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A Proposed Early Warning System for Capital Market Crisis Forecasting Using
neutral networks and support vector machine: Applied to the Egyptian Capital
Market
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Abstract

This study aims to build an early warning system (EWS) to predict the Egyptian capital
market crises based on machine learning techniques (Neural Networks and Support Vector
Machine) using the classification method, and access to the system with a high predictive
capacity. Depending on a number of variables that are covering macroeconomic and financial
sector performance, in addition to technical indicators and international variables, in order to
build a model with high predictive power in the behavior of the market index. This is based on
the Egyptian Stock Exchange “EGX100” index from 2006 until 2020.

The results indicate that the performance of the support vector machine significantly
outperforms the neural networks in building an early warning system to predict crises in the
Egyptian capital market. The superior performance of the support vector machine can be
attributed to the principle of reducing structural error, and prepared little of parameters before
adopting the final model. The results also indicate the superior performance of the financial
sector variables in its ability to predict the financial crisis with an classification accuracy of
86.11% and a determination factor R? of 31.2%, and this can be explained by the nature of the
crises that went through the Egyptian market, starting from the 2008 crisis, through the 2015
crisis in the Chinese market and the last crisis of 2018 in Turkey market.

The results also indicate the impact of financial contagion on The Egyptian capital
market, as the set of international variables showed a high performance compared to the rest
of the models in their ability to predict the financial crisis, with a classification accuracy rate
of 79.17% and a determination factor of 7.6%. It is clear that the lowest performance among
the group of variables is the economic variables, but this can be attributed to the fact that the
market is inefficient market, and the effect of herd behavior, in addition to considering that

market movements are only a reaction to events in global and regional markets.
Key words

Early warning system — Machine learning— Artificial neural networks — Support vector
machine — capital market crisis — prediction — Egyptian stock market — Macro economic

variable — Technical variable — financial sector.
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Early Warning System EWS
Machine Learning ML
Artificial Neural Networks ANN
Support Vector Machine SVM
multilayer perceptron MLP
True positive T.p
True Negative T.N
False Positive F.P
False Negative F.N
Area Under Curve AUC
Auto Neural Network with 3 months Lag Auto MLP_ lag (3)
Auto Neural Network with 6 months Lag Auto MLP_ lag (6)
Auto Neural Network with 12 months Lag Auto MLP_ lag (12)
Support Vector Machine with 3 months Lag SVM Lag (3)
Support Vector Machine with 6 months Lag SVM Lag (6)
Support Vector Machine with 12 months Lag SVM Lag (12)
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