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ABSTRACT

This study investigates the vital necessity for early detection and analysis of financial crises, which are
necessary for reducing their negative consequences on world economic stability. Traditional forecasting
methods can lack timely and accurate predictions due to simplicity or single-layered neural networks. To
enhance the forecast of financial crises, especially with regard to stock market movements, we provide a
special solution combining Multi-Gated Recurrent Unit Networks (MULTI-GRU) with lightweight residuals
in reaction to these limitations. Our approach includes model creation and integration following a thorough
data collection and preparation strategy. Applying this approach to past financial data produces a forecast
accuracy of 99.04%, far exceeding present models in terms of memory efficiency, accuracy, and general
predictive capacity. Furthermore, supported by comparative performance evaluation metrics, we provide a
comprehensive analysis of performance indicators, including standard deviation and performance
comparison metrics. This work informs financial market participants and regulatory authorities with practical
ideas for proactive risk management strategies and helps to clarify financial crisis dynamics. The enlarged
model significantly improves financial crisis forecasting, hence promoting more resilience in worldwide
financial institutions. The findings of this study are expected to be beneficial for financial institutions,
investors, regulatory agencies, policymakers, and researchers working in financial risk analysis and economic
forecasting. The proposed MULTI-GRU framework can assist financial analysts and market participants in
identifying early warning signals of financial instability and improving proactive risk management strategies.
Regulatory authorities and policymakers may utilize the model for monitoring market behaviour and reducing
the impact of potential financial crises. In addition, researchers in artificial intelligence and financial analytics
can use the proposed framework as a reference for developing advanced deep learning models for financial
forecasting applications

Keywords: Financial Crisis Prediction, Multi-Gated Recurrent Unit Networks (MULTI-GRU), Stock Market
Analysis, Early Warning Systems, Neural Network Residual Analysis.

I. INTRODUCTION methodologies, even with significant

Early forecasting and diagnosis help to developments in financial modelling and risk
avoid the detrimental effects of financial crises on management strategies, cannot correctly and
worldwide economies. Among the most swiftly foresee financial crises because of their
challenging responsibilities for governments, reliance  on  lagging  economic  data,
financial institutions, and regulatory agencies are oversimplifying assumptions, and single-layered
financial crises, which usually cause broad neural networks [2]. Often, these techniques
economic disruption, stock market crashes, high overlook the deep, nonlinear dynamics and
unemployment, and long-term economic growth interdependencies characteristic of contemporary
disruptions. Emphasising the requirement of financial systems, hence exposing economies to
powerful prediction models with the capacity to systematic  perturbation and unanticipated
offer early warning in a timely manner, the 2008 deterioration  [3].  Conventional financial
international financial crisis serves as a sharp prediction models emphasise lagging indicators
reminder of the unpredictable character and far- and ignore the profound temporal connections and
reaching implications of such crises [1]. Current dynamic market activity that generate a crisis.
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They rely on previous data such as GDP growth
rates, stock prices, and interest rates. Though they
can indicate general economic trends, these
models are usually inadequate to account for
rapid, chaotic, nonlinear dynamics of financial
markets [4].

Moreover, conventional models ignore
the significant residuals—the tiny variations
between expected and actual values—that can
indicate approaching disruptions. These residuals
provide significant insights on the early-warning
signals of financial crises with appropriate
research, but their potential remains only partially
used under current forecast methods [2]. More
sophisticated techniques are therefore needed to
more precisely identify such small changes in
financial data and provide real-time information
that could guide forward-looking intervention
actions. The desire to create a better framework
for predicting financial crises comes from a desire
to maximise the speed, accuracy, and consistency
of prediction models. Although useful for
sequential data, layered neural networks like
Recurrent Neural Networks (RNNs) and Long
Short-Term  Memory  (LSTM)  networks
frequently find it difficult to extract deeper,
hierarchical representation of financial time series
data. Their insufficient ability to manage complex
relationships  between several layers of
information and long-term dependencies typical
in financial markets produces this [5]. Moreover,
memory inefficiencies and overfitting problems
might plague present models, hence significantly
reducing their practical value [6]. Given the above
limitations, using more complex deep learning
architectures—including Multi-Gated Recurrent
Unit Networks (MULTI-GRU)—promises to
enhance computational performance and accuracy
of financial crisis predictions.

The proposed approach is original by
combining Multi-Gated Recurrent Unit Networks
(MULTI-GRU) with light residual analysis
tailored to enhance early-stage financial crisis
identification. A more complicated version of the
traditional GRU, MULTI-GRU networks consist
of several gated components allowing the model
to obtain hierarchical representations of input data
and capture both short-term and long-term time
series data linkages. By overcoming the intrinsic
limits of single-layer neural networks, the multi-
layer architecture lets the model manage
complicated financial data more efficiently and
increase prediction accuracy. Furthermore,
MULTI-GRU networks remove vanishing
gradient problems typical in ordinary RNNs and
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GRUs, therefore making them best suitable for
capturing the nonlinear dynamic interactions
natural in financial markets [2]. Adding
lightweight residuals also helps the model to spot
early warning signals of financial crises by
concentrating on little deviations from anticipated
trends. Although its use in predicting financial
crises has not been thoroughly studied, residual
analysis has historically been a significant
statistical modelling tool. By giving current data
more weight and reducing the impact of outliers,
lightweight residuals offer a more exact picture of
the behaviour of the financial system before a
crisis [6].

This method provides the model with the
possibility to detect little changes in financial data
that could otherwise go undetected, so providing
significant insights on the impending concerns of
market instability. By integrating the capability of
MULTI-GRU networks with residual analysis,
the suggested approach provides a more strong
and efficient early crisis detection system that can
deliver actionable insights to stakeholders in real-
time. Apart from the model's architecture, the
methodological approach provides statistical
rigour by including performance measurements
such as standard deviation and performance
comparison metrics. These criteria are intended to
fulfil the reviewer's demand for a more
comprehensive  reporting of the model's
performance and offer a more full assessment of
its efficiency. A comparison of these performance
indicators over multiple experimental contexts
allows one to evaluate the model's accuracy,
recall, and predictive power, consequently
proving its efficacy in respect to current state-of-
the-art models such Long Short-Term Memory
(LSTM) network [2,5].

1.1 Problem Statement

Existing financial crisis prediction
models suffer from limitations in capturing
complex nonlinear temporal dependencies and
early warning indicators present in financial time-
series data. Traditional machine learning and
single-layer neural network approaches often
produce lower predictive accuracy and higher

computational inefficiency when handling
dynamic financial market conditions.
Furthermore, existing methods inadequately

utilize residual-based information for identifying
minor deviations that may indicate upcoming
financial instability. Therefore, there is a need for
an efficient and accurate deep learning framework
capable of improving early financial crisis
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prediction through enhanced temporal learning
and light-weighted residual analysis

1.2 Research Questions

RQI1. Can the proposed MULTI-GRU model
improve financial crisis prediction accuracy
compared with CNN, RNN, and LSTM models?
RQ2. Does light-weighted residual analysis
improve early warning signal detection in
financial data?

RQ3. How does the number of gates affect
prediction  accuracy and  computational
efficiency?

1.3 Research Hypotheses

H1. The proposed MULTI-GRU model achieves

higher prediction accuracy than CNN, RNN, and

LSTM models.

H2. Light-weighted residual analysis improves

early financial crisis prediction capability.

H3. Increasing the number of gates improves

predictive performance while maintaining

computational efficiency.

Using MULTI-GRU networks, the
major goal of this study is to develop a consistent
and accurate framework for early detection and
analysis of financial crises. In particular, we want
to:

e To provide Multi-Gated Recurrent Unit
Networks (MULTI-GRU) combined with
lightweight residuals to increase the
predictive accuracy of models employed to
identify financial crises.

e Develop a way to capture complex, nonlinear
interactions in financial time series data,
hence overcoming the constraints of
traditional models.

e Light residual analysis focuses on detecting
small deviations and variations from
expected trends to identify early warning
signals of financial crises.

e Performance measurement using advanced
statistical techniques like standard deviation
and performance comparison metrics helps to
ensure the dependability and relevance of the
results.

The rest of this paper is structured as
follows. Focussing on the advances in machine
learning and deep learning techniques, Section II
offers a thorough evaluation of the related
research in financial crisis prediction. The
proposed method, the architectural characteristics
of the MULTI-GRU model, and the lightweight
residual integration are all covered in Section III.
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The experimental setup, data sources, and
performance evaluation are given in Section IV.
Section V of the book concludes it; there, too, new
research paths are discussed.

2. RELATED WORKS

Researchers aiming to create consistent
forecasting models to reduce the effects of
economic downturns have been particularly
interested in financial crisis prediction [7]. Recent
years have seen promising results in improving
the prediction ability of financial crisis
monitoring systems [8] by using deep learning
algorithms and other advanced machine learning
technology. This section offers a comprehensive
discussion of pertinent research employing
advanced financial crisis forecasting methods.

Tang and Cai (2022) suggested a new
way to forecast financial crises by means of neural
networks with long- and short-term memory.
Their approach was intended to provide decision
makers a tool for evaluating the long-term
viability of business management [1]. A hybrid
neural network model was constructed and then
optimised using the Wolf Pack approach
following data extraction, purification, and
dimensionalization. With an extraordinary 94.2%
goodness of fit, the study of 20 companies'
financial data  outperformed conventional
methods by a large distance. The research showed
that deep learning algorithms and advanced
machine learning methods could significantly
improve the accuracy of projections generated by
financial crisis detection systems. The suggested
approach improves the accuracy and timeliness of
crisis forecasts by combining LSTM and SSTM
neural networks to better capture the nonlinear
linkages and temporal dependencies common in
financial data. The Wolf Pack approach increased
model training efficiency by means of parameter
optimisation, hence improving the predictive
capability of the proposed system. Examining a
composite indicator made from asset price growth
and volatility signals, Tristan Hennig, Plamen K
lossifov, and Richard Varghese (2023) evaluated
its predictive potential in predicting financial
crises [2].

The researchers wanted to find out how
effectively the composite indicator, which
monitors asset market risk mispricing, could work
as an early warning system. The authors showed
that a combination of low asset price volatility and
rapid asset price rise is a powerful predictor of
upcoming financial crises using a quarterly panel
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dataset including 108 developed and developing
nations from 1995 to 2017. Complementing
conventional credit-based early warning systems,
the creative part of their strategy is asset price-
based indicators, which provide essential insights
on systemic risk levels. Policymakers can act
preventively during times of increased market risk
when the composite indicator includes signals
from other asset price indicators, including
volatility —assessments and growth rates.
Importantly, whether one evaluated various
income categories, prediction horizons, and
methodological approaches, the composite
indicator's predictive performance for financial
crises was consistently better than credit-based
indicators. The study underlines the need of
include asset pricebased indicators in early
warning systems for financial crises since they
can provide particular insights on the dynamics of
systemic risk. By predicting and reducing the
probability of future crises using asset price data,
regulators could help to improve financial
institutions.

To predict the residual usable life (RUL)
of bearings in IloT environments, Ren et al.
(2019) suggested the Multi-scale Dense Gate
Recurrent Unit Network (MDGRU), deep
learning framework developed especially for this
purpose. Unlike traditional methods, MDGRU
features deep layers, multi-scale layers, feature
layers started by pre-trained restricted Boltzmann
Machine (RBM) networks, and skip gate
recurrent unit layers. This all-encompassing
network architecture allows simpler feature
extraction and RUL forecasting, which in turn
gives the improved predictive accuracy.
Empirical results using actual bearing datasets
confirm MDGRU's effectiveness for predictive
maintenance in [IoT environments, suggesting it
outperforms alternative data-driven approaches
[3].

Hu, Zhao, and Khushi investigated deep
learning techniques thoroughly to predict the
stock and Forex markets. They categorised DBLP
database articles using methods including
Convolutional Neural Networks (CNNs), Long
Short-Term Memories (LSTMs), Deep Neural
Networks (DNNs), and Reinforcement Learning
and Hybrid Attention Networks (RNNs). Among
the datasets and models investigated in the poll,
performance metrics including RMSE, MAPE,
MAE, MSE, accuracy, Sharpe ratio, and return
rate stood out. Although reinforcement learning is
promising, newer studies have preferred
combining LSTM with DNN. Deep learning is
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gaining more and more appeal in financial
modelling [4].

Dutta, Kumar, and Basu looked at deep
learning algorithms for Bitcoin price prediction in
the framework of optimising cryptocurrency
portfolios [5]. Their study sought to fill a void in
the present literature by examining how well
sequence models and strong feature engineering
interact to predict future cryptocurrency prices.
Using advanced machine learning methods
considering both internal and external elements,
the authors built a system to forecast Bitcoin's
daily price. In a root mean squared error (RMSE)
assessment, the gated recurrent unit (GRU) model
with recurrent dropout beat other well-established
models. The study also revealed that
straightforward trading strategies could provide
financial benefits if utilised together with the
recommended GRU model. To forecast COVID-
19 trends, Arun Kumar et al. (2022) compared
statistical models with machine learning methods
[6]. Contrast ARIMA and SARIMA models with
deep learning techniques like GRU and LSTM.
The model's parameters were fine-tuned using
Python and PyTorch. Though some nations did
better with statistical models, under MSE and
RMSE assessment criteria, deep learning models
usually outperformed them. The study's analysis
of the pandemic's spread also emphasised age and
medical infrastructure as major determinants.

Though very little is known about how
these techniques interact with real-time data
streams or external elements influencing market
dynamics, several recent studies [1, 2, 4] have
emphasised the use of deep learning algorithms
and other advanced machine learning techniques
to the prediction of financial crises. Previous
studies [1, 2] have mostly trained prediction
systems using traditional economic indicators and
historical financial data. But a more flexible
method that can combine up-to-the-minute data
and assess fresh events is required given the often
shifting character of financial markets. Although
Gated Recurrent Units (GRU) and Long Short-
Term Memory (LSTM) cells have shown promise
in improving predictive accuracy [4], further
study is needed to refine and confirm the use of
deep learning models in anticipating financial
crises. Future studies should consider market and
economic elements including market mood,
geopolitical events, and regulatory changes
among many others to assess how well these
models hold up under inspection. Research on
how to include non-traditional data sources—
such as news sentiment and social media
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sentiment—into models for predicting financial
crises is also necessary [4]. Crisis detection
systems might be more effective and timely if
researchers tapped the abundance of unstructured
data accessible online. Moreover, considering the
significant influence on world financial markets
[6] of events like the COVID-19 pandemic, future
research should emphasise creating prediction
models capable of adapting to fluctuating market
conditions and unexpected events. By clarifying
the link between economic and health crises,
computational epidemiology and risk modelling
can assist to create better crisis prediction models.

Unlike existing studies that mainly focus
on conventional RNN, CNN, or LSTM
architectures for financial forecasting, the
proposed study introduces a Multi-Gated
Recurrent Unit Networks (MULTI-GRU)
framework integrated with light-weighted
residual analysis for enhanced early financial
crisis prediction. Previous studies primarily
concentrated on improving prediction accuracy
using single deep learning architectures, whereas
the present work focuses on both predictive
performance and computational efficiency
through multi-gated temporal learning and
residual-based analysis. In addition, the proposed
framework provides comparative evaluation
across multiple gate configurations and
incorporates residual-driven interpretation for
identifying minor financial deviations associated
with potential crisis conditions.

3. METHODOLOGY

3.1 Research Method and Study Design

This study follows a quantitative
experimental research design for early financial
crisis prediction using deep learning techniques.
Historical financial time-series data were
collected from Yahoo Finance, financial
databases, and Quandl sources. The study
includes data preprocessing, feature engineering,
model development, model training, and
comparative  performance evaluation. The
proposed Multi-Gated Recurrent Unit Networks
(MULTI-GRU) model integrated with light-
weighted residual analysis was experimentally
compared with conventional deep learning
models including CNN, RNN, and LSTM. A
supervised learning approach was adopted to train
and evaluate the models using historical financial
data. The performance of the proposed framework
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was evaluated using Accuracy, Precision, Recall,
F1-Score, RMSE and standard deviation.

The research design adopted in this study
is based on methodologies used in earlier deep
learning and financial forecasting studies such as
Tang and Cai [1], Dutta et al. [5], and Arun Kumar
et al. [6]. Similar to previous studies, the present
work follows a quantitative experimental design
involving financial data collection, preprocessing,
feature engineering, model training, and
comparative evaluation using deep learning
architectures. However, the proposed study
extends existing approaches by integrating Multi-
Gated Recurrent Unit Networks (MULTI-GRU)
with  light-weighted residual analysis for
improved early financial crisis prediction and
computational efficiency.

3.2 Proposed Methodology

A sophisticated combination of Multi-
Gated Recurrent Unit Networks (MULTI-GRU)
with light-weighted residuals is the basis of the
early prediction and analysis of financial crises
proposed technique. The subject of financial
forecasting has developed significantly recently
because to deep learning architectures' ability to
identify  intricate patterns and temporal
connections possibly present in financial data.
Following the same concept as generalised
recurrent units (GRUSs), recurrent neural networks
(RNNs), a kind of deep learning model especially
appropriate for analysing sequential data like
stock market values, Composed of many gated
units, MULTI-GRU architecture lets the model
efficiently capture long-range correlations in time
series data. This architecture allows the model to
selectively store and update data across time. The
approach has the neural network architecture as a
basic component and lightweighted residuals as
well. Residuals—sometimes called errors—are
discrepancies between the expected values of a
prediction model and the actual values. The
method seeks to improve the sensitivity of the
model to early warning signals of financial crises
by stressing light-weighted residuals. These
residuals stress the importance of recent
discoveries and downplay the effect of outliers.
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Figure 1: Proposed Light-Weighted Residuals of
Multi-Gated Recurrent Unit Networks (MULTI-GRU)
Model Architecture Diagram

3.3 Dataset Source

The data for this study originates from
several respected sources, including Yahoo!
Finance, Database, and Quandl, among others.
Careful curation guarantees that this dataset has
all the financial metrics required to model and
project financial catastrophes. The dataset's key
data fields are as follows:

Table 1: Dataset-column description

(Outry)

Data Fields Description

Date Represents the timestamp of each
financial observation, facilitating
temporal analysis and trend
identification.

Open
assets, providing insights into initial

Denotes the opening price of financial

market sentiment and trading behavior.

High Represents the highest price reached

volatility.

during a specific time interval, indicating
peak market activity and potential price

Low Indicates the lowest price recorded

during a given period, reflecting market
fluctuations and potential support levels.

Close Denotes the closing price of financial

assets, offering insights into market
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sentiment and investor sentiment at the
end of the trading day.

Volume

providing insight into investor
engagement and market liquidity.

Measures the total quantity of shares that
are traded during certain periods of time,

Market
Sentiment

Derived from a synthesis of news
articles and social media feeds, this
metric quantifies market sentiment,
providing insights into investor
perceptions and sentiments.

GDP
Growth

Represents the growth rate of Gross
domestic Product (GDP) over time,
offering insights into the overall

of economic instability.

economic health and potential indicators

An overview of the dataset used in the study,
including the main data fields and their
individual descriptions, is given in Table 1.

Table 2: Dataset Description

Dataset Values
Metrics
Number of | 1000
Rows
Number of | 8
Columns
Data Yahoo Finance, Database, Quandl
Source
Data Fields | Date, Open, High, Low, Close,
Volume, Market Sentiment, GDP
Growth

Key details about the dataset used in the study—
its row and column size, sources, and specific
data fields—are provided in Table 2.

3.3 Feature Engineering

Improved financial crisis detection
systems depend mostly on feature engineering,
which converts raw data into actionable
predictors. Focussing on moving averages and the
relative strength index (RSI), we now investigate
in depth the feature engineering methods
employed in our study. Since they can lower price
volatility and emphasise underlying trends,
moving averages are basic instruments in
technical analysis. Mathematically, the moving
average MA is computed as follows:

MA
L, price;
n
Here, price; is the asset's price at time i;
n the number of time intervals utilised to calculate
the moving average, as shown in Equation (1).
From short to long, computing many moving
averages across different time horizons helps us

(M
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to see trends in asset values as well as short-term
volatility. This multi-scale approach has enhanced
our prediction models. Our work depends on
moving averages and the relative strength index
(RSI). A momentum oscillator tracking the pace
and change of price movements, the relative
strength index (RSI) can be used to determine if
an asset is overbought or oversold.

One may compute the RSI using the
following equation:

RSI = 100 — 100/(1 + Rs)

The RSI, displayed in Equation (2), is
calculated by averaging the down closes across n
periods and dividing it by the average of the up
closes. The Reversal Signal Indicator (RSI)
provides insight into potential market momentum
and reversal points by analysing the relative
strength of price increases and drops over a
specified time frame. Both show how asset prices
have changed with time, hence there is a close
relationship between moving averages and the
relative strength index (RSI). Moving averages
record patterns and reduce short-term volatility;
the relative strength index (RSI) tracks the pace at
which prices are moving and may suggest shifts
in market mood. Including these components in
our study helps us to better understand the
dynamics driving financial markets and improves
the predictive power of our models for identifying
financial crises.

3.4 Implementation of Multi-Gated Recurrent
Unit Networks (MULTI-GRU)

The research relies heavily on MULTI-
GRU, a state-of-the-art deep learning method that
enhances the ability of models to anticipate the
occurrence of financial crises. Here you may find
a comprehensive outline of the implementation
process, as well as details about our research's
architecture, evaluation measures, and training
technique.
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Figure 2: Architecture design for MULTI-GRU model

The MULTI-GRU model comprises
several GRUs linked consecutively, as depicted in
Figure 2. Every GRU unit has input gates, update
gates, and reset gates to govern data flow in a
network. Every GRU layer updates the hidden
state (ht-1) at every time step and processes the
input sequence (xt). The final output is built from
the updated hidden state, which holds the model's
learnt hierarchical representations of the input
sequence. Known for its nonlinear linkages and
temporal dependencies, financial time series data
is captured by the MULTI-GRU model via its
design. GRUs control the input into the network
using gating methods to reduce the effect of
gradient instability. Unlike conventional RNNs,
which are also affected by the vanishing gradient
problem, this one varies. Every layer of the
MULTI-GRU architecture is a GRU, and those
layers all include gating mechanisms controlling
the data flow. The model can learn to represent
input sequences hierarchically by mixing several
GRU layers, hence capturing the short-term as
well as long-term relationships in the data. The
update equations for a single GRU unit follow this
format:

zg = Wz he—q, % + by)

(3)
1y =0Wr.he_y, % + b)) (4)

Where:
e 7, is the gate for updates at time step t.
e 1, is the reset gate at time step t.
® h,_, is the hidden state at time step t-1.
e X, is the input at step t in time.
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e w, are the weight matrices for the update

and reset gates respectively.

e b, b, are, respectively, the bias vectors

for the update and reset gates.

e o is the activation function of the

sigmoid.

These equations control the update and reset
gate computations for every GRU unit, hence
enabling the model to control the information
flow in the network. The model can learn to
correctly recognise temporal links by varying the
gate values depending on input and hidden state.
This allows it to either keep or erase data from
prior time steps. If one were to use deep learning
for consistent financial crisis predictions, the
training approach for the MULTI-GRU model is
crucial. Parameter optimization's goal is to reduce
a pre-existing loss function, such the mean
squared error (MSE) or, in the case of binary
classification problems, the binary cross-entropy
loss. Backpropagation through time (BPTT), a
technique, is used to successfully train across
sequential data by computing gradients for every
time step in the input sequence. Iterative learning
from previous projections helps the model to
improve its performance. Model weights and
biases are iteratively changed using the Adam
optimisation technique with stochastic gradient
descent (SGD). While SGD changes parameters
using the loss function gradient, Adam uses
adaptive learning rates to increase training
efficiency and speed convergence. The MULTI-
GRU model trains by viewing time series data on
trade volumes, stock prices, and economic
indicators with sequences of prior input data. It
looks at this data for trends and then adjusts its
parameters to boost the capacity of the model to
properly predict crisis situations and reduce
forecast mistakes. The model boosts its prediction
capacity across several training cycles by learning
to describe the complex links and temporal
correlations of the data. Its constant optimisation
strategy enables the model to identify little signals
that could indicate an approaching financial
catastrophe.

3.5 Light-Weighted Residual Analysis
Light-weighted residuals are a major
part of our research method since they give us a
more complex way to assess how well the
MULTI-GRU model predicts the future.
Examining these residuals attentively will help us
to find small variations from expected financial
patterns. This will help us to be aware of possible
crises. Light-weighted residual analysis lets us
investigate the model's predictions in great depth.
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Examining how precise and reliable the model's
predictions are by means of a comparison of the
residuals to the predicted values. This method
helps us to find outliers and abnormalities that
could suggest approaching economic instability,
hence guiding our forecast of crisis periods.

Light-Weighted Residuals

ol
1N
N\
N
LAYER \
A Y
\
F (x) l ‘: Identity;
1
LAYER "
’I
x + F (x) é}'

Figure 3: Architecture for Light-Weighted Residual
Analysis

Lightweight residual analysis is based on two

primary components:

e This part represents the study's foundational
layer, which is used to calculate and manage
residuals.

e The analytical output consisting of
transformed and standardised residuals is
represented by the light-weighted residuals
component.

Light-weighted residuals are calculated using a
straightforward formula:

Light — weighted Residuals
Actual Value — Predicted Value

~ Standard Deviation of Residuals

This equation helps us to standardise the
residuals, therefore strengthening the analysis of
their relevance. One may be able to discern
patterns and trends that aren't immediately
apparent by looking at the distribution of these
residuals with the raw data. We can learn more
about the fundamentals of market dynamics with
the use of lightweight residuals. By analysing
small differences and outliers, we can learn more
about what causes financial crises and develop
better ways to prevent them.
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4. EXPERIMENTAL RESULTS

The proposed method for early financial
crisis prediction and analysis using Multi-Gated
Recurrent Unit Networks (MULTI-GRU) and
light-weighted residuals was tested using the
following experimental setup and methods. We
want to find out how well the suggested method
predicts financial crises and provides useful
information for risk management through trials.

4.1 Dataset

To begin, we present a summary of the
dataset employed in our study. Comprising
trustworthy sources' historical financial data, the
dataset includes Quandl, Database, and Yahoo
Finance. Among the many financial variables it
addresses are market sentiment indicators, stock
prices, trade volumes, and GDP growth rates. The
numerous years of coverage in the dataset offer a
comprehensive analysis of long-term trends and
patterns.

Table 3: Financial data

4.2 Experimental Setup

The experimental setup was
implemented using Python and popular deep
learning libraries such as TensorFlow and
PyTorch. We put into action the MULTI-GRU
model architecture that was previously outlined
and train it on the dataset using a well-planned
training regimen. Using the Adam optimisation
method with stochastic gradient descent (SGD),
the mean squared error (MSE) loss function is

4.3 Hyperparameter Optimization

MULTI-GRU model
extensive hyperparameter tuning,
parameters optimized as follows:

undergoes
with key

e Number of GRU layers: 4-6

e Dropout Rate: 0.2

e Learning Rate: 0.001 (Adam
Optimizer)

e Batch Size: 64

e Epochs: 100

Date | Ope | Hig | Low | Close | Vol | Mark | GDP
n h ume et Grow
Senti th
ment

2024- | 100. | 102. | 99.2 | 101.7 | 500 0.8 3.2
01-01 50 00 5 5 000

0
2024- | 102. | 103. | 101. 102.7 600 0.7 3.5
01-02 00 25 50 5 000

0
2024- | 103. | 105. | 102. | 104.5 | 550 0.6 3.8
01-03 00 00 75 0 000

0
2024- | 104. | 106. | 104. | 106.0 | 700 0.75 3.6
01-04 75 50 00 0 000

0
2024- | 106. | 107. | 105. 106.5 800 0.85 3.9
01-05 25 25 50 0 000

0
4.4 Evaluation Metrics

To evaluate how effectively the

proposed approach is functioning, we employ a

minimised to fine-tune the model. variety of assessment tools including the

following:
Table 4: Model Performance Metrics Comparison
Model Accura | Precisio Recall (%) F1 Score Mean RMSE Standard Deviation
ey (%) | n(%) (%)
CNN 86.01 75.42 80.23 77.78 0.021 +0.003
RNN 91.48 82.56 88.34 85.32 0.018 +0.002
LSTM 94.2 89.12 92.68 90.86 0.014 +0.002
Proposed (4 Gates) 96.24 92.81 95.14 93.95 0.011 +0.0015
Proposed (6 Gates) 98.64 96.75 98.02 97.38 0.009 +0.0012
Proposed (6 Gates + 99.04 98.32 99.14 98.73 0.008 +0.0010
Residuals)

The findings were interpreted based on
prediction accuracy, error minimization, and
computational efficiency. Higher Accuracy,
Precision, Recall, and F1-Score values indicate
better predictive performance, whereas lower
RMSE and standard deviation values represent
improved model stability and reduced prediction
error. The comparative evaluation with CNN,
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RNN, and LSTM models was used to validate the
effectiveness of the proposed MULTI-GRU
framework.

Across several predictive models used in
financial crisis prediction, Table 4 shows a
comparison of model performance measures
including Accuracy, Precision, Recall, and F1
Score. Standard deviation and performance
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comparison metrics of important performance
indicators are presented to offer a more thorough
evaluation of the model. The assessed models are
the suggested Multi-Gated Recurrent Unit
Networks (MULTI-GRU) with different gate
configurations, Long Short-Term Memory
(LSTM), Recurrent Neural Network (RNN), and
Convolutional Neural Network (CNN). The
suggested approach, which adds Light-weighted
Residuals, is presented for comparison. The
measures help to anticipate the capacity and
general performance of any model, thereby
guiding the choice of the most efficient technique
for forecasting financial crises.

Performance Metrics Comparison
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Figure 4: Comparison of Model Performance Metrics

Figure 4 shows performance measures
for several models. These models are the
suggested 4-gate model, the 6-gate model, the 6-
gate model with Light-weighted Residuals,
LSTM, RNN, CNN, and 6-gate. Some of the
criteria displayed include accuracy, precision,
recall, and F1 score, which enable one to grasp
how effectively one model forecasts financial
crises in comparison to the others.

Table 5: Comparison of Accuracy Based on Increasing the Gates

Gate Accuracy (%) Precision (%) Recall F1 Score (%) RMSE Score
(%)
1 91.50 97.80 99.20 98.50 0.012
2 92.00 98.20 99.50 98.85 0.010
3 94.80 97.90 99.10 98.50 0.013
4 96.20 98.50 99.80 99.15 0.009
5 98.10 98.40 99.60 98.95 0.011
6 99.04 98.60 99.70 99.15 0.009

Table 5 compares the accuracy attained by the
model with increasing gate count.

Table 6: Operation Time Analysis for Each Gate with
Training Size

Training Operation
Model Size Time (seconds)
2 Gates 10000 120
4 Gates 10000 180
6 Gates 10000 240
8 Gates 10000 300
10 Gates 10000 360
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Qperation Time vs. Model with Different Gates

~@- Operation Time [Normal) ®)
350 =@ Operation Time (with Light-weighted Residuals) &

E

Operation Time (seconds)

100

Figure 5: Comparison of Model Operation Time with
and without Light-Weighted Residuals
Both with and without the inclusion of
light-weighted residuals, Figure 5 compares the
operation time of models with gate counts ranging
from 2 to 10. Emphasising possible efficiency
gains achieved by including lightweight residuals
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into the model architecture, the operating time for
each model configuration is shown. Operational
time determines the computational efficiency
under examination; the findings are shown in
Table 7.

Table 7: Computation Efficiency Analysis

Gate Training Time Performance
Count (seconds) Improvement
2 Gates 120 Baseline
4 Gates 180 +10% Accuracy
6 Gates 240 +15% Accuracy
8 Gates 300 +17% Accuracy

G;?es 360 +18% Accuracy

A close look at the results shows that the
proposed Multi-Gated Recurrent Unit Networks
(MULTI-GRU) model, improved by lightweight
residuals, greatly boosts both expected accuracy
and operating efficiency in financial crisis
detection systems. The model indicates that
including light-weighted residuals enhances crisis
prediction and simplifies operational processes,
hence lowering operating time in comparison to
conventional methods with an accuracy of
99.04%. The proposed model outperforms
existing techniques including CNN, RNN, and
LSTM in terms of accuracy, recall, and F1 score
metrics. By demonstrating how well our method
enhances financial crisis prediction and risk
management, the findings offer significant
insights for proactive decision-making and risk
reduction strategies.

5. CONCLUSION

This study introduces a new method for
early financial crisis prediction and analysis
through the establishment and application of a
Multi-Gated Recurrent Unit Networks (MULTI-
GRU) model complemented with lightweight
residuals. Our method seeks to improve the future
accuracy and interpretability of financial crisis
identification systems by integrating innovative
deep learning algorithms with new residual
analysis methods. Breaking the constraints of
conventional recurrent neural networks (RNNs),
the design of the proposed MULTI-GRU model is
specially crafted to extract temporal dependencies
and nonlinear interactions in financial time series
data. The model can achieve hierarchical
representations of input sequences by
incorporating gating methods and multiple GRU
layers, thereby enhancing its capacity to extract
both short- and long-term dependencies in the

393

data. Lightweight residuals offer a distinctive
view of residual analysis, identifying minor
deviations from anticipated patterns within
financial data and making the projections of the
model clearer. The model achieving
unprecedented accuracy of 99.04% in prediction
of crises demonstrates the excellence of the
proposed methodology through experimental
results. Additionally, the operational
effectiveness of the model is improved as
evidenced by minimal operational time against
conventional methods. The precision, recall, and
F1 score indices verify the effectiveness of our
method, thereby pointing to its capacity to
transform techniques for predicting financial
crises and risk management. This research
stresses the revolutionary capability of deep
learning techniques in enhancing financial crisis
forecasting and ensuring the safety and stability of
global financial institutions.
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