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Abstract \

Based on observations, in recent years, most of the curreney fluctuations in Iran
have occurred after the publication of influential pofitical-economic news.
Despite this impressive effect, in most existing models, published news content is
not used, or its results are included indirectly,and.in the form of numerical data.
This indirect approach has generally not been\sgeictive enough. This paper
presents a comprehensive model for forecasting thesexchange rate with direct
coverage of news's impact on it. The proposed model, relying on fusing textual,
numerical, and categorical data and applying deep learning, provides a reasonable
forecast/of the currency market'movement'even in currency fluctuations affected
by various events."A detailed analysis of the effect of framing on the currency
market has, been done“using ‘the proposed model. The results confirm the
asymmetry.ofthe impact of positive and negative news on the market and reveal
the relative inefficiency of the policies announced to manage the exchange rate in
recent years. So thatyonly about 32% ofithe adopted policies have had an effective
framing. The presented model is also resistant to different framings, so in the test
conducted, in‘about 90% of the cases, its predictions match the behavior of the
market.

Keywor&?raming Effect, Exchange Rate Prediction, Machine Learning,
Artificial\ Intelligence, News
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