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1. [bookmark: _Toc196470092]Introduction
	Nowadays, economic signal forecasting plays a crucial role in providing insights into future economic trends. The primary goals of economic signal prediction are effective risk management and achieving favorable returns. With the advancement of machine learning, large volumes of data can be rapidly processed to identify optimal parameters. Models such as long short-time memory (LSTM), the autoregressive integrated moving average model (ARIMA), and the convolutional neural network (CNN) have been explored for this purpose. This work tutorial will introduce some fundamental models commonly used in economic signal forecasting. Nowadays, economic signal forecasting plays a crucial role in providing insights into future economic trends. The primary goals of economic signal prediction are effective risk management and achieving favorable returns. With the advancement of machine learning, large volumes of data can be rapidly processed to identify optimal parameters. Models such as LSTM, the ARIMA, and the CNN have been explored for this purpose. This work will introduce some fundamental models commonly used in economic signal forecasting.


2. [bookmark: _Toc196470093]Commonly Used Deep Learning models in Economics
From [1], LSTM which is one of the variants of the RNN and reinforcement learning are the most widely adopted approaches. However, these two methods are two kinds of methods are applied in different contexts, which will be explained in the following sections.
[bookmark: _Toc196470094]2.1 Commonly Used model for Regression 
LSTM [2], ARIMA [3], Random Forest [4], and SVR [10] are widely recognized regression models frequently employed in the economic domain for direct price prediction. Given a time series dataset, these models are capable of learning patterns from historical data and formulating regression equations to forecast future values. These equations typically utilize past observations and associated features to predict subsequent price movements. Since the target variable represents continuous numeric values, such applications are categorized as regression problems within the supervised learning framework. Furthermore, in addition to predicting exact price levels, these models are often adapted to estimate the direction of stock price movement—such as determining whether prices are likely to rise or fall. The following sections will primarily focus on regression-based approaches under the supervised learning paradigm.
[bookmark: _Toc196470095]2.1.1 LSTM model (Long Short-Term Memory model)
	Due to its outstanding performance in time series forecasting, LSTM plays a significant role in the field of economic signal prediction. LSTM model is proposed by Hochreiter and Schmidhuber [2]. The LSTM model is a variant of the RNN model, primarily designed to address the issue of RNNs being unable to retain information from earlier time steps, and this makes it more suitable for price prediction tasks.
Cell and Gate unit 
The key feature of LSTM is its unique forget gate, input gate, and output gate. The operation of these gates helps the LSTM model determine what information needs to be retained. This section will also introduce the update mechanism of the current cell and the process of generating the output value. The architecture of the LSTM cell is illustrated in Fig. 1. A detailed explanation of its internal mechanisms will be provided in the following sections.
[image: ]
[bookmark: _Ref196395539]Fig. 1: LSTM Flow Diagram
Forget gate
In this process, we use the output value from the previous time step and the input value from the current time step. A weight function is applied to obtain the output of the Forget gate. The purpose of the weight function is to determine how much information should be forgotten, based on the output value from the previous time step and the input value from the current time step. The function is shown below:
	
	
	Eq. 1


, where  is the output value of the forget gate, which has the range of 0-1,  is the weight function of forget gate,  is the output value of last time,  is current input value,  is the bias of forget gate,  is sigmoid layer which squashes the values between 0 and 1.
Input gate
The task performed by the input gate is like that of the forget gate. The value of the Input gate is primarily used for multiplication with the corresponding cell state. This, along with the Forget gate value and the cell state from the previous time step, is used to update the new cell state. The value of the input gate can be found using the following equation: 
	
	
	Eq. 2


, where  is the output value of the input gate, which has the range of 0-1,  is the weight function of input gate,  is the output value of last time,  is current input value,  is the bias of input gate,  is sigmoid layer which squashes the values between 0 and 1.
Cell state
In the cell state portion, it is important to remember that the Forget gate corresponds to the cell state from the previous time step. The next step is to identify the cell state corresponding to the Input gate, which is commonly referred to as the candidate cell state. The candidate cell state can be found using the following equation:
	
	
	Eq. 3


, where  is the candidate cell state value,  is the weight function of the candidate cell state.,  is the output value of last time,  is current input value,  is the bias of the candidate cell state,  is the hyperbolic tangent activation function, which squashes the values between -1 and 1.
After finding the candidate cell state , the next step is to update the current cell state ​. The update is done by combining the output from the forget gate and the Input gate. The updated cell state can be computed using the following equation:
	
	
	Eq. 4


, where is the current cell state value, is the last cell state value,  is the output value of the forget gate,  is the candidate cell state value,  is the output value of the input gate. The current cell state  will be used in conjunction with the Output gate to determine the output of the current time step. Additionally, it will be used along with the Forget gate to update the cell state at the next time step.
Output gate
For the output gate, the following equation is used to compute the output of the current time step:
	
	
	Eq. 5


, where  is the output value of the output gate, which has the range of 0-1,  is the weight function of output gate,  is the output value of last time,  is current input value,  is the bias of output gate,  is sigmoid layer which squashes the values between 0 and 1.
The final output of LSTM unit
The final output ​ of the LSTM unit is then calculated by:
	
	
	Eq. 6


, where is final output of LSTM unit, ​ is the current cell state,  is the hyperbolic tangent activation function, which squashes the values between -1 and 1.
	LSTM is particularly effective for handling long-term dependencies in time-series data. It can automatically learn complex nonlinear relationships and is especially useful for data with significant temporal dependencies.

[bookmark: _Toc196470096]2.1.2 ARIMA model (Autoregressive Integrated Moving Average Model)
The ARIMA model is a variant of the ARMA model and is commonly used for time series forecasting. It consists of three components: AR (Autoregressive), I (Integrated), and MA (Moving Average). In this section, we will first explain the AR and MA components before introducing the I component.
AR (Autoregressive) Part
The Autoregressive (AR) model generates new data points based on past values, such as daily stock closing prices. This approach is referred to as an autoregressive model. An important parameter in the AR model is  , which represents the number of past time points used to predict the current value. The general form of the AR model is given by:
	
	
	Eq. 7


, where  is the value to be predicted at time  ,  p represents the number of past time steps used for prediction,  ​ is the actual value at time  for  ,  ​ is the coefficient associated with  , indicating its contribution to the prediction, ​ represents the error term at time  ,   is a constant term.
MA (Moving Average) Part
The Moving Average (MA) model predicts the error at a new time point based on past forecast errors. Unlike the AR model, which directly uses past actual values, the MA model relies on the relationship between past forecast errors and new observations. The general form of the MA model is:
	
	
	Eq. 8


, where  represents the predicted value at time ,  is the mean of the time series,  denotes the number of past error terms considered in the model,  represents the stochastic error term at time  ,  denotes the known forecast error at time for  , and  is the coefficient associated with each past error term . 
	It is referred to as the Moving Average (MA) model because it includes a mean term . Since the model predicts the error of a given data point rather than the data point itself, the mean term represents the average value of the original data rather than the mean of the errors themselves. 

ARMA Form
The complete Autoregressive Moving Average (ARMA) model requires the simultaneous consideration of both the Autoregressive (AR) and Moving Average (MA) components. The integration method can be understood as substituting the non-error components of the AR model into the mean term of the MA model. The resulting equation is given as follows:
	
	
	Eq. 9


, where  is the value to be predicted at time  ,  p represents the number of past time steps used for prediction,  ​ is the actual value at time  for  ,  ​ is the coefficient associated with  , indicating its contribution to the prediction,  denotes the number of past error terms considered in the model,  represents the stochastic error term at time  ,  denotes the known forecast error at time for  , and  is the coefficient associated with each past error term ,   is a constant term.
I (Integrated) Part
	The Autoregressive Integrated Moving Average (ARIMA) model requires the input data to be stationary. The Integrated (I) component plays a crucial role in achieving stationarity by applying differencing to stabilize the mean of the time series. Additionally, logarithmic transformation is often used alongside differencing to stabilize the variance, ensuring the overall stationarity of the data. Similar to the parameter  in the AR model and  in the MA model, the integrated model also has a parameter , which represents the number of differences. Generally,  indicates that only one differencing is applied.
Variance Stabilization
To stabilize the variance of a time series and enhance the performance of the model, certain transformations are typically applied prior to fitting the ARIMA model. As noted in [14], common approaches include the square root and logarithmic transformations. These methods are particularly effective when the original data exhibit exponential growth or heteroscedasticity—characteristics frequently observed in financial and economic time series. By applying a logarithmic transformation, the impact of large fluctuations can be reduced, the scale of the data can be normalized, and the series can be rendered more stationary, which is a fundamental assumption of ARIMA modeling. After forecasting is conducted in the log-transformed domain, an inverse transformation (i.e., exponentiation) is applied to convert the predictions back to the original scale. 
In this example, S&P 500 data retrieved from the yfinance library is used. After applying a logarithmic transformation to the original data, it can be observed that the range of values on the y-axis is significantly compressed in Fig. 2. This compression leads to greater stability in the variance compared to the original, untransformed data.
	(a)
[image: ]
	(b)
[image: ]


[bookmark: _Ref196395604][bookmark: _Ref196391503]Fig. 2: (a)The closing prices of S&P 500 and (b)their logarithmic transformation result.
Order Selection
	Since the ARIMA model has parameters  , , , these parameters can be selected by evaluating model performance metrics. The primary criteria used for this selection are the Akaike’s Information Criterion (AIC) and the Bayesian Information Criterion (BIC). Both methods evaluate the model based on its complexity and goodness of fit. In practice, an iterative approach is typically used to implement them.
The equation for AIC is as follows:
	
	
	Eq. 10


, where  represents the number of model parameters, where  , indicating the model's complexity.  represents the maximum value of the model's likelihood function, indicating the goodness of fit. 
	Then, the equation for BIC is:
	
	
	Eq. 11


, where  represents the number of model parameters, where  , indicating the model's complexity. n is the number of data points,  represents the maximum value of the model's likelihood function, indicating the goodness of fit. 
First, considering , for both criteria, a larger  indicates a more complex model. Since a simpler model is generally preferred, a smaller  is desirable. Conversely, a larger  signifies a better goodness of fit, which is favorable.
Therefore, combining these factors, both AIC and BIC aim to balance model complexity and goodness of fit, where a lower value is preferred for both criteria.
From a mathematical perspective, the difference between AIC and BIC lies in their respective penalties for model complexity. BIC imposes a stricter penalty on the number of parameters compared to AIC, leading to a stronger preference for simpler models.
	ARIMA is effective for stationary time series data and offers strong mathematical interpretability. It performs well on smaller datasets and does not require extensive computational resources.
[bookmark: _Toc196470097]Random Forest Regression
Random Forest is widely applied in the economic domain. The term "forest" refers to an ensemble of multiple decision trees. To generate these decision trees, a technique called bagging, also known as Bootstrap Aggregating, is used. This method involves randomly selecting multiple samples from the original dataset to train individual decision trees. The final result is obtained by aggregating the predictions of these trees.
One key advantage of this approach over a single decision tree is its ability to effectively reduce overfitting, improving model generalization. In Random Forest, there are two primary tools: Random Forest Regressor, which is used for predicting continuous values, and Random Forest Classifier, which is used for categorical predictions.
Random Forest Regressor is widely applied in the field of economic signal analysis, particularly for forecasting prices and other numerical indicators. For example, it has been employed to predict stock closing prices using historical financial data and technical indicators [5]. Its distinguishing feature is that, when combining the results of different decision trees, it takes the average value of all individual tree predictions to generate the final output. This helps to reduce variance and improve the stability of predictions. The prediction process can be represented by the following equation:
	
	
	Eq. 12



, where  is the final predicted value,   is the number of decision trees in the Random Forest,  represents the prediction made by the   decision tree for input  .
	Random Forest is robust in handling complex nonlinear relationships and is resilient to outliers. It can be applied to both regression and classification tasks, providing automatic feature importance ranking. It is less prone to overfitting than individual decision trees.
[bookmark: _Toc196470098]SVR (Support Vector Regression)
Support Vector Regression (SVR) is a commonly used regression model in economics. It is derived from the Support Vector Machine (SVM) framework and is particularly effective for handling nonlinear data, such as highly volatile stock markets [7]. However, it requires significant computational resources. The following section will explain the principles of Support Vector Regression (SVR).
Typically, the forecasting equation can be expressed using the following equation:
	
	
	Eq. 13


, where  is the weight of  where ,  is the prediction value base on ,  is bias. In time series data,  can be considered as the window size. This means that for the forecast at time , the values from time  to  are used.
	To prevent overfitting of the model, the Euclidean norm of the weights is constrained.  is defined as:
	
	
	Eq. 14


. During the training phase, it is essential to minimize the error between the predicted values and the true values as much as possible. At the same time, the permissible error is defined as . The following is the error equation for different time points.
	
	
	Eq. 15


. Then, it can be written as an optimization problem:
	
	
	Eq. 16






. Here, slack variables ,  are introduced. When the error exceeds , the slack variable serves as a penalty. The equation is then modified to the following form:
	
	
	Eq. 17








, where  is a constant, it is used to control the degree of the penalty term.
The optimal dual function of this problem can be obtained through the Lagrangian function. The dual formula is as follows:
	
	
	
Eq. 18







, where ,  is non-negative multiplier. Then by doing the partial derivative of  in regard to the weight vector, the following result can be obtained:
	
	
	Eq. 19


, knowing that the solution occurs when this formula equals to 0, the forecasting equation can be written as:
 
	
	
	Eq. 20


	To avoid the inefficiency of directly computing the dot product in high-dimensional space, different kernel functions can be used to replace the effect of the dot product. Commonly used kernel functions include the Linear kernel:
	
	
	Eq. 21


, Polynomial kernel of degree :
	
	
	Eq. 22


, where  is constant, and Gaussian kernel:
	
	
	Eq. 23


. Then, the forecasting equation in general form is:
	
	
	Eq. 24



SVR is capable of handling nonlinear relationships effectively and can extend to high-dimensional spaces by selecting appropriate kernel functions. It is relatively efficient with smaller datasets and has good tolerance to noise.
[bookmark: _Toc196470099]Commonly Used Model for Classification & Reinforcement Learning Model
	In recent years, classification tasks and reinforcement learning models have gained significant traction in the field of financial market prediction and algorithmic trading. These approaches are well-suited for handling the highly nonlinear, volatile, and noisy nature of financial data. Classification models, such as Random Forest and Convolutional Neural Networks (CNNs), are commonly used to predict discrete outcomes like market direction (e.g., whether prices will rise or fall). In contrast, reinforcement learning focuses on sequential decision-making and is often applied to real-world trading scenarios, aiming to learn optimal trading strategies based on dynamic market conditions. The following sections provide an overview of these key methods and their applications in economic and financial forecasting.
[bookmark: _Toc196470100]Random Forest Classification
The Random Forest Classifier shares similarities with the previously introduced Random Forest Regressor, as both methods rely on an ensemble of decision trees to make predictions. However, the key difference lies in the type of prediction they generate: the regressor predicts continuous numerical values, whereas the classifier predicts discrete categories. Specifically, the Random Forest Classifier can be applied to determine whether stock prices or other types of economic data will increase or decrease. Unlike the regressor, which averages the outputs of the individual trees, the classifier aggregates the outputs from multiple decision trees through a majority voting mechanism. This approach has been employed in prior research to classify market movements [6]. Each individual decision tree in the forest provides a categorical output (e.g., "Up" or "Down" for stock price movement). The final classification result is determined based on the most frequently predicted category among all trees, as shown in the following equation:
	
	
	Eq. 25


, where  is the final predicted class,   is the number of decision trees in the Random Forest,  represents the prediction made by the   decision tree for input  ,  refers to the most frequently occurring category among all predictions.
Like the regressor, the Random Forest Classifier also benefits from the advantages of ensemble learning, such as handling large datasets, capturing non-linear relationships, and providing reliable predictions despite noisy or missing data.
[bookmark: _Toc196470101]CNN model (Convolutional Neural Network model)
Convolutional neural networks (CNNs) were originally developed for image processing tasks and have recently been adapted to various time series applications, including financial market forecasting. CNNs are particularly effective in capturing spatial and regional patterns through convolutional filters, which makes them suitable for identifying short-term temporal trends and regional dependencies in financial time series data.
In the context of stock market forecasting, CNNs are primarily used for classification tasks (e.g., predicting whether the market will rise or fall, where the model outputs probabilities associated with the market direction or other discrete outcomes).
One of the strengths of CNNs in financial applications is their ability to automatically extract relevant features from raw or transformed input data (such as candlestick charts or indicator matrices) without relying heavily on hand-crafted features. This makes CNNs a powerful tool for modeling the complex, nonlinear, and noisy patterns inherent in financial markets.
Recent studies have shown that CNN-based models, especially when combined with other deep learning methods or hybrid frameworks (e.g., CNN-LSTM [8]), can outperform traditional models in certain market forecasting tasks by effectively capturing spatial and temporal dependencies.
In addition, CNNs can also be used for regression (for example, predicting future stock prices. When configured for regression, CNNs are usually trained on structured time series data (such as historical price changes and technical indicators) and output continuous values ​​representing predicted future prices.
[bookmark: _Toc196470102]Reinforcement Learning
Reinforcement learning differs from models such as LSTM, RNN or CNN, which are typically employed for predicting future prices. Instead, reinforcement learning is commonly designed for real-world trading scenarios, and more application can refer to [9]. It involves defining states and corresponding actions, and it learns to identify optimal decisions through experience. While reinforcement learning may initially appear like supervised learning, the key distinction lies in the absence of a labeled dataset. Instead, reinforcement learning relies on past feedback (e.g., maximizing profit) to determine the most appropriate action for the current state. Therefore, its application in the economic domain can be regarded as "making optimal trading decisions based on market conditions." The input data may include not only prices but also other factors such as news, exchange rates, and more.


[bookmark: _Toc196470103]Stock Prediction Evaluation Metrics
[bookmark: _Toc196470104]Price Prediction (Regression Metrics)
In evaluating prediction accuracy for economic and financial time series, error metrics such as Mean Absolute Percentage Error (MAPE), Mean Squared Error (MSE), and Mean Absolute Error (MAE) are widely used. Each metric has unique properties and implications depending on the nature of the data and the goal of the analysis, and more metrics used in economic signal can refer to [12]. Let  denote the actual value,  the predicted value, and  the total number of observations. These notations will be used consistently throughout the following equations and descriptions.
One of the key advantages of Mean Absolute Percentage Error (MAPE) is that it expresses prediction errors in percentage terms, which makes it scale-independent and allows for direct comparison across datasets of different magnitudes. This is particularly valuable in economic signal analysis, where indicators such as GDP, inflation, or market returns may vary significantly in scale. Because of this, MAPE is commonly used in macroeconomic forecasting (e.g., GDP growth, inflation rates) and financial forecasting scenarios where stakeholders prioritize relative accuracy over absolute error. For example, when forecasting investment returns or consumer demand, expressing errors as a percentage provides more intuitive insights for decision-makers.
The formula for MAPE is given by:
	
	
	Eq. 26


In contrast, Mean Squared Error (MSE) is another widely used evaluation metric that places greater emphasis on larger errors by squaring the residuals. The main advantage of MSE is its ability to penalize large deviations more heavily, making it particularly suitable in contexts where larger prediction errors are considered more severe. In economic signal analysis, this is especially relevant, as large forecasting errors often correspond to higher perceived risk. Therefore, MSE is a valuable metric for assessing models applied to high-risk financial instruments or volatile economic indicators, where minimizing extreme deviations is critical.
The formula for MSE is given by:
	
	
	Eq. 27


Another commonly used metric is Mean Absolute Error (MAE), which calculates the average of the absolute differences between predicted and actual values. Unlike MSE, MAE treats all errors equally, without disproportionately penalizing larger deviations. This makes MAE more robust to outliers and a better fit for datasets with non-extreme but consistent noise, which is often the case in financial time series.
The formula for MAE is given by:
	
	
	Eq. 28


[bookmark: _Toc196470105]Direction Prediction (Classification Metrics)
In financial forecasting, particularly when the task is to predict the direction of asset price movement (e.g., "up" or "down"), the problem is treated as a classification task rather than a regression problem. In such cases, evaluation metrics differ from traditional error-based measures and instead rely on classification accuracy and related indicators. The most commonly used metrics include Accuracy, Precision, Recall, F1 Score, Confusion Matrix, and for further information and advanced applications, readers may refer to [13].
In classification-based forecasting tasks, such as predicting whether a stock price will go up or down, the following metrics are commonly used to evaluate model performance. Here, define  is true positives, it means predict up, and it actually went up,  is true negatives, it means predict down, and it actually went down,  is false positives, it means predict up, but it went down,  is false negatives, it means predict down, but it went up,
Accuracy measures the overall proportion of correct predictions. In stock direction forecasting, it gives a quick view of model performance, but may be misleading when the data is imbalanced (e.g., mostly upward trends). The formula for Accuracy is given by:
	
	
	Eq. 29


Precision indicates how many of the predicted "up" movements were actually correct. It's useful in trading systems that aim to avoid false positives, such as unnecessary or risky entries. The formula for Precision is given by:
	
	
	Eq. 30


Recall shows how well the model captures actual "up" movements. This is important in strategies focused on catching all profitable opportunities, minimizing missed gains. The formula for Recall is given by:
	
	
	Eq. 31


The F1 Score balances precision and recall, making it suitable for imbalanced datasets. It's especially useful when both missed opportunities and false trades carry risk. The formula for F1 Score is given by:
	
	
	Eq. 32


The confusion matrix presents the counts of all prediction outcomes , , , . It helps traders understand the types of errors the model makes and refine strategy accordingly. The form of Confusion Matrix is given by:

Table 1: The form of confusion matrix.
	
	Predicted Up
	Predicted Down

	Actual Up
	
	

	Actual Down
	
	





[bookmark: _Toc196470106]Technical Indicators
	In the economic domain, many analysts utilize various technical indicators, such as Moving Average (MA), Moving Average Convergence Divergence (MACD), and Relative Strength Index (RSI), to assess current market conditions and trends. These indicators serve as valuable tools for interpreting financial data and making informed decisions.
In economic signal processing, some researchers incorporate raw financial signals alongside technical indicators to enhance their analytical methods, providing additional reference points for their studies. Others use technical indicators to preprocess raw signals, refining the data to better suit their objectives.
These economic indicators represent the accumulated knowledge and experience of past market analyses, offering a more intuitive and structured approach to understanding market behavior. Their widespread use demonstrates their importance as essential tools for both academic research and practical financial decision-making. For more information on different types of technical indicators, refer to [11].
[bookmark: _Toc196470107]MA (Moving Average)
	For general investors, the Moving Average (MA) is, in simple terms, a tool for determining the direction of asset prices. MA helps smooth out price data to create a trend-following indicator, making it easier to identify price trends.
The Moving Average can be designed with different time frames, such as short-term or long-term, based on the specific needs of the investor. This customization allows it to reflect both short-term and long-term trends, helping investors to assess whether the market is experiencing upward or downward movements.
By adjusting the period of the moving average, investors can adapt it to their preferred investment horizon, whether focusing on immediate market behavior or broader, long-term trends. This versatility makes the Moving Average a widely used and valuable indicator for analyzing price directions in financial markets. There are various types of moving averages, with the most common being the Simple Moving Average (SMA) and Exponential Moving Average (EMA).
	For a Simple Moving Average (SMA), the calculation is as follows:
	
	
	Eq. 33


, where  is the moving average at time ,  is the number of periods in the moving average,  represents the price at time .
	For an Exponential Moving Average (EMA), the calculation gives more weight to more recent prices and is defined as:
	
	
	Eq. 34


, where  is the exponential moving average at time ,  represents the price at time ,  is the smoothing factor, typically calculated as:
	
	
	Eq. 35


, where  is the number of periods.
[bookmark: _Toc196470108]MACD (Moving Average Convergence Divergence)
The Moving Average Convergence Divergence (MACD) is a momentum-based technical indicator that calculates the difference between a short-term EMA and a long-term EMA. It is primarily used to analyze short-term market trends and identify potential buy or sell signals. The MACD is defined as follows:
	
	
	Eq. 35


, where  is the MACD value at time ,  is the short-term EMA,  is the long-term EMA. 
	In general, the short-term EMA used in the MACD calculation is typically set to 12-day EMA (N = 12), while the long-term EMA is set to 26-day EMA (N = 26). These standard parameters were popularized by traders due to their effectiveness in capturing market momentum. Thus, the MACD formula with standard settings is:
	
	
	Eq. 36


, the MACD is widely used in technical analysis as an effective tool for identifying trend reversals and momentum shifts in financial markets.
	In practice, investors often use the MACD to assess market trends and determine potential trading signals. When MACD is greater than 0, it indicates that the short-term EMA is above the long-term EMA, suggesting an uptrend in price movements. This condition is generally interpreted as a bullish signal, meaning that the asset is likely to continue rising. Conversely, when MACD is less than 0, it indicates that the short-term EMA has fallen below the long-term EMA, reflecting a downtrend. This condition is considered a bearish signal, suggesting that the asset price is likely to decline. Investors often use MACD in conjunction with other technical indicators to confirm trends and enhance the accuracy of their trading strategies.
[bookmark: _Toc196470109]RSI (Relative Strength Index)
The Relative Strength Index (RSI) is a momentum oscillator that measures the speed and magnitude of recent price movements to evaluate overbought or oversold conditions in a market. It is commonly used in technical analysis to identify potential reversal points and assess market strength.
The RSI is calculated using the following formula:
	
	
	Eq. 37


, where  is the Relative Strength Index at time ,  (Relative Strength) is the ratio of average gains to average losses over a specified period:
	
	
	Eq. 38


, the Average of N Days Up Close and Average of N Days Down Close refer to the comparison of closing prices over a given period. If the closing price on day  is higher than the closing price on day , the difference is recorded as an up close value. Otherwise, it is recorded as 0; If the closing price on day  is lower than the closing price on day , the absolute difference is recorded as a down close value. Otherwise, it is recorded as 0.
	A common setting for RSI is 14 periods (N = 14), meaning that the indicator calculates the average up close and average down close over the past 14 trading sessions.
	In practice, the RSI is widely used to identify overbought and oversold market conditions, which may signal potential trend reversals. When the RSI exceeds 70, it suggests that the stock has been heavily bought in recent periods, leading to a rapid price increase. This condition often indicates that the asset is overbought, implying that it may soon experience a trend reversal to the downside, resulting in a potential price decline. Conversely, when the RSI falls below 30, it suggests that the stock has been heavily sold, causing a sharp price drop. This condition is referred to as oversold, indicating that the price may be near its bottom and a trend reversal to the upside could occur, leading to a potential price rebound. Traders often incorporate RSI into their decision-making processes, using it alongside other technical indicators to improve the accuracy of market trend predictions.


[bookmark: _Toc196470110]Conclusion
	In economic signal forecasting, the input data can range from simple daily closing prices to more complex combinations of technical indicators and other macroeconomic variables. There is no fixed or standardized task in this domain; rather, the definition of the task is often shaped by the researcher’s objectives. As long as the chosen approach serves its intended purpose—whether it involves predicting price direction, forecasting specific values, or providing a reference signal—it constitutes a meaningful direction for investigation.
With the growing availability of powerful tools, particularly the rapid advancement of deep learning models, these techniques are increasingly applied to economic signal analysis. Consequently, for effective forecasting, it is crucial not only to select and utilize models appropriately, but also to possess a solid understanding of the underlying economic context.
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Q1: 儘可能附上各方法的程式碼的載點
並且將程式碼下載下來 
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