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Abstract. Early detection of financial crises is an important challenge for global economic stability. This research aims to develop an artificial intelligence (AI) based scoring model to detect early signs of a financial crisis which can become an early warning system for policy makers. The method used in preparing this article is a qualitative research method with a literature study approach. By combining a machine learning approach and macroeconomic, financial and market indicators that have been proven relevant in previous literature, this model is designed to provide a risk score that can assist decision makers in monitoring and assessing potential crises. Neural networks are used to process information from several macroeconomic indicators which will then be processed and produce output that can be used to make decisions. The results of this study offer a model prepared based on information input consisting of macroeconomic indicators such as GDP, inflation, unemployment, excessive credit growth, high market volatility, and bond yield spreads as important parameters in the scoring model. Apart from that, this study also offers a flowchart that shows how neural networks work which can help regulators detect the risk of a financial crisis in the future. 
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INTRODUCTION
A financial crisis is an event that can result in major losses not only for financial institutions but also for the global economy. History has recorded several major financial crises, such as the Asian Financial Crisis in 1997 and the Global Financial Crisis in 2008, which caused very significant economic losses and had long-term impacts [1]–[3]. To avoid or mitigate the impact of a financial crisis, early detection of signs of crisis is especially important. 
Artificial intelligence (AI) technology has developed rapidly in recent decades and offers great potential for early detection of financial crises. AI has the ability to analyse large amounts of data and identify patterns that traditional methods cannot detect [4]–[6]. Using techniques such as machine learning and deep learning, AI can process financial, social and economic data in real-time, providing early warning of potential crises before the symptoms become apparent [7]–[9]. The role of AI in this sector is becoming increasingly important given the ever-increasing complexity of global financial markets.
Early detection of financial crises through AI can help financial institutions and governments take appropriate preventive actions, thereby minimizing the impact caused by the crisis [10], [11]. Additionally, by integrating AI in early warning systems, we can create a financial system that is more resilient and responsive to unexpected changes in market conditions [12]–[14]. Therefore, this study aims to map the variables that have an impact on the national economy, both from the macro, monetary and real sectors, where the performance of these variables can be a signal of an economic crisis, so it is hoped that there will be signals In this way, regulators can take preventive steps that can mitigate the crisis or reduce the impact of the crisis in the future. 
METHODS
The method used in preparing this article is a qualitative research method with a literature study approach. A literature study was conducted to understand the concepts and theories relevant to early detection of financial crises and the application of AI in the financial sector. The literature reviewed includes journal articles, books, and research reports from various credible sources. The focus of this literature study is to identify the main indicators that will be used as variables that influence the financial crisis that have been used in previous studies. These variables can later be used as the proposed scoring model to detect warnings of a financial crisis. To model it, an Artificial Neural Network (ANN) or artificial neural network is used which is adopted from the workings of the human brain so that the output results will provide a signal in the form of early detection of a financial crisis. 
The ANN framework is an information processing system that has the same performance characteristics as human biological neural networks and is part of soft computing that emphasizes the thinking process ([15]–[17]. The computational process in a neural network is designed to resemble the overly complex working system of neurons in the human brain. Neural networks consist of elements for processing information called neurons, units, cells, or nodes. Each neuron is connected to other neurons by a connection link which is represented by weight [5], [14]. ANN can model linear or non-linear relationships, in this case ANN is also considered a non-linear or non-parametric statistical method as well as a model that can be an alternative in decision making because it does not require assumptions that are difficult for researchers [18]. The way ANN works is that it is able to conclude parts of the population that are unknown only with information from samples obtained as a form of information input in accordance with the principle of forecasting future conditions from the results of past sample information in the form of real time series data [19], [20]. This forecasting model is usually expressed in a functional relationship between input and output so that in the ANN framework it has a flow consisting of 3 stages including input layer, hidden layer and output, as presented in FIUGRE 1 [21].  In practice, input is in the form of data information received by the neural network in the input layer. The number of nodes or neurons in the input layer depends on the number of inputs in the model and each input defines one neuron. Next, there is a hidden layer located between the input and output layers. After the data is processed in the computing process, an output layer will appear which becomes the prediction result which can then be used as material for decision making [22]. Software that can be used to process the ANN method includes Matlab, R studio, Python, and others. 
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FIGURE 1. Artificial Neural Network Framework


RESULTS AND DISCUSSION
AI is emerging as a technology with great potential to provide early warnings and enable financial authorities to take preventive measures before a crisis reaches its peak. AI's ability to process and analyse large amounts of data and detect hidden patterns provides its own advantages in detecting financial anomalies. AI can be used to model complex market dynamics, identify systemic risks, and predict potential crises with a higher degree of accuracy compared to traditional approaches. Thus, the integration of AI in financial analysis can have a significant impact in maintaining financial market stability and reducing the negative impact of previously undetected crises.
Scoring models can be used to detect financial crises by identifying potential risks or early signs that indicate the possibility of a crisis occurring. A scoring model is a scoring system that combines various economic, financial and market indicators to produce a risk score that indicates the likelihood of a financial crisis occurring. This score can be used by policy makers, central banks, or financial institutions to assess economic stability and take preventive action if necessary. 
Based on the results of a review of previous literature studies, the complexity of macroeconomic variables as indicators that will become the input layer to be further formulated in the scoring model proposed in this study including TABLE 1: 
TABLE 1. Macroeconomic indicators
	No.
	Variables
	Indicators
	Description

	1.
	Macroeconomic  (X1)
	Economic growth [13], [14], [23], [24] (X1,1)
	A significant decline in GDP growth can be an early sign of an economic crisis

	
	
	Inflation [25]–[29] (X1,2)
	High inflation rates or unexpected inflation fluctuations can signal economic instability

	
	
	Unemployment [30]–[35] (X1,3)
	A sudden increase in unemployment can be an indicator of stress in the economy

	
	
	Oil Price Shock [36]–[40] (X1,3)
	World oil prices are an indicator of increasing global inflation.

	2.
	Finance (X2)
	Debt to GDP Ratio [41]–[45] (X2,1)
	High debt levels in both the public and private sectors can increase the risk of a debt crisis

	
	
	Credit growth [10], [46]–[49] (X2,2)
	Excessive credit growth, especially credit to the private sector, is often associated with crises

	
	
	Leverage in banking sector [50]–[53] (X2,3)
	High levels of leverage in the banking system can increase the risk of systemic failure.

	
	
	Spread Yield of Bond [54]–[57] (X2,4)
	The spread between high-risk bonds and low-risk bonds is often used as an indicator of stress in financial markets

	3.
	Market (X3)
	Asset price [49], [58]–[60] (X3,1)
	An increase in asset prices, such as shares or property, which is not supported by fundamentals can indicate the formation of an asset bubble

	
	
	Market volatility [61]–[65] (X3,2)
	Increased stock or foreign exchange market volatility can signal increased uncertainty

	
	
	Market sentiment [66]–[70] (X3,3)
	Sentiment analysis of financial news and social media can provide insight into risk perceptions among investors

	4.
	Trade and balance payment (X4)
	Deficit of balance payment [71]–[73] (X4,1)
	Imbalances in international trade or capital flows can be a sign that a country's economy is vulnerable to crisis

	
	
	Foreign reserve [74]–[77] (X4,2)
	A significant decline in foreign exchange reserves could indicate pressure on the currency and a potential foreign exchange crisis


Source: various previous literature studies

The indicators above will then function as an input layer which contains information in the form of both numeric and non-numerical data. First, the variable derivative is modelled as follows:


								(1)
Each variable has several measurement indicators which are formulated as follows:

	(2)		
Each input will be processed by perceptron and then appropriate weighting will be conducted based on the calculation process and the amount of weighting is based on how important the input feature is. Determining the weighting data is also strengthened through interviews and validation from experts so that it will be known that the most priority indicators will get the highest weight value and vice versa. Some statistical analyses that can be conducted include: First, Logistic Regression and Probit. These models are used to estimate the probability of a crisis occurring based on the indicators that will be used. By inputting historical data, this model can identify the relationship between certain variables (for example, credit growth, inflation, asset prices) and the occurrence of a crisis. Second, Vector Autoregression (VAR). VAR can be used to analyse the dynamic relationships between several economic and financial variables, helping to predict how shocks in one variable may affect the financial system. 
Furthermore, after being weighted there is a bias which acts as an additional value added to the input calculation results which have been multiplied by the weight. Bias helps the perceptron in adjusting the results and makes the model more flexible. Bias acts as a regulator so that the model can make better forecasts. In the following formulation, the weighting results are added to the bias value to produce a calculation called net input or linear function (z). 

					(3)

	(4)

									(5)
Noted: 
z= net input layer
x = input 
w = weight
b = bias
m = total input
The results of the weighting can be used to determine a composite risk score that reflects the level of likelihood of a crisis occurring. For example:
· Score 0-4: Low risk
· Score 5-7: Medium risk
· Score 8-10: High risk
After getting the net input 𝑧, this value is processed through an activation function which will determine whether the net input is converted into a perceptron output which is called the hidden layer. The layer in this function is tasked with perfecting the processed model so that more complex results can be obtained. The processed results from the hidden layer will then produce an output layer where this layer is the final result of the perceptron which is obtained through an activation function in the form of a prediction count or forecast from the perceptron’s in the input layer, which in turn these results can help provide early detection of financial crises.
From the mathematical formulation above, the ANN framework for early detection of financial crises can be described by including economic variable indicators as input as following FIGURE 2:
[image: ]
FIGURE 2. ANN Framework in the Financial Crisis Early Warning System


CONCLUSIONS

Design an early crisis detection model by adopting the ANN method development model with input in the form of macroeconomic, financial, market and balance of payments variables obtained from previous literature studies. Furthermore, these indicators will be weighted and then reSduced to measurement indicators which are weighted based on the priorities of the calculation process and processed into output which is expected to contribute as a reference in policy making to mitigate and reduce the major impacts of future crises. However, this study is also limited to modelling without further testing with existing empirical data. The hope is that further research can be assessed empirically to conduct more in-depth and comprehensive testing. 
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