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Abstract—Market forecasting plays a critical role in economic 

signal processing. In this study, a model that applies the moving 

average convergence divergence (MACD) indicator together with 

learning-based architectures is proposed for market forecasting. 

First, we propose a novel MACD decomposition method to 

preprocess the data. By employing the proposed decomposition 

approach, the high- and low-frequency components are effectively 

separated. These components correspond to the short-term and 

the long-term information in the market, respectively. Then, two 

well-known models in economic forecasting, LSTM and ARIMA 

models, are employed to perform next-day predictions using only 

past closing prices. The proposed algorithm well integrates the 

merits of learning-based techniques and classical regression model. 

Despite of relatively less complexity, the proposed approach 

achieves promising performance and demonstrates adaptability 

across a variety of economic signals.  

 

I. INTRODUCTION 

In the stock market, technical indicators, such as the moving 

average convergence divergence (MACD) and Relative 

Strength Index (RSI), are commonly proposed by experts and 

economists based on empirical rules. These indicators are 

widely used to identify entry points and evaluate the strength 

of stock trends. In the domain of machine learning, long short-

term memory (LSTM)-based models have become the most 

prevalent approach for stock price prediction. Leveraging this, 

we employ the MACD indicator [1] from economic analysis to 

decompose the raw time series into high- and low-frequency 

components. These components are then individually predicted 

using LSTM [2] and ARIMA [3] models. By applying the 

above methodology, even when using only a one-dimensional 

time series (the closing price), enabling a more granular 

analysis of stock price movements.  

In this paper, we propose an approach that integrates tools 

from the field of economics with machine learning techniques. 

The key contribution of our work lies in utilizing the MACD 

indicator to facilitate more efficient data training. 

Long-term (low-frequency) features: For the low-

frequency component, we utilize the Long Short-Term 

Memory (LSTM) model, a type of recurrent neural network 

(RNN) [4] specifically designed to capture long-term 

dependencies in sequential data. LSTMs leverage memory cells 

and gating mechanisms (forget, input, and output gates) to 

selectively store, update, and utilize information, making them 

particularly effective for time series forecasting tasks. Due to 

its widespread application across numerous tasks, the potential 

of LSTM remains a topic of active discussion in recent studies 

[5]. 

Short-term (high-frequency) features: Due to the strong 

performance of the ARIMA model in short-term prediction, it 

is well-suited for handling the high-frequency component. The 

ARIMA model consists of three components: autoregressive 

(AR), integrated (I), and moving average (MA). A key 

requirement for ARIMA is that the input data must be 

stationary, meaning its mean and variance remain constant over 

time. The integrated component of ARIMA addresses non-

stationary means, while a logarithmic transformation is often 

applied to ensure variance stationarity. 

The ARIMA model is parameterized by three values 𝑝, 𝑑, 

and 𝑞 , where 𝑝  represents the number of lag observations 

included in the autoregressive term, 𝑞 indicates the number of 

lagged forecast errors in the moving average term, and 𝑑 

denotes the order of differencing applied to achieve stationarity. 

In the signal with trend, typically set to 𝑑 ൌ 1. 

To optimize the ARIMA model parameters, we employ the 

Akaike information criterion (AIC) [6]. AIC balances model 

complexity and goodness of fit, with lower AIC values 

indicating better model performance. The ARIMA model is an 

active subject of research and discussion in the context of short-

term forecasting [7]. 

This paper systematically introduces our proposed method, 

detailing the application of the MACD indicator to preprocess 

the data and the design of our model architecture. Furthermore, 

we conduct a comparative analysis with several commonly 

used models to evaluate the effectiveness and performance of 

our approach. 

The primary contribution of this paper is its novel high–

low frequency decomposition framework, which preprocesses 

real‐world market indicators through mathematical techniques 

to yield frequency components that implicitly reflect the 

behavior of traders and can be applied across diverse economic 

signals. Building on this decomposition, we tailor the choice of 

regression model to the specific characteristics of each 

frequency component, thereby enhancing predictive accuracy.
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Fig. 1   Flow diagram of the proposed MACD-LSTM-ARIMA market prediction model.  

 

Moreover, by combining advanced machine‐learning methods 

with classical, interpretable regression models, we exploit the 

complementary strengths of both approaches to achieve robust 

and explanatory forecasting performance. 

 

II. PROPOSED METHOD 

The proposed method can be divided into two parts: (I) 

Preprocessing section and (II) Model section, based on the 

flow diagram, as in Fig. 1. 

 

A. Min-Max Normalization 

First, we apply a Min-Max scaling to the raw time‐series data. 

This transformation serves to stabilize the input range during 

model training, in machine learning, it is common to use min 

max transform to stabilize training [8]. To prevent any look‐

ahead bias, we fit the Min-Max scaler exclusively on the 

training set’s observed range. By performing this operation, we 

ensure that all subsequent scaling of validation and test data 

relies solely on information available at training time. 

 
𝑥௦௖௔௟௘ௗ ൌ  

𝑥 െ 𝑥௠௜௡

𝑥௠௔௫ െ  𝑥௠௜௡
 (1)

 

B. MACD Indicator 

The MACD (Moving Average Convergence Divergence) is 

one of the most widely used economic indicators, introduced 

by Gerald Appel in the 1970s. It is defined as the difference 

between the short-term Exponential Moving Average (EMA) 

and the long-term EMA. The EMA at time 𝑡  is defined as 

follows:  

 𝐸𝑀𝐴௧ ൌ 𝑃௧ • 𝐾 ൅ 𝐸𝑀𝐴௧ିଵ • ሺ1 െ 𝐾ሻ, (2)

where 𝑃௧  is the price at time 𝑡 , and for n-period EMA, 

n denotes the number of time steps considered. A 

larger n results in a smoother average by giving more weight to 

past observations, our first EMA will be generated until we 

obtain n data points, and it 𝐾 can be defined as  

 

      𝐾 ൌ 2/ሺ𝑛 ൅ 1ሻ.         (3)

After we obtain the EMA, we can calculate the MACD as 

following: 

 𝑀𝐴𝐶𝐷௧ ൌ 𝐸𝑀𝐴௧
௔ െ 𝐸𝑀𝐴௧

௕,  (4)

where 𝑎 and 𝑏 represent the period of EMA, and 𝑎 ൏ 𝑏. In 

this paper, 𝑎 and 𝑏 are chosen as 12 and 26, which are the 

pair most used in the economic field. Up to the present day, the 

MACD technical indicator continues to be widely studied and 

utilized for trading purposes [9]. 
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Fig. 2   The S&P500 closing price and its low frequency part 

decided by MACD-decomposition. 

 

C. MACD Decomposition with Logarithm 

A key feature of the MACD decomposition is its ability to 

preserve the critical high-frequency components present in 

market data. This arises because many traders rely on technical 

indicators to guide their buy and sell decisions, and those 

trading actions, in turn, exert a direct influence on market prices. 

We first apply a logarithmic transformation to the entire 1-

dimensional time series. This transformation reduces the scale 

of the original data and thereby mitigates the increased variance 

caused by large-magnitude values, and the variance can be 

stabilized by logarithmic transformation [10]; The value 

obtained here is the natural logarithm of the closing price 

𝑙𝑛ሺ𝐶𝑙𝑜𝑠𝑖𝑛𝑔 𝑝𝑟𝑖𝑐𝑒ሻ. Furthermore, it also has its own MACD 

value, denoted here as 𝑀𝐴𝐶𝐷∗ . As a result, the selected 𝑐 

more closely aligns with our objectives. It should be noted that 

the logarithmic transformation is used exclusively during the 

𝑐 -optimization phase and does not participate in the actual 

signal decomposition. 

 𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒௖ 𝑉𝑎𝑟ሺ𝑙𝑛ሺ𝐶𝑙𝑜𝑠𝑖𝑛𝑔 𝑝𝑟𝑖𝑐𝑒ሻ െ 𝑐 • 𝑀𝐴𝐶𝐷∗ሻ, (5) 

where 𝑐 is a constant, 𝑐̂ is its optimal value, and 𝑉𝑎𝑟 is the 

variance of l𝑛ሺ𝐶𝑙𝑜𝑠𝑖𝑛𝑔 𝑝𝑟𝑖𝑐𝑒ሻ minus 𝑐 times the MACD of 

𝑙𝑛ሺ𝐶𝑙𝑜𝑠𝑖𝑛𝑔 𝑝𝑟𝑖𝑐𝑒ሻ. The parameter c can be optimized by the 

partial derivative of the variance and solving a linear equation. 

In this stage, the optimal coefficient 𝑐̂ is applied to both the 

closing‐price 𝐶𝑙𝑜𝑠𝑖𝑛𝑔 𝑝𝑟𝑖𝑐𝑒  and its corresponding MACD 

series 𝑀𝐴𝐶𝐷. The resulting decomposition produces a low‐

frequency component 

 𝐿𝑡 ൌ  𝐶𝑙𝑜𝑠𝑖𝑛𝑔 𝑝𝑟𝑖𝑐𝑒 െ 𝑐̂ • 𝑀𝐴𝐶𝐷  (5)

and a high‐frequency component 

 𝐻𝑡 ൌ  𝑐̂ • 𝑀𝐴𝐶𝐷.  (6)

Fig. 2 illustrates the low‐frequency component extracted 

from the decomposition of the closing‐price series and its low  

 

Fig. 3   The S&P500 closing price and its MACD value. 

 

frequency component 𝐿𝑡 . As shown, short‐term fluctuations 

are substantially attenuated. 

D. Smoothing of the Low-Frequency Component 

In this stage, since the key high-frequency information has 

already been isolated, it is sensible to filter out any residual 

high-frequency noise from the low-frequency component, 

thereby enhancing stability during the training phase. Therefore, 

a low-pass filter is applied to the low-frequency component of 

the training set to enhance stability during the training phase. 

 

E. Model Selection for Long Term Signal: LSTM 

At this stage, we have successfully obtained both the low-

frequency and high-frequency components. Because LSTM 

can retain information from distant past observations, it was 

chosen as the regression model for the low-frequency 

component. Moreover, by applying a low-pass filter to the low-

frequency series in the preprocessing stage, the training process 

achieves greater stability, Furthermore, a complex model 

architecture is unnecessary. 

 

F. Model Selection for Short term Signal: ARIMA 

The ARIMA model is selected for the high-frequency 

component because it conditions its forecasts solely on the 

preceding pp days of observations, making it ideally suited for 

short-term prediction. Moreover, inspection of the MACD 

waveform Fig.  shows that it oscillates symmetrically around 

zero and, since MACD amplitude is inherently linked to trend 

magnitude, its variance remains approximately constant over 

time. These properties exactly satisfy ARIMA’s stationarity 

requirements—constant mean and variance—so that the high-

frequency signal 𝐻𝑡, which is derived from MACD, unlike a 

trend-driven series, does not require differencing to meet the 

stationarity assumptions of the model. 
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Fig. 4  Comparison of Predicted and Actual Results for the S&P 500 by (a) MACD-LSTM-ARIMA (proposed method), (b) LSTM, (c) GRU, (d) 

Bidirectional LSTM, (e) Support Vector Regression, (f) ARIMA. 
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Table I  Mean Absolute Percentage Error (MAPE) of The Proposed Market Prediction Algorithms Versus Others Methods on Various Time‐

Series Datasets. 

 Proposed Method LSTM Bi-LSTM GRU ARIMA SVR 

S&P500 0.59% 0.71% 0.70% 0.92% 0.65% 0.73% 

TAIEX 0.98% 1.21% 1.09% 1.20% 0.99% 0.97% 

NASDAQ 0.91% 0.89% 0.93% 0.96% 0.87% 0.92% 

USDTWD 0.46% 0.48% 0.44% 0.42% 0.42% 0.45% 

US10Y 1.07% 1.14% 1.11% 1.02% 1.06% 1.06% 

GC 0.61% 1.25% 1.63% 2.74% 0.62% 1.91% 

CCFC 1.23% 1.63% 1.38% 1.32% 1.39% 1.34% 

Total 0.836% 1.044% 1.040% 1.226% 0.857% 1.054% 

 

III. EXPERIMENTAL RESULT 

In this section, we employ data from the yfinance database 

covering the period from March 5, 2023, to October 5, 2024. 

Ten percent of the time series observations are held out for 

testing, while the remaining 90 percent serve as the training set. 

The dataset includes the S&P500, the Taiwan Stock Exchange 

Weighted Index, the NASDAQ Composite Index, the 

USD/TWD exchange rate, the U.S. 10-year Treasury yield, 

gold futures, and continuous corn futures contracts. To assess 

the efficacy of our MACD–LSTM–ARIMA approach, we 

compare its forecasting performance against several 

established models—namely, a standard LSTM, a GRU, a 

bidirectional LSTM, support vector regression, and a 

standalone ARIMA model. Each model was selected based on 

relevant economic literature [11-15] and appropriately adjusted 

to suit our input data. 

In this study, we use the mean absolute percentage error 

(MAPE) to quantify forecasting accuracy: 

𝑀𝐴𝑃𝐸 ൌ
ଵ

௡
∑ |ሺ𝑦௧ െ 𝑦ො௧ሻ/𝑦௧|௡

௧ୀଵ ∗ 100%,  (7)

where 𝑦௧ is the actual value at time 𝑡, 𝑦ො௧ is the predicted value 

at time 𝑡, and 𝑛 is the number of observations. A lower MAPE 

indicates better performance, and this metric enables 

aggregation for a comprehensive comparison. 

Table  displays the error metrics quantified by the mean 

absolute percentage error (MAPE), while Fig.  illustrates—

using the S&P 500 series as an example—a visual comparison 

of predicted versus observed values across different regression 

forecasting models. 

As shown in Table , the proposed method achieves the lowest 

MAPE on the S&P 500, GC (gold futures), and CCFC 

(continuous corn futures) series. Moreover, when summing 

MAPE across all assets, the proposed method again ranks first, 

demonstrating strong adaptability to diverse datasets. Notably, 

in the GC row only the standalone ARIMA model attains a 

competitive MAPE of 0.62 %, whereas our hybrid approach—

despite its LSTM component—yields an improved MAPE of 

0.61%. We attribute this improvement to the explicit 

decomposition into high- and low-frequency components and 

the complementary strengths of the LSTM and ARIMA models, 

which together mitigate each other’s weaknesses. 

 

IV. CONCLUSIONS 

The key feature of our approach is the integration of 

economic technical indicators with a long-memory machine-

learning model (LSTM) and a classical short-term forecasting 

regression model (ARIMA). By introducing our MACD 

decomposition, one-dimensional time-series signals are 

decomposed via MACD calculations—implicitly reflecting 

how market participants rely on technical indicators when 

making trading decisions. Empirical results show that, 

compared to conventional models, our hybrid framework 

adapts more effectively across diverse univariate datasets and 

achieves superior predictive performance. 
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