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Abstract 

Investing has become increasingly popular with the advancement of digital technology. A thriving stock market, 

reflecting strong investor confidence and capital formation, often serves as a leading indicator of robust economic 

growth. One of the main indicators used in evaluating the performance of the Indonesian stock market is the LQ45 index 

on the Indonesia Stock Exchange (IDX). The objective of this research is to determine the predictive capability of the 

LQ45 stock index in identifying buying and selling opportunities. This research employs the hidden Markov model 

method, which has the ability to capture unobservable observations and predict the uncertainty that occurs. The research, 

which utilized training data in 2023, made predictions for the first quarter of 2024. The results of the model were 

evaluated using a paired t-test with a significance value of 5%, obtaining a p-value of 0.51747 for the Open index, 

0.28551 for Close, and not significant for High and Low. These values indicate that there is no difference between actual 

data and predicted data on Open and Close data. Applying a Hidden Markov Model (HMM) to LQ45 stock analysis 

offers a significant improvement over traditional Markov Chain methods by accounting for the unobservable factors that 

influence stock prices. 
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1. Introduction 

A stock index is a statistical measure that reflects the overall price movement of a group of stocks selected based on 

specific standards and methods and analyzed periodically [1]. The index serves as an indicator of stock market 

performance, describing changes in the stock prices of a particular group of companies as a representation of the 

market as a whole [2]. In investment, stock indices help monitor financial markets and serve as a basis for decision-

making [3]. 

One of the leading indicators used to evaluate the performance of the Indonesian stock market is the LQ45 index on 

the Indonesia Stock Exchange (IDX). The stocks included in this index are highly demanded and are a preferred 
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choice for investors. This is because LQ45 stocks have large market capitalization and high trading frequency, 

indicating strong growth prospects and sound financial conditions [4, 5]. The LQ45 index is calculated based on a 

selection of 45 stocks [6]. 

Stock movements are represented as time series, which describe data over sequential time intervals [7]. Changes in 

the stock index are fluctuating, random, and unpredictable, and can therefore be considered stochastic processes [8]. 

This allows analysts to estimate the probability of future stock prices and assess risks in investment decision-making. 

Information about the stock market can be obtained through statistical analysis, particularly by examining the behavior 

and trends of stock prices [9]. However, stock prices tend to fluctuate randomly, and predictions cannot be reliably 

made based solely on historical data, making forecasting increasingly complex [10]. Predicting stock price behavior 

remains an important and interesting topic due to its relevance for generating profit opportunities for companies and 

investors [11, 12]. Various methods have been developed to analyze and predict stock price movements, primarily 

through the application of statistical analysis [13]. 

The research by Yang et al. introduces a novel analytical pipeline integrating autoencoders, arithmetic optimization 

clustering, and principal component analysis to address the limitations of traditional real estate forecasting methods 

[14]. The pipeline identifies five critical clusters of industrial market stock indices related to real estate in Taiwan 

between 2009 and 2020, providing actionable insights for policymakers. In the research by Adlakha et al., a stock 

forecasting system is developed using a combination of stacked LSTM, linear regression, random forest, and K-

nearest-neighbor algorithms to predict stock trends based on price history [15]. The proposed framework analyzes 

each company's stock using mathematical technical metrics, aiming to reduce the risk of failure in stock exchanges 

while increasing potential benefits. Ayala et al.’s research proposes a hybrid approach for generating trading signals 

by combining technical indicators with machine learning techniques such as Linear Models, Artificial Neural 

Networks, Random Forests, and Support Vector Regression [16].  

The resulting technique, tested on daily trading data from three major indices, demonstrates that integrating 

machine learning with technical analysis improves trading signals and the competitiveness of trading rules. For LQ45 

data, several researchers have analyzed the data. The research by Syukur & Istiawan proposed a comparison 

framework to benchmark the performance of various classification models in predicting the LQ45 index using 

transaction-level and capitalization-size data from the Indonesian Stock Exchange [17]. Results indicate that the 

Random Forest algorithm performs best for predicting the LQ45 index, while traditional statistical-based learners 

underperform. Simahatie & Inuzula’s research used an associative approach to examine the effect of independent 

variables on dependent variables within the Indonesia Stock Exchange, drawing data from LQ-45 index issuers 

between 2017 and 2020 [6]. Purposive sampling was employed based on specific criteria aligned with the study's 

objectives. 

Based on the existing research, mentioned above, several possibilities can be explored. Arithmetic optimization 

clustering is a clustering algorithm. Clustering algorithms, in general, treat data points as independent and identically 

distributed [18, 19]. They do not account for the temporal order of data points. Principal component analysis is a 

dimensionality reduction technique that identifies the principal components of the data [20]. It does not account for the 

temporal order of data points. LSTMs are designed for sequential data and model temporal dependencies [21]. Linear 

regression is typically used for static prediction or classification tasks [22]. Random Forest is an ensemble learning 

method that aggregates the predictions of multiple decision trees [23]. Each tree is trained on a subset of the data and a 

subset of the features. While Random Forest can capture complex relationships between features, it treats each data 

point as independent. It does not explicitly model the temporal order or dependencies between data points in a 

sequence. While various machine learning techniques offer different strengths, Hidden Markov Models (HMMs) 

provide a more robust and interpretable solution for explicitly modeling temporal dependencies and underlying states 

in sequential data, addressing the limitations of methods that treat data points as independent or lack a probabilistic 

framework for understanding dynamic relationships [24].  

Based on the problems explained in the background, this research will examine the prediction of the LQ45 stock 

index by applying the Hidden Markov Model (HMM). The reason for choosing the LQ45 stock index as the subject of 

analysis is that it has a large market capitalization [25]. HMMs might be chosen over ARIMA, LSTM, or GARCH 

models primarily when the underlying time series is believed to be driven by unobserved states, such as market 

regimes or customer journey stages, offering interpretability by examining state transitions and emission probabilities 

[26]. While ARIMA focuses on autocorrelation, LSTM requires extensive data and can be a black box. GARCH 

specializes in volatility modeling; HMMs excel at capturing regime-switching behavior. They can be more suitable 

with limited data or a need for model transparency, though the optimal choice depends on the specific problem, data 

characteristics, and goals of the analysis [27]. 

This paper is structured as follows: Section 2 presents a review of the relevant literature about this research, 

including an introduction to the LQ45 index, explanations of Markov Chains, the Hidden Markov Model (HMM) 

process, the Baum-Welch algorithm, the Paired-Samples t-test, and a description of the Akaike Information Criterion 
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(AIC) and Bayesian Information Criterion (BIC) as measures of model fit. Section 3 details the methods employed, 

providing information regarding data preparation prior to analysis, model initialization, determination of the optimal 

number of states, HMM training, prediction, evaluation, and a visual representation of the research process in the form 

of a flowchart. Section 4 presents the results of the analysis and subsequent discussion, encompassing the 

characteristics of the LQ45 index, model initialization, and so forth; the findings presented in this section directly 

address the steps outlined in Section 3. Finally, Section 5 provides a comprehensive conclusion based on the analyses 

conducted throughout this study. 

2. Literature Review 

2.1. LQ45 Index 

In February 1997, the LQ45 stock index was first introduced to the public. At that time, the LQ45 stock index was 

released with an index value of 100, precisely on July 13, 1994. The LQ45 index was created by the Indonesia Stock 

Exchange (IDX), which aims to complement the IDX composite, namely by providing a means for investors, financial 

analysts, and investment managers to observe the movement of stocks with high transactions [28]. LQ45 stocks are a 

combined calculation of 45 stocks, which will be assessed and selected through several selection criteria from the 

stock market [17, 29]. These criteria are based on liquidity, market capitalization, and transaction activity indicated by 

the volume and number of transactions on the market. In addition, the shares must have been listed on the IDX for at 

least 3 months. The shares must also be included in the top 60 companies with the highest market capitalization and 

transaction value in the last 12 months. 

Every 3 months, the LQ45 index is evaluated to examine the stocks included in the LQ45. In this evaluation, the 

stocks included in the LQ45 index will be assessed for their suitability, considering whether they are still relevant or 

no longer in accordance with the established criteria. Every February and August, there is a change of stocks exactly 

once every 6 months. If certain stocks in the LQ45 no longer meet the LQ45 index selection criteria, then the stocks 

are removed from the index calculation and replaced with other stocks that meet the criteria. Evaluation of the list of 

stocks that meet the criteria is carried out periodically to ensure that the LQ45 index represents active and liquid stocks 

in the market. The 45 companies whose shares are listed on the IDX for the constituent period from August 2023 to 

January 2024. The list of stocks included in LQ45 can be seen on: https://www.idxchannel.com/.   

In the research by Pradana, the LQ45 Indonesian stock index is analyzed and forecasted using an ARIMA (4, 3, 6) 

model, demonstrating accurate short- to medium-term predictions [30]. The findings offer practical implications for 

investors and contribute a robust approach to stock index forecasting, encouraging further research incorporating 

advanced models and external economic factors. In the research by Hidayat & Suhendri, nine machine learning 

algorithms are comparatively evaluated for predicting LQ45 stock movements, finding that Random Forest and 

XGBoost perform best with smoothed technical indicators for continuous data, while Naive Bayes excels in binary 

classification tasks [31]. The research highlights the importance of data representation and preprocessing techniques, 

particularly smoothing, for enhancing the accuracy and robustness of stock prediction models. Reyzan & 

Abdurrohim’s research investigated the relationship between CR, DER, ROA, and PER in nine companies, revealing 

inconsistencies between conventional theory and empirical data [32].  

The results indicate that CR and DER do not affect ROA. However, all three independently influence PER, with 

ROA mediating the effect of DER on PER, highlighting the need for companies to balance CR and DER for increased 

PER and investor confidence. Arief & Hidayat’s research used multiple linear regression to analyze the effects of 

Bitcoin and macroeconomic factors on the LQ45 index from 2018 to 2022 [33]. The results indicate that Bitcoin, 

exchange rate, BI Rate, and money supply negatively impact the LQ45 index, while inflation and the IDX have 

positive effects. In the research by Astuti & Anggraini, they measured and compared the Value at Risk (VaR) of single 

stocks (BBRI, BBCA, ASII) and a portfolio within the LQ45 index using the Variance-Covariance method [34]. The 

results show that the combined portfolio has a lower VaR than the individual stocks, indicating that diversification 

effectively reduces investment risk. 

2.2. Markov Chain 

A Markov Chain is a stochastic process that can be mathematically defined as a sequence of possible events, with 

the probability of each event occurring only based on the current state and not affected by past events [35]. The 

Markov chain model was discovered by a Russian mathematician named Andrei Andreyevich Markov in 1906. 

Markov chains are used to see the possibility of a state occurring in the future. The Markov process has a 

"memoryless" nature, namely, the probability of a state occurring is only influenced by today's events without looking 

at past events [36]. 

The main components used in the development of the Markov Chain model are the state transition matrix and 

probability [37]. These components summarize all the important parameters that make it the basis for developing a 

http://www.idx.com/
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mathematical representation for the dynamics of change in a system that involves elements of randomness. The 

transition matrix on an element describes the changes that occur from one state to another. Probability explains the 

chance of an event occurring. So, the transition probability shows the change from one state to another, which is a 

random process expressed in probability.  

Stock price movements are described as time series, a representation of data in sequential time intervals [38]. 

Changes in stock prices are random and unpredictable, so they can be said to be stochastic processes [39]. In this 

context, the condition of stock prices is a random process, namely, all information about the future is contained in the 

current state. Therefore, the process of predicting future events depends on current price conditions without being 

influenced by previous events. 

In a Markov chain, several basic assumptions must be known [40]. The assumptions include the following: 

 Initial State; 

 Transition State; 

 Steady State. 

The stochastic process 𝑋𝑡 = 𝑋0, 𝑋1, 𝑋2, … represents a state that transitions over time. The Markov process (𝑋𝑡) is a 

stochastic process with the property that if given the value of 𝑋𝑡, the value of 𝑋𝑠 for 𝑠 > 𝑡 is not affected by the values 

of 𝑋𝑢 for 𝑢 < 𝑡. With 𝑠 referring to the state of time in the future, 𝑡 referring to the state at time 𝑡, and 𝑢 referring to 

the state of time in the past. This shows that when the current condition is known, knowledge of past behavior does 

not change the probability of a particular event in the future. 

A Markov chain refers to a process whose state space consists of countable numbers, and the time index            

𝑇 = (0, 1, 2, … ), and 𝑋𝑛 ≥ 0 states an event that occurs in a certain time period. Markov properties are notated as in 

Equation 1. 

𝑃(𝑋𝑡+1 = 𝑗|𝑋𝑡 = 𝑖, 𝑋𝑡−1, 𝑋𝑡−2, … , 𝑋1 = 𝑖, 𝑋0 = 𝑖0) = 𝑃(𝑋𝑡+1 = 𝑗|𝑋𝑡 = 𝑖) (1) 

where 𝑃 is the probability of event, 𝑖 is the index for initial state, 𝑗 is the index for the initial state that may follow after 

the initial state, 𝑡 is the current time, 𝑡 + 1 is the next time after 𝑡, 𝑋𝑡 is the state at time 𝑡, 𝑋𝑡+1 is the state at time 𝑡 +
1, 𝑋𝑡−1 is the state at time 𝑡 − 1, and 𝑋𝑡−2 is the the state at time 𝑡 − 2, and 𝑋0 is the state at time 0 and 𝑖0 is the index 

for state 0. 

The probability of 𝑋𝑡+1 being in state 𝑗 with 𝑋𝑡 being in state 𝑖 is called the one-step transition probability and is 

denoted by 𝑃𝑖𝑗
𝑡,𝑡+1

, or described in Equation 2. 

𝑃𝑖𝑗
𝑡,𝑡+1 = 𝑃(𝑋𝑡+1 = 𝑗|𝑋𝑡 = 𝑖) (2) 

where, 𝑃𝑖𝑗  is the probability of transition from state 𝑖 to state 𝑗. The mathematical notation emphasizes that the 

transition probability function is a function that depends not only on the initial and final states but also on the 

transition time. Transition time refers to the change that occurs between one state and another or the change that 

occurs in time between the initial and final states. Most Markov chains have stationary transition probabilities, which 

occur when the one-step transition probability is independent of the time variable 𝑡, that is, when the probability of an 

event does not change over time. In this research, the stationary probability is used to see the time picture when the 

stock index no longer changes. In 𝑃𝑖𝑗
𝑡,𝑡+1 = 𝑃𝑖𝑗  is independent or does not depend on 𝑡. Meanwhile, 𝑃𝑖𝑗  explains the 

conditional probability of the transition state from 𝑖 to 𝑗 in one trial, so it must meet the conditions in Equation 3. 

𝑃𝑖𝑗 ≥ 0 for 𝑖, 𝑗 = 0, 1, 2, …  (3) 

and Equation 4: 

∑𝑃𝑖𝑗 = 1 for 𝑖 = 0, 1, 2, …

∞

𝑗=0

 (4) 

The transition matrix 𝐴 is expressed in non-negative numbers because it is a probability. The transition matrix 

contains the information needed to predict what will happen, based on previous knowledge. The transition matrix is 

written using the mathematical formula in Equation 5.  

   𝑝0   𝑝1  ⋯  𝑝𝑛 

𝐴 =

𝑝0

𝑝1

⋮
𝑝𝑛

[

𝑝00 𝑝01 ⋯ 𝑝0𝑛

𝑝10 𝑝11 ⋯ 𝑝1𝑛

⋮ ⋮ ⋱ ⋮
𝑝𝑛0 𝑝𝑛1 ⋯ 𝑝𝑛𝑛

] 
(5) 
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The transition matrix 𝐴 is of 𝑁 × 𝑁 with each element 𝑎𝑖𝑗  representing the probability of transitioning from state 𝑖 
to state 𝑗. In the transition matrix 𝐴, the rows represent the initial conditions of state 𝑖. The columns represent the 

conditions after the transition or state 𝑗, for example, 𝑝01 shows the transition probability from state 0 to state 1. Then, 

𝑝𝑖𝑗  is the probability of moving from initial state 𝑖 to state 𝑗. 

2.3. Hidden Markov Model (HMM) 

A Hidden Markov Model (HMM) is a method developed from the Markov Chain method discovered by A.A 

Markov in 1906. In this model, the system is considered as a Markov process by considering unknown observations 

(hidden) [41]. This method is based on unobserved states and transitions between states [24, 42]. Although the 

transitions between states are not directly observed, they have an impact on the observed results [43]. In HMM, the 

model integrates several Markov chains, one of which is a chain consisting of observable states, while the others form 

unobservable states (hidden) [44]. In the framework of the conventional Markov model, each state can be clearly 

observed by the observer. In this case, the probability of transition between states becomes a single observable 

parameter. However, there are situations where there is a sequence of states that can be understood but cannot be 

observed directly [45]. The advantage of the HMM is its ability to model hidden states. In this model, the state cannot 

be observed directly, but the output produced depends on the state that can be observed. The sequence of steps 

generated by HMM provides information about the underlying state sequence. It is important to note that the term 

“hidden” refers to the states that the model passes through, not to the model parameters themselves. Even when the 

model parameters are known, the hidden nature of the model remains. An HMM model 𝜆 = (𝜋, 𝐴, 𝐵) has the 

following component parameter characteristics. 

1. 𝑁, the number of hidden state elements 𝑆𝑡 contained in the model. 

2. 𝑀, the number of observable state components. 

3. 𝐴 =  {𝑎𝑖𝑗}, the transition probability matrix 𝐴. 𝑎𝑖𝑗  represents the probability of moving from state 𝑖 to state 𝑗. 

4. 𝐵 =  {𝑏𝑖(𝑘)}, the emission matrix. Describes the probability distribution of observations at state 𝑖 and at time 𝑡. 

Represented as 𝑏𝑖(𝑘) = 𝑃(𝑂𝑡 = 𝑘|𝑋𝑡 = 𝑖), for 1 ≤ 𝑖 ≤ 𝑁 and 1 ≤ 𝑘 ≤ 𝑀. Then, 𝑏𝑖(𝑘) = 𝑁(𝜇𝑖 , Σ𝑖), for 𝜇𝑖 and 

Σ𝑖  are means and covariances based on state 𝑆𝑖. 

5. 𝜋 = {𝜋𝑖}, the set of initial state probabilities. 

2.4. Forward and Backward Algorithm 

The forward algorithm is an algorithm commonly used in the HMM. This algorithm is used to calculate the 

probability of observation by summing the probabilities of all possible hidden state paths that can produce a sequence 

of observations [46]. In calculating the probability of observation, this algorithm considers the possibilities that occur 

from all combinations of hidden states. This algorithm calculates the likelihood 𝑃(𝑂|𝜆) with HMM parameters           

𝜆 = (𝜋, 𝐴, 𝜋, 𝛴) and with observations 𝑜𝑡. The stages in the forward algorithm are divided into 3 (three), namely 

initialization, recursion, and termination. In Equation 6, 𝛼𝑡(𝑗) represents the probability of being in state 𝑗 after the 

first 𝑡 observations. The notation 𝑞𝑡 = 𝑗 explains that at time 𝑡, the state in a system is 𝑗.  

𝛼𝑡(𝑗) = 𝑃(𝑜1, 𝑜2, … , 𝑜𝑡 , 𝑞𝑡 = 𝑗|𝜆) (6) 

1) Initialization: 

𝛼𝑡(𝑗) = 𝑃(𝜋𝑗𝑏𝑗(𝑜1)), 1 ≤ 𝑗 ≤ 𝑁 (7) 

2) Recursion: 

𝛼𝑡(𝑗) = ∑ 𝛼𝑡−1(𝑖)𝑎𝑖𝑗𝑏𝑗(𝑜𝑡)
𝑁

𝑖=1
, 1 ≤ 𝑗 ≤ 𝑁, 1 ≤ 𝑡 ≤ 𝑇 (8) 

3) Termination: 

𝑃(𝑂|𝜆) = ∑ 𝛼𝑇(𝑗)
𝑁

𝑗=1
 (9) 

where, 𝛼𝑡(𝑗) is the probability of observing a sequence of observations and being in state 𝑗 at time 𝑡 and given model 

𝜆, 𝜆 is the HMM parameters, 𝑜𝑡 is the observation value at time 𝑡, 𝑞𝑡 is the hidden state at time 𝑡, 𝜋𝑗 is the initial 

probability at state 𝑗, 𝑏𝑗(𝑜𝑡) is the probability of emission resulting in observation 𝑜𝑡 at state 𝑗, 𝑎𝑖𝑗  is the probability of 

transition from state 𝑖 to state 𝑗, 𝑁 is the total number of states, and 𝑇 is the order of observations. 

The backward algorithm is an algorithm commonly used in the HMM. This algorithm is used to calculate the 

probability of an observation, like the Forward Algorithm. There is a difference between the two algorithms in the 
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initialization stage; for the backward algorithm, the initialization is based on all observation data [46]. Backward 

probability (𝛽) is the probability of seeing observations from time 𝑡 +  1 to the end, with the current position at state 𝑖 
and at time 𝑡. There are 3 (three) stages in the backward algorithm, namely initialization, recursion, and termination as 

in Equations 10 until 13.  

𝛽𝑡(𝑖) = 𝑃(𝑜𝑡+1, 𝑜𝑡+2, … , 𝑜𝑇|𝑞𝑡 = 𝑖|𝜆) (10) 

1) Initialization: 

𝛽𝑡(𝑖) = 1, 1 ≤ 𝑗 ≤ 𝑁 (11) 

2) Recursion: 

𝛽𝑡(𝑖) = ∑ 𝑎𝑖𝑗𝑏𝑗(𝑜𝑡+1)
𝑁

𝑗=1
𝛽𝑡+1(𝑗), 1 ≤ 𝑖 ≤ 𝑁, 1 ≤ 𝑡 ≤ 𝑇 (12) 

3) Termination: 

𝑃(𝑂|𝜆) = ∑ 𝜋𝑗𝑏𝑗(𝑜1)𝛽1(𝑗)
𝑁

𝑗=1
 (13) 

where, 𝛽𝑡(𝑖) is the probability of observing the remaining sequence of observations from time 𝑡 + 1 to 𝑇. 

2.5. Baum-Welch Algorithm 

The Baum-Welch algorithm is a special case of the Expectation-Maximization (EM) algorithm [47]. The Baum-

Welch algorithm iteratively updates model parameters to maximize the likelihood of observing data. The initial 

parameter estimates are refined through iterations to obtain an optimal model for further analysis. The EM algorithm 

aims to find the maximum likelihood estimate of the model parameters. In the first stage (E-step), the EM algorithm 

estimates the expected value of the unobserved variables, and in the second stage (M-step), it finds the maximum 

likelihood parameter estimates [48]. To estimate the HMM, the Baum-Welch algorithm uses forward and backward 

algorithms to complete the data. The forward algorithm is used to calculate the probability of observing a sequence up 

to a specific time step and being in a particular hidden state at that step. Meanwhile, the backward algorithm is used to 

calculate the probability of observing the rest of the sequence based on the current hidden state [49]. 

This algorithm begins by initializing the HMM parameters and iterating until it reaches the convergence stage. This 

indicates that the changes in the model parameters are no longer significant, and the algorithm has found a local 

maximum of the likelihood function. The stages of the Baum-Welch algorithm process are in Equations 14 and 15. 

In the Expectation Step (E-Step) stage, the observed data and current model parameters are used to calculate the 

expected value of the hidden state variables. Forward probability and backward probability are calculated for each 

state at each time step. Forward probability determines the probability of observing the output sequence up to a certain 

point in time. In contrast, backward probability determines the probability of observing the remaining output sequence 

given by the state at a particular time. 

𝛾𝑡(𝑗) =
𝛼𝑡(𝑗)𝛽𝑡(𝑗)

𝛼𝑇(𝑞𝐹)
∀ 𝑡 and 𝑗 (14) 

𝜉𝑡(𝑖, 𝑗) =
𝛼𝑡(𝑖)𝑎𝑖𝑗𝑏𝑗(𝑜𝑡+1)𝛽𝑡+1(𝑗)

𝛼𝑇(𝑞𝐹)
   ∀   𝑡, 𝑖 and 𝑗 (15) 

where, 𝛾𝑡(𝑗) is the probability that the hidden state at time 𝑡 is 𝑗, 𝛼𝑡(𝑗) is the probability of observing a sequence of 

observations and being in state 𝑗 at time 𝑡, 𝛽𝑡(𝑗) is the probability of observing the remaining sequence, 𝛼𝑇(𝑞𝐹) is the 

probability of observing all observations, 𝜉𝑡(𝑖, 𝑗) is the probability that the hidden state at time 𝑡 is 𝑖 and the hidden 

state and state at time 𝑡 + 1 are 𝑗, 𝛼𝑡(𝑖) is the probability of observing an observation at state 𝑖 and time 𝑡, 𝑎𝑖𝑗  is the 

probability of transition from state 𝑖 to state 𝑗, 𝑏𝑗(𝑜𝑡) is the probability of emission producing observation 𝑜𝑡 at state 𝑗. 

In the Maximization Step (M-Step) stage, the model parameters are re-estimated using the expected values that 

have been calculated in the E-Step. This stage aims to maximize the likelihood of the observed data provided by the 

current model. The notation of the M-Step stage process is shown in Equations 16 and 17. 

𝑎̂𝑖𝑗 =
∑ 𝜉𝑡(𝑖, 𝑗)

𝑇−1
𝑡=1

∑ ∑ 𝜉𝑁
𝑘=1 𝑡

(𝑖, 𝑗)𝑇−1
𝑡=1

 (16) 

𝑏̂𝑗(𝑣𝑘) =
∑ 𝛾𝑡(𝑗)

𝑇
𝑡=1 𝑠.𝑡.𝑂𝑡=𝑣𝑘

∑ 𝛾𝑡(𝑗)
𝑇
𝑡=1

 (17) 
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where, 𝑎̂𝑖𝑗 is the estimated transition probability from state 𝑖 to state 𝑗, 𝜉𝑡(𝑖, 𝑗) is the probability of hidden state at time 

𝑡 is 𝑖 and state and hidden state at time 𝑡 + 1 is 𝑗, 𝑁 is the total number of states, 𝑇 is the sequence of observations, 

𝑏̂𝑗(𝑣𝑘) is the estimated probability of emission resulting in observation 𝑣𝑘 of state 𝑗, 𝛾𝑡(𝑗) is the probability that the 

hidden state at time 𝑡 is 𝑗, 𝑣𝑘 specific value of the observation being considered, and 𝑜𝑡 is the value of the observation 

at time t. In Equation 17, 𝑠. 𝑡. 𝑂𝑡 = 𝑣𝑘 explains that this addition operation is performed on the condition that the 

observation 𝑂𝑡  must be equal to 𝑣𝑘. The addition is performed on the expected values 𝛾𝑡(𝑗) for each time 𝑡, where the 

observed observation 𝑂𝑡 is 𝑣𝑘. 

2.6. Paired-t Test 

The 𝑡-test is a test used to see if there is a difference between 2 groups [50]. Paired 𝑡-test is a test carried out on 

two paired groups where each group has a different treatment [51]. The paired 𝑡-test formula for comparing the 

analysis results is denoted in Equation 18. 

𝑡𝑡𝑒𝑠𝑡 =
𝐷𝑦̂−𝑦

𝑆𝑦̂−𝑦

√𝑛

 
(18) 

where, 𝐷𝑦̂−𝑦 is the average difference between 𝑦̂ and 𝑦, 𝑆𝑦̂−𝑦 is the standard deviation of the difference between 𝑦̂ and 

𝑦, and 𝑛 is the number of samples. 

Hypothesis testing is carried out on two paired groups to determine the difference between the averages of the two 

groups. The hypothesis used in the decision-making process is as follows. 

𝐻0: There is no significant difference between the stock price index prediction and the actual stock price. 

𝐻1: There is a significant difference between the stock price index prediction and the actual stock price. 

Decision making from the results of the paired 𝑡-test can be seen by comparing the 𝑡𝑡𝑒𝑠𝑡 with the 𝑡-table or with the 

p-value compared to the level of significance 𝛼. Decisions can be made by referring to the following decision-making 

principles: reject 𝐻0, if the p-value < 𝛼 or fail to reject 𝐻0, if the p-value > 𝛼. 

2.7. Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) 

Akaike Information Criterion (AIC) is a criterion for determining the best model from the number of parameters in 

the model [52]. The AIC criterion was developed by Hirotugu Akaike in 1973. To measure the suitability between the 

estimated model and the actual model, AIC uses Kullback-Leibler Information (KLI) [53]. KLI measures how well the 

estimated model can imitate the actual data distribution. Maximum likelihood estimation is used as a calculation in 

AIC. AIC can be defined as -2 times the maximum log-likelihood added to 2 times the number of parameters, and can 

be formulated as in Equation 19. 

𝐴𝐼𝐶 = −2 log 𝐿 + 2𝑘 (19) 

where, 𝐿 is the likelihood and 𝑘 is the number of parameters in the candidate model. 

Bayesian Information Criterion (BIC) is a criterion for determining the closest model. In considering the number of 

parameters in the model, BIC uses a larger penalty term than AIC [54]. In AIC, the penalty for the number of 

parameters is 2𝑘, while in BIC it is 𝑘 log 𝑛 with 𝑛 being the number of observations. This aims to prevent overfitting 

by giving a larger penalty to more complex models. The formula for calculating BIC is denoted in Equation 20. 

𝐵𝐼𝐶 = −2 log 𝐿 + 𝑘 log 𝑛 (20) 

3. Methods 

3.1. Data Preparation 

Data preparation is the process of collecting, cleaning, and changing the format of data to continue further analysis. 

The method used to collect secondary data in this research was carried out through online data sources obtained from 

the Yahoo Finance website, which presents stock portfolios. The data to be used in this research includes the LQ45 

stock portfolio from January 2023 to March 2024. The data obtained from the Yahoo website contains the variables 

Date, Close, Open, High, and Low. Data cleaning is carried out to avoid data inconsistencies and to adjust the data 

format. 

3.1.1. Data Cleaning 

In the data cleaning stage, the identification and handling of missing values are carried out. In addition, if there is 

data with a value, data deletion will be carried out if necessary. This process is carried out to ensure that the data is 

ready for the following analysis process, so that the model obtained is more accurate. In this research, the data used 
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were 293 observations. These observations were obtained from active days in the market from January 2023 to March 

2024. The training data used were observations in 2023, and the testing data used were 58, or the same as the number 

of observations from January to March 2024. 

3.1.2. Defining Variables 

The variables to be used in this study include the Close, Open, High, and Low indices. At this stage, the number of 

predictions made is also determined by selecting 58 final data points to be used as testing data to see the performance 

of the model. The maximum number of iterations used for HMM training is 1,000. This indicates how many times the 

algorithm will try to refine the model parameters. Furthermore, the data will be divided into parts consisting of 29 

observations. In HMM terms, the data is divided into 29 windows. This size is used to divide the data into smaller 

parts in the training or prediction process. This allows the model to learn patterns in subsets and make predictions 

based on those patterns. 

3.2. Model Initialization 

Model initialization at this stage is done by initializing the base model to determine the optimal number of states. 

The Baum-Welch algorithm is used for the model initialization process. Model initialization uses the “hmmlearn” 

package in Python. This model iterates with an undetermined number of states to find the optimal state value. In this 

initialization, the state space value interval is defined to determine the best model. The state space shows the number 

of possible hidden states that the system can take. 

3.3. Determining Optimal Number of States 

At this stage, the optimal number of hidden states will be determined. The number of hidden states is a parameter 

that can affect the performance and ability of the model to understand hidden patterns in the observation data. To 

determine the optimal number of states, the metrics used are AIC and BIC. These metrics can measure how well the 

estimated model can imitate the actual data distribution. From the selection of the optimal number of states, a good 

and accurate model will be obtained in explaining the data. In evaluating model quality, AIC and BIC consider the 

suitability and complexity of the model. The main goal is to find a model that achieves the optimal balance for both 

aspects. The evaluation process is carried out by testing various numbers of hidden states in the model and then 

training it on the data to obtain the metric value. The AIC and BIC values are used to compare models and determine 

the best number of hidden states. The model with the lowest AIC or BIC value indicates the optimal model. 

3.4. HMM Training 

HMM training involves estimating model parameters. This can be achieved using the Baum-Welch algorithm, a 

variant of the Expectation-Maximization (EM) algorithm explicitly designed for HMM. The Baum-Welch algorithm 

iteratively updates model parameters to find the optimal model. HMM training using the Baum-Welch Algorithm 

consists of three stages, namely initialization, E-Step, and M-Step. In the initialization stage, the initial values of the 

model parameters are automatically determined, such as transition probabilities, means, and covariance. Initialization 

is done automatically using “hmm.GaussianHMM” which is available in the HMM packages in Python. The initial 

values of the parameters are determined randomly or based on historical data. In the E-step stage, the expected 

probability value of the hidden state is calculated using the forward algorithm and backward algorithm. The model 

parameter estimates are updated based on the calculated expected probabilities. In the M-Step stage, the model 

parameters are re-estimated using the expected values that have been calculated in the E-Step. Iterations are carried 

out on the three stages until they converge. The iteration process is carried out to study the patterns and structures of 

the data. 

3.4.1. E-Step 

In the E-step stage, the expected probability value of the hidden state is calculated by involving the forward 

algorithm and backward algorithm. The model parameter estimate is updated based on the calculated expected 

probability. In HMM, the forward algorithm is an algorithm used to calculate the probability of an observation given 

by the model. The approach using this algorithm begins with the defined alpha function, which describes the 

probability of a particular state at time 𝑡. The recursion process is carried out on the calculation between the alpha 

probability (at time 𝑡) by accumulating the probability of each previous state (at time 𝑡 − 1), the transition probability, 

and the emission probability. This process is carried out by iteration until time 𝑇. The recursion process produces the 

probability of a series of observation sequences in the HMM model. 

The backward algorithm is an algorithm used to calculate the probability of an observation based on the current 

state. In this algorithm, the beta function is defined: this function describes the probability of an observation from time 

𝑡 + 1 to the end, with the position being in state 𝑖 and time 𝑡. The recursion process is carried out on the calculation 
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between the beta probability (at time 𝑡) by accumulating the probability of each previous state (at time 𝑡 + 1), the 

transition probability, and the emission probability. The process is done by iterating from time 𝑇 − 1 to 1. This 

algorithm is called a backward algorithm because the iteration process is moving backward. The process uses the beta 

value from the next step to calculate the beta value at the current step. 

3.4.2. M-Step 

In the M-Step, the model parameters are re-estimated using the expected values calculated in the E-Step. Iterations 

are performed on the three stages until they converge. The iteration process is carried out to study the patterns and 

structures of the data. 

3.5. Prediction 

The optimization process that has been carried out aims to study the pattern and structure of the data. After the 

process runs optimally, the log-likelihood value of the model is calculated for the last 𝐾 observations. The calculated 

log-likelihood value provides an overview of how well the optimized model can explain the observation data. From 

the calculated log-likelihood value, one day in the past will be searched for which has a log-likelihood value for the 

previous 𝐾 observations that is similar to the log-likelihood value of the latest 𝐾 observations. The log-likelihood 

value of the latest 𝐾 observations is compared with all sub-sequences of the same size in the past. This process is 

carried out by gradually shifting the observation window one day back and calculating the log-likelihood for each sub-

sequence. The day with the closest log-likelihood to the latest 𝐾 observations is identified as the reference day for 

prediction. The process of finding similar log-likelihood values aims to find historical patterns that are similar to 

current market conditions as a reference for stock predictions. Predictions are made by calculating changes in stock 

prices from days in the past that have similar log-likelihood values to the next day. The difference in the stock price is 

added to the current stock price to produce a prediction of the stock price for the next day. 

Prediction is done by calculating the log-likelihood value of the model for the last 𝐾 observations. 𝐾 represents the 

number of observations or the length of the sub-sequence or group of data used for the log-likelihood calculation. The 

last 𝐾 observations mean that there are 𝐾 observations of data before time 𝑡 that will be predicted. The number of 

observations used in this study is 29, meaning that there are 29 last observations before time 𝑡 or today used as training 

data. In 1 (one) window, there is one group of 29 observations. 

In calculating the log-likelihood value for day 𝑡 +  1, a window with 29 previous observations is used, namely 

from 𝑡 − 28 to t. For day 𝑡 +  1, observations from 𝑡 − 27 to 𝑡 +  1 and so on are used. The log-likelihood value 

explains the value used for the testing data. The log-likelihood value on the training data will then be called the past 

likelihood, and for the testing data, it is called the current likelihood. At the current likelihood or time 𝑡, the log-

likelihood value is sought that has similarities to all past likelihood values. This process is done by gradually shifting 

the observation window one day back. The process of finding similar log-likelihood values aims to find historical 

patterns that are similar to current market conditions. 

The difference between the current likelihood at time 𝑡 and the past likelihood of each group is calculated as 

Equation 21. The group with the most minor difference will be selected to be used as a prediction. 

𝑗 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑖(|𝑃(𝑂𝑡 , 𝑂𝑡−1, 𝑂𝑡−2, … , 𝑂𝑡−𝐾|𝜆) − 𝑃(𝑂𝑡−𝑖 , 𝑂𝑡−𝑖−1, 𝑂𝑡−𝑖−2, … , 𝑂𝑡−𝑖−𝐾|𝜆)|) (21) 

where, 𝑖: 1, 2, … , 𝑇/𝐾, 𝑗 is the index of the past likelihood sub-sequence that is similar to the current likelihood, 𝑂𝑡 is 

the observation at time 𝑡, and 𝜆 is the HMM parameter. Prediction is done by adding the difference between the stock 

price and the current stock price to produce a prediction of the stock price on the next day. This explanation can be 

expressed as Equation 22. 

𝑂𝑡+1 = 𝑂𝑡 + (𝑂𝑡−𝑗+1 − 𝑂𝑡−𝑗) (22) 

where, 𝑂𝑡+1 is the observation at the next time, after 𝑂𝑡, 𝑂𝑡 is the observation at time 𝑡, 𝑂𝑡−𝑗+1 is the observation at 

time 𝑡 − 𝑗 + 1, and 𝑂𝑡−𝑗 is the observation at time 𝑡 − 𝑗. 

3.6. Evaluation 

To validate the performance of the prediction model in prediction, the accuracy value is used as an evaluation. 

When the accuracy of the model is measured, the model explains important information about the quality of the 

prediction by measuring how close the prediction is to the facts. The accuracy metric can be defined as the percentage 

of accurate predictions compared to the total number of predictions. The higher the accuracy value obtained, the better 

the model is at predicting future conditions. 

In the predictions made, the accuracy value is obtained by the paired 𝑡-test value. The paired 𝑡-test is carried out to 

determine whether or not there is a difference in the actual data and the predicted data generated by the HMM. From 
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both evaluations, each model will be produced on open, close, high and, low data. In interpreting, from the analysis 

that has been carried out, an explanation will be given regarding the patterns that occur, accuracy, and important 

findings that refer to ideas or concepts related to the research. The results of the study are linked to previous research, 

and further explanations are given regarding the existing findings. Then the study ends with the creation of 

conclusions and suggestions for further research. Briefly, the conclusion will describe the findings in the study and 

how this study can provide an understanding of the problems raised. 

3.7. Research Flow Chart 

The analysis steps carried out in this research can be seen briefly in the flow diagram in Figure 1.  

 

Figure 1. Research Flow Chart 

4. Results and Discussion  

4.1. Characteristics of the LQ45 Index 

Figure 2 shows the trend of the LQ45 stock index from January 2023 to March 2024. The trend shows a fluctuating 

condition with a downward trend in January, March, May 2023, and February 2024. There was a drastic downward 

trend in November 2023. In December 2023, there was a significant increase compared to the stock index from 

January to November 2023. In early November 2023, there was a drastic decline in the LQ45 stock index. The LQ45 

and IDX composite indices are closely related, where the movement of the IDX composite often affects the movement 

of the LQ45. This is because the LQ45 consists of stocks that are also part of the IDX composite. The decline in the 

IDX composite on November 1, 2023, reflects a decline in the LQ45, which explains the negative impact experienced 

by the stocks listed in the index. The decline in early November 2023 was caused by several factors that also had an 

impact on the LQ45. One of them is external sentiment; there is uncertainty in the global market regarding the 

monetary policy decision of the Federal Reserve (The Fed) in the United States, which makes investors tend to wait 

for the results of the Fed meeting, which is expected to maintain high interest rates. Then, there was a decline in the 

US stock exchange which also affected the IDX, where investors responded negatively to the minutes of the Fed 

meeting, which indicated the possibility of interest rates remaining high in the near future. In addition, the release of 

inflation data, which showed an increase in domestic goods prices affected stock price fluctuations. Overall, the 

weakening of the IDX in early November 2023 was caused by global uncertainty, such as international conflicts and 

changes in trade policies that had an impact on the domestic stock market. Internal factors, such as political 

uncertainty and domestic economic conditions, also affect investor confidence, which can cause fluctuations in the 

stock market. 
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Figure 2. LQ45 Index Plot 

4.2. HMM Initialization 

Model initialization at this stage involves initializing the base model to determine the optimal number of states. 

The Baum-Welch algorithm is used for the model initialization process. Model initialization uses the “hmmlearn” 

package in Python. In this initialization, the state space value interval is defined to determine the best model. State 

space in HMM refers to the number of possible hidden states that the system can take. State space refers to a series of 

possible conditions that a system can have. This process involves determining the optimal number of hidden states in 

the system. In this stage, the state space is set between the range of 2 and 14. The HMM will explore the determination 

of the range of the number of hidden states. The range states that the model will be tested with various possible 

numbers of hidden states, ranging from 2 to 14. This aims to determine the optimal number of hidden states in 

capturing data patterns. The model will be evaluated using criteria such as AIC and BIC to assess how well a model 

with a certain number of hidden states can explain the data. 

4.3. Determining the Optimal Number of States 

The state shows a condition at a particular time. The use of state aims to see a picture of the transition from one 

state to another that can help to understand the movement of the stock index. State transition describes the changes 

that occur in the stock index on the stock exchange. The formation of the state is determined by looking at the 

difference between the stock index and the index on the previous day. Initialization of the HMM base model using the 

Baum-Welch algorithm is carried out to find the optimal number of states. At this stage, the optimal number of hidden 

states will be determined from the state space range that has been explained in the previous section. The number of 

hidden states is a parameter that can affect the performance and ability of the model to understand hidden patterns 

found in observation data. To determine the optimal number of states, the metrics used are AIC and BIC. In this 

research, the optimal number of states was obtained from the AIC and BIC scores, as shown in Table 1. 

Table 1. Optimal Number of States 

Metric Optimal State Score 

AIC 10 8,221.9288 

BIC 5 8,432.4978 

Table 1 shows the number of optimal states with scores obtained from metric calculations using AIC and BIC. The 

results of these calculations show that the lowest score was obtained from the state space range of 2 to 14. The BIC 

metric can be used if the priority taken is to avoid overfitting and the model obtained is simple, while for AIC, the 
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resulting model is more complex. In this research, the state to be used is 5 based on the results of the BIC calculation 

with, consideration that the smaller number of states can facilitate the interpretation. In addition, a simpler and more 

general BIC allows the model to be better generalized when applied to new data.  

4.4. HMM Training 

HMM training involves estimating model parameters. This can be achieved using the Baum-Welch algorithm, 

which is part of the Expectation-Maximization (EM) algorithm. The Baum-Welch algorithm iteratively updates model 

parameters to find the optimal model. HMM training using the Baum-Welch Algorithm consists of three stages, 

namely initialization, E-Step, and M-Step. These stages produce optimal model parameters. The HMM parameters 

used in this modeling are denoted as 𝜆 = (𝜋, 𝐴, 𝜇, Σ), which include the initial probability 𝜋, transition matrix 𝐴, 

means 𝜇, and covariance 𝛴. 

4.4.1. Hidden State 

The hidden state in HMM describes an internal state in the system that cannot be observed directly. The use of 

hidden state aims to see the picture of the transition from one internal state to another internal state that can help in 

understanding the movement of the stock index. Although the hidden state cannot be observed directly, the hidden 

state affects the output that can be seen. A hidden state allows the system to understand and model the dynamics of 

relationship patterns based on existing observations. A hidden state describes a pattern of changes that occur in the 

stock index on the stock exchange. 

The hidden state is generated from patterns identified by the HMM model. The formation of a hidden state is based 

on changes in the stock index on a particular day compared to the index on another day. The model analyzes changes 

in sequential data to identify hidden states that reflect various market conditions. The hidden state regime describes a 

state of hidden patterns in the data identified by HMM. Regime reflects different situations or dynamics in a system. 

This refers to a state that cannot be observed directly but can be understood through analysis of changes in stock 

prices. Figure 3 shows the hidden state pattern obtained internally from the HMM modeling process. The pattern in 

state 1 shows low fluctuation with index changes ranging from 925 to 950. The pattern in state 2 shows a period of 

index decline ranging from 878 to 926. The pattern in state 3 shows an increase in the index, indicating a recovery 

after fluctuation ranging from 951 to 986. The pattern in state 4 shows a fairly high upward trend with an index value 

range of 973 to 1016. The pattern in state 5 shows a tendency for the index to fluctuate very low or can be said to be 

stable, with a movement range of 937 to 959. 

 

Figure 3. Hidden State Plot 
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4.4.2. Initial Probability 

The optimal number of states obtained will then be used to determine the probability of the initial state that will be 

used as a model parameter. The probability of the initial state is obtained from the Baum-Welch algorithm for each 

variable. This probability is obtained from the average of the initial probabilities at time 𝑡 =  1 from each observation 

sequence. The initial probability for Open data shows that the probability of starting a state that occurs most often is in 

state 3. 

Initial probability for Open data: 

𝜋𝑂𝑝𝑒𝑛 = [0 0 1 0 0] 

Initial probability for Close data: 

𝜋𝐶𝑙𝑜𝑠𝑒 = [0 0 1 0 0] 

Initial probability for High data: 

𝜋𝐻𝑖𝑔ℎ = [0 0 1 0 0] 

Initial probability for Low data: 

𝜋𝐿𝑜𝑤 = [0 0 1 0 0] 

4.4.3. Transition Probability Matrix 

The optimal number of states is used as a basis for viewing the transition probability. Based on the identification of 

the optimal number of states, the daily stock index movement pattern is categorized into five states. The movement of 

the stock index can be seen from the pattern of changes that occur in the daily stock index. The transition probability 

matrix is used to find out information about the state of stock prices in the past. Each row and column of the transition 

matrix shows the probability of transition from one state to another. The transition probability matrix shows the 

probability of a change in state in the LQ45 stock index. The transition probability matrix between states is shown in 

the following equation in the 𝑁 × 𝑁 matrix. 

Transition probability matrix for Open data: 

𝐴𝑂𝑝𝑒𝑛 =

[
 
 
 
 

0 1 0 0 0
0.6862 0 0.12574 0 0.18806

0 0.08278 0.91722 0 0
0 0 0 0.93667 0.06333

0.02522 0.02472 0 0.03658 0.91348]
 
 
 
 

 

Transition probability matrix for Open data Close: 

𝐴𝐶𝑙𝑜𝑠𝑒 =

[
 
 
 
 
0.81254 0.0809 0 0 0.10655
0.09805 0.90195 0 0 0

0 0.3359 0.6641 0 0
0 0 0 0.9371 0.0629

0.05066 0 0 0.03643 0.91291]
 
 
 
 

 

Transition probability matrix for data High: 

𝐴𝐻𝑖𝑔ℎ =

[
 
 
 
 

0 0.03562 0 0.05145 0.91292
0.04641 0.95359 0 0 0

0 0.50313 0.49687 0 0
0 0 0 0.93929 0.06071
1 0 0 0 0 ]

 
 
 
 

 

Transition probability matrix for data Low: 

𝐴𝐿𝑜𝑤 =

[
 
 
 
 
0.70689 0 0 0.21154 0.08158

0 0.86859 0.05295 0 0.07846
0 0.07378 0.92622 0 0
0 0 0 0.92816 0.07184

0.06534 0.052 0 0 0.88266]
 
 
 
 

 

In the transition probability matrix, the row represents the current state, and the column represents the next 

state. The transition matrix at the Open index for Row 1 shows: from state 1, there is a probability of 1 (or 100%) 

of moving to state 2. There is no probability of staying in state 1 or moving to states 3, 4, or 5. Row 2 shows: from 

state 2, there is a probability of 0.6862 (68.62%) of moving to state 1, 0.12574 (12.574%) of moving to state 3, 

and 0.18806 (18.806%) of moving to state 5, there is no probability of staying in state 2 or moving to state 4. Row 

3 shows: from state 3, there is a probability of 0.08278 (8.278%) to move to state 2 and 0.91722 (91.722%) to stay 



Journal of Human, Earth, and Future         Vol. 7, No. 2, June, 2026 

537 

in state 3, there is no probability of moving to states 1, 4, or 5. Row 4 shows: from state 4, there is a probability of 

0.93667 (93.667%) to stay in state 4 and 0.06333 (6.333%) to move to state 5, there is no probability of moving to 

states 1, 2, or 3. Row 5 shows: from state 5, there is a probability of 0.02522 (2.522%) to move to state 1, 0.02472 

(2.472%) to move to state 2, 0.03658 (3.658%) to move to state 4, and 0.91348 (91.348%) to remain in state 5, 

there is no probability of moving to state 3. The transition matrices for Close index, High index, and Low index 

also have the same interpretation. 

4.4.4. Means 

The average parameter or mean describes the center of data distribution. The average value shows the center of 

data distribution for each state. In this research, 5 states were used. For each variable (Open, Close, High, and Low), 

the average parameter provides information about the center of data distribution in each state. For each state in each 

variable, the average obtained between states describes the difference in data distribution for each state. This fairly 

varied difference indicates that the center of data distribution is good. In the means, each row represents each existing 

state. The mean value for each state in the variable is shown as follows. 

Means for Open Data: 

𝜇𝑂𝑝𝑒𝑛 =

[
 
 
 
 
953.23985
952.92526 
963.92852
911.59925
941.39226]

 
 
 
 

 

Means for Close data: 

𝜇𝐶𝑙𝑜𝑠𝑒 =

[
 
 
 
 
953.13910
963.39843
971.98931
911.46044
941.28141]

 
 
 
 

 

Means for High data: 

𝜇𝐻𝑖𝑔ℎ =

[
 
 
 
 
950.11034
966.52756
978.83148
918.67670
949.41037]

 
 
 
 

 

Means for Low data: 

𝜇𝐿𝑜𝑤 =

[
 
 
 
 
926.30493
946.95143
959.70034
902.26508
936.52212]

 
 
 
 

 

4.4.5. Covariance Matrix 

The Covariance Matrix describes the spread that occurs in observations around the mean in each state. Each 

element in the Covariance Matrix represents the variance of the distribution for each particular state. A small variance 

value indicates that the data is centered around the mean and has more minor fluctuations. At the same time, a 

considerable variance value indicates that the data has a wider spread around the mean with larger fluctuations. In the 

matrix, each row represents the covariance matrix value for each state. The covariance matrix for each state and for 

each variable is denoted as follows. 

Covariance matrix for Open data: 

Σ𝑂𝑝𝑒𝑛 =

[
 
 
 
 
13.54301
8.39134
20.53987
145.42967
25.04813 ]

 
 
 
 

 

Covariance matrix for Close data: 

Σ𝐶𝑙𝑜𝑠𝑒 =

[
 
 
 
 
10.15253
13.94872
14.17294
143.9587 
27.6355 ]

 
 
 
 

 



Journal of Human, Earth, and Future         Vol. 7, No. 2, June, 2026 

538 

Covariance matrix for High data: 

Σ𝐻𝑖𝑔ℎ =

[
 
 
 
 
40.01064
24.67967
0.32425

128.56984
36.72947 ]

 
 
 
 

 

Covariance matrix for High data Low: 

Σ𝐿𝑜𝑤 =

[
 
 
 
 

8.11048
15.14652
22.66807
110.68889
20.1324 ]

 
 
 
 

 

4.5. Prediction 

The prediction of the LQ45 stock index using the HMM method involves calculating the likelihood value. 

The log-likelihood of the model is used to predict the stock index in the future. The value is determined by 

comparing the log-likelihood of the previous observation with the log-likelihood of the current observation. This 

process involves comparing the log-likelihood of the previous observation with the log-likelihood of the new 

observation. The log-likelihood of the new observation is then identified as a reference for prediction. This 

process is used to estimate the historical probability of a future event, which is then used as a reference for 

predicting future prices. 

Figure 4 shows a comparison between the results of the stock index prediction and the actual stock data. The blue 

line on the graph represents the movement trend of the prediction results using the HMM method, while the red dotted 

line shows the movement trend for the actual stock index. Figure 4 shows a comparison graph for the open, close, 

high, and low variables. The lines produced by the prediction model show a tendency to follow the same pattern as the 

actual data line. This indicates that the model prediction has a pretty good match with the actual data. However, 

certain periods show prediction results that do not match the actual data observed. This may indicate that there are 

several factors that are not well captured by the prediction model. The goodness of the model can be measured by the 

metrics used in this research. 

  

  

Figure 4. Comparison of Actual Data with Predictions for Open, Close, High, and Low Price 
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4.6. Evaluation 

The paired 𝑡-test value obtains the accuracy value. The paired 𝑡-test is conducted to determine whether there is a 

difference between the actual data and the predicted data generated by the HMM. From both evaluations, each model 

will be generated on Open, Close, High, and Low data. The 𝑡-test is used to see the accuracy obtained by the model. 

The test calculates the difference between the predicted value and the actual value. The metric is used to calculate the 

extent to which the predicted value differs from the actual value observed. 

The paired 𝑡-test performed on the data produces a p-value as shown in Table 2. The paired 𝑡-test shows that the p-

value for Open and Close is greater than the specified alpha of 5%. The p-value is 0.51747 for the Open index, 

0.28551 for Close, 0.00 for High, and 0.00 for Low. From the results of the test, it can be concluded that there is no 

significant difference in the predicted data when compared to the actual data for Open and Close. There is a difference 

between the actual data and the predicted data for the High and Low variables. This shows that the prediction results 

for the Open and Close variables using the HMM method show good results. 

Table 2. Paired t-test calculation results 

 p-value Decision Conclusion 

Open 0.51747 Failed to Reject H0 There is no difference between actual and predicted data 

Close 0.28551 Failed to Reject H0 There is no difference between actual and predicted data 

High 0.00 Reject H0 There is a difference between actual and predicted data 

Low 0.00 Reject H0 There is a difference between actual and predicted data 

Table 3 shows the Root Mean Squared Error (RMSE) for different stock prices. Notably, the Open and Close 

prices exhibit the lowest RMSE values at 4.7503 and 7.8992, respectively. This suggests that the model demonstrates 

a comparatively higher accuracy in predicting the Open and Close prices when compared to the High and Low prices. 

The lower RMSE values for Open and Close may be attributed to factors such as increased market activity and 

liquidity during these periods, which can lead to more predictable price movements. Further investigation into the 

underlying patterns and features associated with Open and Close prices could lead to even more refined predictive 

models. 

Table 3. RMSE for Open, Close, High, and Low-Price Stock 

Price RMSE 

Open 4.7503 

Close 7.8992 

High 11.7197 

Low 16.7362 

In the research by Hansun & Young, presented RMSE for BBCA, BBNI, BBRI, BBTN, BMRI, BTPS [55]. All 

stock codes are considerably high, exceeding 200 in each case, suggesting a notable degree of prediction error across 

the board. The research conducted by Wibisono et al. used LSTM and CNN to predict the price of BBCA, BMRI, 

BBRI, BBNI, BBTN, and BRIS stocks [56]. The results showed that all stock indexes had an RMSE value of more 

than 45. Research conducted by Adiatmaja & Indraswari showed that the RMSE values for BBCA and ASII are 91.4 

and 80.1, respectively, using the GRU method [57]. Previous studies have shown that the RMSE obtained is greater 

than the RMSE in this study. Therefore, it can be concluded that the Open and Close prices have a significant 

influence and provide a better model than the Low and High prices. 

5. Conclusion 

The confluence of stock market dynamics and predictive modeling techniques necessitates a nuanced approach to 

forecasting the LQ45 index on the Indonesia Stock Exchange (IDX). As demonstrated by the studies reviewed, the 

LQ45 index, comprising 45 stocks with significant market capitalization and liquidity, serves as a key indicator of 

Indonesia's economic health. However, the inherent complexity of stock price movements, influenced by a myriad of 

factors ranging from macroeconomic indicators to investor sentiment, poses a significant challenge to accurate 

prediction. Traditional methods often fall short due to their inability to capture the temporal dependencies and hidden 

patterns within stock market data. This research, employing a Hidden Markov Model (HMM), marks a significant step 

forward by explicitly addressing these limitations. HMMs, with its capacity to model unobservable states and 

transitions, offer a more robust framework for understanding the stochastic processes governing stock prices. The 
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blend of the HMM framework, as discussed in the uploaded document, with findings from other studies, such as those 

using ARIMA, Random Forest, and regression models, underscores the importance of integrating multiple 

perspectives to create a more comprehensive understanding of LQ45 index behavior. Further research should explore 

hybrid models that leverage the strengths of various techniques to improve predictive accuracy and inform investment 

strategies. 

The practical implications of accurate LQ45 index prediction are far-reaching, extending from individual investors 

seeking data-driven portfolio management strategies to policymakers aiming to foster a stable and predictable 

economic environment. The ability to anticipate stock price movements allows investors to make informed decisions, 

allocate capital efficiently, and mitigate risk. Moreover, a stable stock market, underpinned by reliable forecasting 

models, can attract both domestic and foreign investment, fueling business expansion, job creation, and innovation. 

The success of the HMM in capturing the probabilistic patterns within the LQ45 index, as evidenced by the paired t-

test results in this research, highlights the potential of this method for practical application. However, it is essential to 

acknowledge the limitations of any predictive model. External factors, such as geopolitical events and sudden shifts in 

investor sentiment, can introduce unforeseen volatility into the stock market. Therefore, ongoing research is crucial to 

refining existing models, exploring new techniques, and developing comprehensive risk management strategies. 

Future research should focus on integrating external economic indicators, refining the determination of optimal hidden 

states, and exploring the application of HMMs in combination with other advanced analytical tools to enhance 

predictive accuracy and provide valuable insights for stakeholders in the Indonesian stock market. 
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