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ABSTRACT 

Financial crises present severe dangers to global economies due to difficulties in predicting the 

events because of non-linear interdependent structures in financial systems. Econometric models 

from today show limitations in their ability to identify both advanced market patterns and moving 

economic factors which often reveal themselves before crisis events. The analysis implements 

machine learning and artificial intelligence models to predict financial crisis occurrences following 

large financial data and historical market information processing and analysis. The MacroHistory 

database includes financial crisis data from 1870 to 2020 which combines with warning indicators 

from 14 theoretical fields for this research. Researchers test the warning signal identification 

abilities of Random Forest machine learning through this study. The noted crucial predictors 

emerged from selection methods among which excessive credit growth together with asset price 

bubbles and liquidity constraints and typical market volatility spikes appear. AI-based forecasting 

predictions receive evaluation for detection of performance progress through the assessment versus 

regular statistical approaches and real-time adaptability and robustness enhancement. The 

predictive models help decision makers in the financial sector maintain financial stability while 

enforcing systemic risk management through useful data predictions. These techniques need 

practical implementation but developers must first solve problems with biased data and 

interpretability and regulatory compliance. AI possesses sufficient capabilities to transform crisis 

prediction methods yet needs ethical focus and transparent risk management systems with complete 

risk control protocols for its financial application. 

1. INTRODUCTION 

Financial crises result in critical economic recessions which unleash financial instability that creates marketplace turbulence 

and drives massive economic difficulties for the public. The 2008 Global Financial Crisis, the Asian Financial Crisis of 1997, 

and the Great Depression of 1929 serve as stark reminders of the catastrophic consequences of systemic financial failures. 

Extensive research in financial risk management failed to solve the prediction challenge of these crises because global 

financial systems exhibit complex unpredictable interdependent features. Statistical and econometric models that exist today 

prove useful yet they cannot identify initial warning indicators because they require linear patterns and inflexible applications 

to changing market dynamics [1]. The surge in interest to use Machine Learning (ML) and Artificial Intelligence (AI) has 

emerged as a solution for improving financial crisis prediction capabilities. 

The prediction of financial crisis through machine learning and AI technology operates on large information inputs including 

structured and unstructured data to detect concealed patterns that generate better forecast accuracy [2]. The combination of 

AI-driven models shows higher effectiveness because they discover concealed patterns in addition to tracking market 

alterations. The combination of deep learning procedures and reinforcement learning with artificial intelligence hybrid 

platforms demonstrates strong potential to recognize market inconsistencies while monitoring both credit dangers and 

economic system unstability. Reactive crisis surveillance systems which broadly survey different elements combine 

macroeconomic statistics together with market volatility indicators and sentiment evaluations from investors along with 

liquidity assessment elements. 

Multiple obstacles remain during the implementation of AI-driven forecasting methods which must be properly handled to 

achieve effective practical outcomes and reliable results. Multiple important problems relating to data quality and AI 

prediction interpretation and performance accuracy and algorithm bias exist in AI prediction assessment. Financial 

institutions must execute a thorough assessment of the ethical along with regulatory factors that emerge when implementing  

https://acr-journal.com/


N.Rajeswaran  

Page. 1107 

Advances in Consumer Research| Year: 2025 | Volume: 2 | Issue: 2 

 

AI systems for financial decision management [3]. Modern financial institutions together with policymaking bodies should 

find a way to utilize AI predictive benefits without compromising their commitment to full transparency and accountability 

and their risk control standards [4]. 

The research investigates ML and AI effectiveness for financial crisis prediction while evaluating their results compared to 

traditional econometric models while discussing their value for early warning system improvement. The study examines 

different AI methodologies and feature selection methods and model validation techniques to add to AI financial risk 

management research. The results from this study enable policymakers and financial analysts and regulators to establish 

stronger mitigation plans which boost economic stability in modern global financial systems. 

2. LITERATURE SURVEY 

Our research represents the maiden work which demonstrates thorough evaluation of black box machine learning models 

determining financial crisis forecasts through Shapley value decomposition methods [5-6]. The analysis provides a method 

to detect primary economic elements driving models as well as conduct statistical testing of these factors. Through these 

narrative explanations policy decision makers can use machine learning models because they assist in developing justification 

for decisions based on such models. 

We have designed a baseline setup which attempts financial crisis predictions two years in advance. We extract data from 

[7] Macrohistory Database which contains a financial crisis variable alongside macroeconomic and financial data from 17 

advanced economies spanning more than 140 years. A logistic regression model receives an out-of-sample performance 

analysis alongside machine learning techniques which include decision trees, random forests, extremely randomised trees, 

Support Vector Machines (SVM) and artificial neural networks. The predictive capability of all machine learning methods 

surpasses the logistic regression model except for individual decision trees. 

The high predictive capability of our best machine learning models originates from their ability to identify straightforward 

nonlinear patterns in related variables. Our findings demonstrate that yield curves identify financial crisis risk areas more 

strongly than asset price analysis according to [8-9] although we perceive asset price effects as less significant than they do. 

At high global credit growth levels the crisis probability value rises substantially while this variable exercises no meaningful 

impact at lower and intermediate levels. Evidence shows that the most significant relationships exist between international 

and domestic factors. Many crises emerge when domestic countries combine strong credit expansion with global yield curves 

that are flat or inverted. 

The main advantage of machine learning models surpasses classical regression approaches because these models execute 

effective nonlinear modeling and interaction analysis. The research papers in [10] and [11] use Quantile Regression to 

examine Predictor-Response relationships between GDP growth and nonlinearities. The research shows that financial market 

conditions determine how much GDP growth can decrease below the median. In their analysis [10]  employed a financial 

conditions index but failed to explain individual financial components' impact on tail risk so [11] demonstrated that elevated 

credit expansion plays a defining role in the 3-5 year downside GDP risk as observed in this study. The study exclusively 

analyzes financial crises instead of all potential GDP-worsening situations even though those were not caused by financial 

instabilities (such as a global pandemic). Machine learning methods provide better nonlinear analysis of dynamics than 

regressions that use linear approximation to estimate different GDP quantiles. 

This analysis researches the effect of current account dynamics. Research has shown that current account deficits quite 

frequently function as essential causes of financial crises since incoming capital reduces interest rates to spur excessive risk-

taking activities through unstable funding sources [12]. Public debt provides an additional factor to explain crises stemming 

from fiscal vulnerabilities [13-14]. The model controls for general macroeconomic factors that might trigger financial crises 

by incorporating real consumption per capita, investment, the Consumer Price Index (CPI) and money supply. 

Proposed Work 

The proposed research aims to develop an AI-driven financial crisis forecasting model using machine learning techniques, 

specifically the Random Forest algorithm, to improve the accuracy of predicting financial crises. Traditional econometric 

models often struggle to capture the non-linearity and dynamic interactions within financial markets [14-15]. To overcome 

these limitations, this study will integrate machine learning methods to analyze vast financial datasets, identify key predictors, 

and enhance the reliability of crisis prediction. 

Data Collection and Pre-processing 

The research will analyze multiple financial historical data sourced from different entities. Whenever data preprocessing 

starts the procedure requires value handling for missing data and normalization of numerical features and feature engineering 

to make predictions stronger [16]. 

Handling Missing Values 

Missing values occur in financial data because there are either incomplete records or missing reporting data. Two principal 

methods used to tackle missing values relate to mean imputation and forward-fill interpolation. 
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Mean Imputation: 

For a feature 𝑋 with missing values, we replace the missing values with the mean of the observed values: 

𝑋𝑖 =
1

𝑁
∑ 𝑋𝑗

𝑁
𝑗=1       (1) 

Where 𝑋𝑖 is missing. Where 𝑁 is the total number of non-missing values. 

Forward Fill (Time-Series Interpolation): 

For a missing value 𝑋𝑡 we replace it with the last observed value:      

 𝑋𝑡 = 𝑋𝑡−1  if 𝑋𝑡  is missing 

Data Normalization 

The financial indicators operate within different scales because GDP growth rate differs from stock market volatility. All 

features become normalized through the implementation of min-max normalization to achieve a uniform range: 

𝑋′ =
𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
     (2) 

Where, 

 𝑋 is the original feature value 

𝑋𝑚𝑖𝑛 and 𝑋𝑚𝑎𝑥  are the minimum and maximum values of the feature 

𝑋′ is the normalized value in the range [0,1] 

Handling Outliers (Z-score Normalization) 

Financial data with outliers creates prediction errors for models because the data points diverge from the normal distribution. 

The Z-score normalization system makes it possible to discover extreme values which need adjustment: 

𝑍𝑖 =
𝑋𝑖−𝜇

𝜎
       (3) 

𝑋𝑖 is the data point 

𝜇 is the mean of the feature 

𝜎 is the standard deviation 

A common rule is to remove or cap values with |𝑍| > 3 as extreme outliers. 

Feature Selection (Recursive Feature Elimination - RFE) 

The algorithm Recursive Feature Elimination employs feature ranking through model weight analysis to decrease the 

dimensionality of data: 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒 𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒(𝐹𝑖) =
1

𝑛
∑ |𝑤𝑖 , 𝑡|𝑛

𝑡=1     (4) 

where: 

𝐹𝑖 is the importance score of feature 𝑖 

𝑤𝑖 , 𝑡 is the weight of feature 𝑖 in the 𝑡 iteration 

The lowest-ranked features are iteratively removed until optimal performance is achieved. 

Principal Component Analysis 

PCA takes correlated features to create a lower-dimensional set known as principal components: 

𝑍 = 𝑋𝑊       (5) 

𝑋 is the original feature matrix, 𝑊 is the eigenvector matrix of the covariance matrix 𝐶 = 𝑋𝑇𝑋, 𝑍  is the transformed lower-

dimensional data. 

The highest data variance goes into each principal component yet the components eliminate duplicated information. 

Classification 

The classification employs RF to analyze historical MacroHistory database data (1870–2020) to divide financial states into 

crisis and non-crisis intervals. The input features used for financial crisis prediction come from macroeconomic indicators 

alongside financial market indicators and banking sector indicators and external sentiment indicators which are found in the 

dataset [17-18]. 

The classification task is a binary classification problem, where we predict: 
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Class 1 (Crisis Year): A year where a financial crisis occurs. 

Class 0 (Non-Crisis Year): A stable financial year. 

3. RANDOM FOREST 

Supervised learning algorithm Random Forest merges many decision trees into one model to achieve higher accuracy rates 

besides decreasing overfitting while adding useful interpretation features to the forecast. RF identifies crisis warning patterns 

through historical data to assign financial periods either as crisis (1) or non-crisis (0) designations. 

Step 1: Problem Formulation 

A financial crisis classification system works as a two-group classification framework. 

 Class 1 (Crisis Year) indicates the occurrence of financial crisis during the specific year. 

 Class 0 (Non-Crisis Year) → A stable financial year. 

X represents the matrix which contains different financial indicators used for classification. 

The target variable Y represents the financial crisis status which the following relation holds true: 

𝑌 = {
1, if a financial crisis occurred in that year

0, 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

The target variable contains a value of 1 when financial crisis affected that particular year otherwise it contains a value of 0. 

Input Features (X): Macroeconomic, financial, banking, and external indicators. 

Of the two variables being explored we classify Crisis as class 1 with Non-crisis as class 0. 

Step 2: Decision Tree Construction 

Each decision tree splits data using Gini Impurity or Entropy: 

The Gini Impurity measure determines node purity through its calculation: 

𝐺𝑖𝑛𝑖 (𝐷) = 1 − ∑ 𝑝𝑖
2𝑐

𝑖=1      (6) 

Where, 𝑝𝑖  is the probability of class 𝑖 in dataset 𝐷 

Entropy (Information Gain-based splitting): 

𝐻(𝐷) = − ∑ 𝑝𝑖 log2 𝑝𝑖
1
𝑖=1        (7) 

Information Gain selects the top split from among available options. 

𝐼𝐺(𝐷, 𝐴) = 𝐻(𝐷) −
|𝐷𝑣|

|𝐷|
 𝐻(𝐷𝑣)      (8) 

Ensemble Learning  

The evaluation of each tree completes using randomly selected subset information from the bootstrapping sampling 

procedure. The training process requires N observations whereby each tree uses a subpopulation of  𝑁′ where 𝑁′ < 𝑁. 

Step 3: Classification using Majority Voting 

Each decision tree makes a prediction: 

𝑇1(𝑋), 𝑇2(𝑋), … … 𝑇𝑛(𝑋)       (9) 

The final classification is determined by majority voting: 

𝑌𝑓𝑖𝑛𝑎𝑙 = 𝑚𝑜𝑑𝑒 (𝑇1(𝑋), 𝑇2(𝑋), … … . 𝑇𝑛(𝑋)    (10) 

Model Evaluation 

Evaluation of our model uses various performance indicators with TP (True Positives) as the number of accurate crisis 

predictions and TN (True Negatives) as correct non-crisis predictions among others. 

The model correctly forecasts crisis years when we classify them as TP (True Positives). 

The True Negative (TN) count represents correctly identified periods which did not experience crises. 

False Positives represent the number of crisis years which the model incorrectly identified incorrectly while False Positives 

refers to incorrectly predicted crisis years (false alarms). 

The model produced False Negative errors that represent missed actual crisis years which were labeled as non-crisis events. 

Accuracy (Acc) 
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The database accuracy metric computes the ratio between correctly identified instances together with both positive and 

negative outcomes among all total instances. 

𝐴𝑐𝑐 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
       (11) 

 

Precision 

The precision metric enables measurement of precise positive (crisis) prediction accuracy. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
       (12) 

 

Recall 

Recall defines the ability of a model to recognize real crisis years. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
        (13) 

 

F1-Score 

F1-Score represents the harmonic result of Precision and Recall calculations. The F1-score achieves balance between correct 

financial crisis predictions (Recall) and preventing wrong alerts (Precision) together. 

𝐹1 = 2𝑋
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑋 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
       (14) 

 

Dataset 

The research draws its data from the MacroHistory database that provides information on financial crises spanning from 

1870 to 2020. This database represents a highly valuable source because its extensive nature extends over more than 150 

years of financial crisis records which span numerous nations. 

The study draws data from various theoretical backgrounds to utilize between 14 and 16 early warning indicators. The 

indicators operate as predictive variables for detecting financial crises as they develop in advance. The indicators group 

themselves into three distinct categories: 

These indicators include macroeconomic factors such as GDP growth rate together with inflation rates and interest rates and 

unemployment rates. 

The second category of warning indicators consists of financial market indicators that examine stock market performance 

alongside bond yield spreads and credit spreads. 

Banking Sector and Liquidity Indicators- non-performing loans, liquidity ratios, capital adequacy ratios 

Business stability monitoring uses both external news reports together with sentiment measurements from social media 

regarding financial status. 

Performance Comparison 

The Figure1 shows the performance assessment results of Random Forest for determining financial crises. The evaluation 

measures five classification metrics called Accuracy, Precision, Recall, F1-Score and Specificity through percentage values. 

The model achieves a 80% accuracy rate because it correctly determines both financial crisis years and non-crisis years 

reliably. The precision value of 74% demonstrates that the predictions include false alarms because the model inaccurately 

determined a portion of stable financial years to be crises. The model shows strong competence in crisis detection according 

to a recall value of 74% although it overlooks certain genuine crisis cases. A score of 74% F1 verifies that the modelCombo 

maintains a proper balance between reminding about crisis periods and being unnecessarily alert during non-crisis periods. 

The model proves highly efficient at maintaining correct negative diagnoses of non-crisis years because specificity reaches 

83%. The Random Forest model demonstrates high accuracy and specificity but future enhancements of precision and recall 

calculation will increase the accuracy of its financial crisis predictions.  

Table 1: Performance Analysis 

 Accuracy Precision Recall F1-Score Specificity 

Random Forest 80 75 75 75 83.3 
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Figure 1: Performance Comparison 

 

Accuracy 

 

Figure 2: Accuracy analysis of proposed work 

The random forest model used for financial crisis prediction achieved training and validation accuracy results which are 

presented in Figure 2 during ten iterations of training. The model learns effective training data patterns which lead to steady 

rises in accuracy from 70% up to 95%. The validation accuracy grows gradually after starting from 65% to achieve 80% then 

stagnates. The separating patterns between these curves indicate that the model becomes too specific to training examples 

while performing poorly with new observations. The model achieves stable validation accuracy reaching 80% which 

indicates it maintains effective generalization abilities for predicting financial crisis occurrences. 

Loss 

The Figure 3 demonstrates how a Random Forest model predicts financial crisis events through ten successive runs while 

monitoring training and validation loss statistics. Throughout training the model achieves better performance on the training 

set by lowering training loss from 0.6 to 0.2. The validation loss descends from 0.65 to around 0.39 toward the beginning 

then stabilizes. The model demonstrates typical learning dynamics through its ability to enhance predictions on new data at 
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first before training mostly supports improved training results. The model has started to achieve its maximum generalization 

capacity based on validation loss stabilization so additional training could result in suboptimal performance or overfitting. 

The graphical representation confirms that the model sustains optimal performance in fitting and generalizing according to 

the table results. 

 

Figure 3: Loss analysis of proposed work 

Confusion Matrix 

 

Figure 4: Confusion matrix analysis of classification 

The Random Forest prediction model assessment through the confusion matrix demonstrates its ability to predict financial 

crises with indicators originating from various domains such as macroeconomic indicators and financial market trends and 

banking metrics and sentiment data. The model correctly recognized thirty financial crisis occurrences and fifty normal times 

during its evaluation of one hundred test cases yet it assign ten crisis instances to non-crisis status and misidentified ten non-

crisis cases as crisis events. The detection system reaches 75% precision and 83.3% specificity alongside 80% overall 

accuracy. The model demonstrates balanced performance through its diverse distribution on the heatmap because it detects 

financial instability accurately while making appropriate stable-period forecasts. 

4. CONCLUSION  
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The Random Forest model revealed excellent capabilities for financial crisis prediction through its usage of complete 

economic indicators as well as market data and banking information and sentiment evaluation data. The model reached a 

balanced performance level by identifying crisis and non-crisis periods with 80% accuracy and precision/recall at 75% 

alongside specificity of 83.3%. The model demonstrates good generalization abilities because the metrics from training and 

validation align and it shows a stable loss curve alongside a well-balanced confusion matrix. Random Forest ensemble 

methods function effectively as dependable warning systems to monitor financial stability according to the research outcome 
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