized.  

2.2.4. 𝑲-Nearest Neighbour 

The 𝐾-Nearest Neighbour (𝐾-NN) classification 

algorithm is a supervised learning algorithm, which 

means that this algorithm uses existing data and the 

output is known. The 𝐾-NN is a machine learning 

algorithm that is used to classify objects based on the 

training data that is closest to the object. The purpose 

of the 𝐾 -NN algorithm is to classify new objects 

based on attributes and samples from training data. 

Suppose that there are 𝑗  training categories, as 

𝐶1, 𝐶2, … , 𝐶𝑗 and the sum of the training samples is 𝑁. 

Also, class 𝑋  is the same feature vector as all the 

training samples. When 𝑑𝑖 is one of the neighbors in 

the training set, 𝑦(𝑑𝑖, 𝐶𝑗) ∈ (0,1) indicates whether 

𝑑𝑖 belongs to class 𝐶𝑗 and 𝑠𝑖𝑚(𝑋, 𝑑𝑖) is the similarity 

function for 𝑋 and 𝑑𝑖. Then, the probability density 

function 𝑃(𝑋, 𝐶𝑗) for the feature data 𝑋, given class 
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𝐶𝑗 can be written in Eq. (4) as follows: 

 

𝑃(𝑋, 𝐶𝑗) = ∑ 𝑠𝑖𝑚(𝑋,𝑑𝑖∈𝑘−𝑁𝑁 𝑑𝑖)𝑦(𝑑𝑖 , 𝐶𝑗)   (4) 

 

The 𝑠𝑖𝑚(𝑋, 𝑑𝑖)  can be calculated using the 

Euclidean distance, cosine, and correlation methods. 

In this study, the Euclidean distance method was 

selected because it is often used as the distance metric 

[31]. 

2.2.5. 𝑲-Star 

𝐾-star is an instance-based classifier. The class 

of a test instance is based on the training instances 

similar to it, as determined by some similarity 

function. It differs from other instance-based learners 

in that it uses an entropy-based distance function [32]. 

Given a set of infinite points and a set of 

transformations predefined 𝑇. Let 𝑡 be a value of set 

𝑇. This 𝑡 will map 𝑡: 𝐼 → 𝐼. To map instances with 

itself 𝜎  is used in 𝑇(𝜎(𝛼) = 𝛼) . 𝜎  terminates all 

prefix codes from 𝑇∗. Set 𝑇∗ consists member which 

defines transformation one to one on 𝐼. The function 

𝑡 is formulated in Eq. (5) as follows: 

 

𝑡(𝛼) = 𝑡𝑛(𝑡𝑛 − 1(… 𝑡1(𝛼) … ))             (5) 

 
where 𝑡 = 𝑡1, 𝑡2, … , 𝑡𝑛. Calculation of total 

probability of all paths from instance 𝛼 to an instance 

𝑏. The 𝑃∗ follows the probability of all paths from 

instance 𝛼 to instance 𝑏: 

 

𝑃∗ (
𝑏

𝑎
) = ∑ 𝑃(𝑡)𝑡∈𝑝;𝑡(𝛼)=𝑏      (6) 

 

The 𝐾∗ is then formulated as Eq. (7) as follows: 

 

𝐾∗ (
𝑏

𝑎
) = −𝑙𝑜𝑔2𝑃∗ (

𝑏

𝑎
)                (7) 

 

The 𝐾∗ is not exactly a distance function, and the 

point to be an underscore 𝐾∗(𝑎|𝑎) is usually non-

zero also is not a symmetric function [33]. 

2.2.6. C4.5 

C4.5 algorithm was introduced firstly by 

Quinland (1996) which is a development of the ID3 

algorithm. The ID3 algorithm can only be used on 

features with categorical types, while numeric types 

cannot be used. The improvement that differentiates 

the C4.5 algorithm from ID3 is that it can handle 

features with numeric types and pruning decision 

trees [34]. C4.5 algorithm uses the gain ratio in 

determining the features that break the nodes in the 

induced tree [35] which is formulated by Eq. (8) as  

follows: 

 

𝐺𝑎𝑖𝑛 𝑅𝑎𝑡𝑖𝑜(𝑠, 𝑗) =
𝐺𝑎𝑖𝑛 (𝑠,𝑗)

𝑆𝑝𝑙𝑖𝑡 𝐼𝑛𝑓𝑜 (𝑠,𝑗)
 (8) 

 

In Eq. (8), the value of the gain ratio is 𝑗 − 𝑡ℎ feature 

with 𝑆𝑝𝑙𝑖𝑡 𝐼𝑛𝑓𝑜 (𝑠, 𝑗) is obtained from Eq. (9) below. 

 

𝑆𝑝𝑙𝑖𝑡 𝐼𝑛𝑓𝑜 (𝑠, 𝑗) = − ∑ 𝑝(𝑣𝑖|𝑠)𝑙𝑜𝑔2 𝑝(𝑣𝑖|𝑠)𝑘
𝑖=1   

(9) 

 

2.2.7. Classification and regression tree 

The classification and regression trees (CART) is 

a binary recursive partitioning procedure capable of 

processing continuous and nominal attributes both as 

targets and predictors [36]. The CART algorithm 

implements the least squared deviation (LSD) 

impurity to determine the splitting rules and goodness 

of fit [37]. The LSD measure (𝑅(𝑡)) can be simply 

calculated in Eq. (10), Eq. (11), and Eq. (12) as 

follows: 

 

𝑅(𝑡) =
1

𝑁𝑤(𝑡)
∑ 𝜔𝑖𝑓𝑖(𝑦𝑖 − �̅�))2

𝑖∈𝑡  (10) 

 

�̅� =
1

𝑁𝑤(𝑡)
∑ 𝜔𝑖𝑓𝑖𝑦𝑖𝑖∈𝑡                    (11) 

 

𝑁𝑤(𝑡) = ∑ 𝜔𝑖𝑓𝑖𝑖∈𝑡               (12) 

 

where 𝑁𝑤(𝑡)is the weighted number of samples in 

node 𝑡, 𝜔𝑖  is the value of the weighting response for 

record 𝑖 (if any), 𝑓𝑖 is the value of the record response 

(if any), 𝑦𝑖 is the response value, and �̅�𝑖 is the mean 

value of response values. To split 𝑠  at node 𝑡 , the 

LSD uses the following criterion in Eq. (13) as 

follows: 

 

𝑄(𝑠, 𝑡) = 𝑅(𝑡) − 𝑅(𝑡𝐿) − 𝑅(𝑡𝑅)  (13) 

 

where 𝑡𝑅 and 𝑡𝐿 are the left and right child nodes of 

node 𝑡 , respectively. The split s is determined to 

maximize the 𝑄(𝑠, 𝑡). 

2.2.8. Random forest 

Random Forest (RF) is an ensemble classifier 

combining a random selection of features with 

bagging. Multiple decision trees are created using a 

random subset of the attributes. For classification, all 

trees are applied and make a prediction [38]. First, the 

bagging method is used to extract 𝑘  number of 

training subsets from the set of training samples 

marked 𝐷𝑖 = (𝑖 = 1,2, … , 𝑘)  and ensure that the 

sample size of each subset is identical to that of the 
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training set. Second, the random subspace method is 

applied to build 𝑘 number of decision trees for the 

subsets {ℎ(𝑋, Θ𝑖), 𝑖 = 1,2, … , 𝑘} . 𝑋  is the 

eigenvector used to determine the classification, and 

Θ𝑖  is an independent and identically distributed 

random variable. Finally, a simple majority vote is 

adopted for the classification results of the 𝑘 decision 

trees to acquire the final classification results [39]. 

The results can be expressed in Eq. (14) as follows: 

 

𝐻(𝑥) = argmax
𝑦

∑ 𝐼(ℎ𝑖(𝑥) = 𝑌)𝑘
𝑖=1         (14) 

 

where 𝐻(𝑥)  represents the combined classification 

model, ℎ𝑖  is a single decision-tree classification 

model, 𝑌 is the output variable, and 𝐼 is an indicator 

function 

2.2.9. Artificial neural network 

Artificial Neural Network (ANN) is a knowledge 

engineering concept in the field of artificial 

intelligence which is designed by adopting the human 

nervous system [20]. In general, the ANN design 

consists of an input vector with some values or 

features, which are given as input values to the ANN, 

each input value passes through a w weighted 

relationship, then all values are combined. The 

combined value is then processed by the activation 

function to produce a signal as output. The activation 

function uses a threshold value to limit the output 

value to always be within the specified threshold 

value [40]. 

2.2.10. Support vector machine 

The Support Vector Machine (SVM) algorithm 

originates from a statistical learning theory [41] 

whose results are very promising to provide better 

results than other algorithms. SVM can be applied to 

high-dimensional data, even SVM that uses kernel 

techniques must map the original data from its 

original dimension to the relatively higher dimension. 

The basic idea of SVM is to maximize the best 

hyperplane boundary that functions as a separator of 

two data classes in the input space by measuring the 

hyperplane margin and finding its maximum point. 

Margin is the distance between the hyperplane and 

the closest data from each class. This closest data is 

known as a support vector [42].  

2.3 Model validation 

We use stratified 𝑘 -fold cross-validation for 

learning and testing data. In k-fold cross-validation, 

the available data are split into mutually exclusive 

subsets. Each subset is used as a validation set one 

time while the model is constructed using the 

remaining subsets [43]. The 10-fold cross-validation 

breaks data into 10 sets of size 𝑁/10. It trains the 

classifier on nine datasets and tests it using the 

remaining one dataset. This repeats 10 times and we 

take a mean accuracy rate. For classification, the 

accuracy estimate is the overall number of correct 

classifications from the 𝑘 iterations, divided by the 

total number of instances in the initial dataset. We 

employ the stratified 10-fold cross-validation 

because this method has become the standard and 

state-of-the-art validation method in practical terms. 

Some tests have also shown that the use of 

stratification improves results slightly [44].  

2.4 Model evaluation 

Evaluation of the results of the experiment is a 

measuring tool that can be used to assess or measure 

how well the proposed method against other methods 

and whether the proposed method has a significant 

difference in the results of other models. In this study, 

the evaluation models used are accuracy, recall, and 

precision. The three statistical criteria are explained 

as follows: 

Accuracy value (AC) is calculated by taking the 

correct prediction percentage from the whole data. 

According to the confusion matrix, it can be 

calculated using Eq. (15) as follows: 

 

𝐴𝐶 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
                  (15) 

 

where TN is the true negative, TP is the true positive, 

FP is the false positive, and FN: false negative. 

Sensitivity or recall (R) in the field of information 

search measures the proportion of original positives 

that are correctly predicted as positive. Sensitivity is 

related to the ability of testing to identify positive 

results from actually positive, which is calculated 

using Eq. (16) as follows: 

 

𝑅 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                        (16) 

 

where TP is the true positive and FN: false negative 

Precision or positive predictive value (P) is a 

matrix to measure system performance in getting 

relevant data. Precision is the amount of data that is 

true positive divided by the amount of data that is 

recognized as positive, which is calculated using Eq. 

(17) as follows:  

 

𝑃 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                      (17) 
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Table 2. Confusion matrix 

Predicted 
Actual 

A B 

A TP FP 

B FN TN 

 

where TP and FP are the true positive and false 

positive values, respectively. 

The values of the statistical criteria that are 

compared to classification algorithms are calculated 

by using a confusion matrix. The confusion matrix is 

shown in Table 2. 

3. Experimental results 

The experiments were conducted using a 

computing platform based on Intel Core i5 1.6 GHz 

CPU, 8 GB RAM, and Microsoft Windows 10 Home 

64-bit. The development environment is the 

RapidMiner 9.2 library with the default parameter. 

For the artificial neural network, we tested the hidden 

layer: 1, training cycles: 200, learning rate: 0.01, 

momentum: 0.9, shuffle: yes, error epsilon: 1.0E-4. 

For support vector machine we tested the kernel type: 

dot, kernel cache: 200, C: 0, convergence epsilon: 

0.001, max iteration:100000, L Pos: 1.0, L Neg: 1.0 

and epsilon: 0.0. Since the prediction results of these 

classifiers are sensitive to data split, cross-validation 

is used to judge the ability of generalization. Besides, 

about 10% of the data are used as a test data set, while 

to simulate this partition, the 10-fold cross-validation 

method to evaluate models. 

In this study, 10 classification algorithms are built 

and compared to each other using their predictive 

accuracy. Using the 10-fold cross-validation, the RF 

produced the best results with an overall prediction 

rate of 93.49%, and the SVM came out as the runner 

up with an overall prediction rate of 90.06%, as 

shown in Fig. 2.  

On the other hand, models based on traditional 

statistical-based learners that are NB and LDA seem 

to underperform. The result confirmed the RF as the 

 

 
Figure. 2 Accuracy comparison classification model 

 
Figure. 3 Precision comparison classification model 

 

 
Figure. 4 Recall comparison classification model 

 

top algorithm for stock market prediction [22-23]. 

The other study also shows that RF performs 

significantly more accurately than C4.5, ELM, LR, 

NN [45]. Besides, the experimental study comparing 

the use of 9 classifiers (repeated incremental decision 

trees, RF, KNN, NB, LR, SVM, and ANN) shows 

that RF has remarkable performance in all datasets 

[46].  

Random forest involves the subdivision of the 

data into subsets separated by the values of the input 

variables until the basic classification unit is obtained 

by the training samples. The consensual classification 

of the most accurate trees is combined into a single 

one, comprising the RF algorithm. The combination 

of decision trees in the RF technique can be used in 

regressions or classification, leading to good results 

for financial market prediction, as demonstrated by [2, 

47-50]. 

In terms of precision performance, Fig. 3 shows 

the comparison of the precision of the 10 

classification algorithms. Random Forest has the 

largest precision value then SVM is in the second 

position. Precision is the ratio of positive true 

predictions compared to the overall positive 

predicted results. Precision answers the question of 

what percentage of companies are right in the LQ45 

category from all companies predicted to be in the 

LQ45 category. 
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Figure. 5 The prediction results using radom forest 

 
Table 3. Comparison of classification algorithm 

Algorithm Accuracy Precision Recall 

LR 88.12 80.54 82.64 

LDA 83.92 86.38 58.19 

NB 74.74 69.23 33.61 

K-NN 87.74 84.48 76.53 

K-star 86.59 86.40 86.60 

C4.5 89.66 85.66 81.53 

CART 88.87 84.32 82.78 

RF 93.49 94.78 84.03 

NN 86.61 81.40 76.67 

SVM 90.06 91.61 75.42 

 

In terms of recall performance, Fig. 4 shows the 

recall comparison of 10 classification algorithms. K-

Star algorithm has the best performance with a recall 

value of 86.60, while RF has a recall value of 84.03. 

In this study, NB has the worst performance 

compared to other algorithms. This is due to the 

assumption of independence that makes the 

performance of the NB algorithm decrease. The recall 

is the ratio of true positive predictions to the overall 

true positive data. Recall answers the question of 

what percentage of companies are predicted to be in 

the LQ45 category compared to all companies that 

are actually in the LQ45 category. While the 

performance of SVM is statistically similar to RF.  

A large number of classification algorithms have 

been proposed in the long history of machine learning, 

some of which have been recognized as highly 

accurate, in particular, SVM and RF (RF) [51]. 

We also visualize the prediction results in Fig. 5. 

In Fig. 5, the first row of each example represents the 

true tag value, and the second row represents the 

predicted value, where the blue box indicates LQ45 

and the orange box indicates Non-LQ45. Each 

column in the instances corresponds to the actual 

value and the predicted value at a specific moment. 

The prediction is correct if two bars in the same 

column have the same color, otherwise, the 

prediction is incorrect. 

4. Conclusion 

This study set out to benchmark the performance 

of traditional statistical-based learners (logistic 

regression, linear discriminant analysis, and naïve 

Bayes), distance-based learners (k-Nearest 

Neighbour and K-star), tree-based learners (C4.5, 

classification and regression trees, random forest), 

artificial neural networks and support vector 

machines in predicting LQ45 index.  

A comparison framework is proposed for 

comparing the performance of classification 

algorithms in the prediction of the LQ45 index in the 

Indonesia stock exchange. The framework is 

comprised of 10 classification algorithms, 10-fold 

cross-validation models, and accuracy indicators. 

The experimental results show that the RF performs 

best in the prediction of the LQ45 index. C.45, CART, 

SVM, and LR also perform well. Traditional 

statistical-based learners tend to underperform, as 

well as NB and LDA. 

The random forest has the best performance to 

predict the LQ45 index because RF is an ensemble 

machine learning technique. It is capable of 

performing both regression and classification tasks. 

The idea is to combine multiple decision trees to 

determine the final output instead of relying on 

individual decision trees to reduce the variance in the 

model. The noise in stock market data is usually quite 

high because of its huge size and can cause the trees 

to grow in a completely different manner as 

compared to the expected growth. It aims at 

minimizing forecasting error by treating the stock 

market analysis as a classification problem [52]. 
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