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Abstract

The exchange rate is recognized as a key economic indicator influenced
by multiple factors. Some of these factors manifest as measurable
economic variables, while others are reflected in political and financial
news. A central, unresolved question is whether it is possible to develop
a comprehensive and scalable model for exchange rate modeling and
forecasting that accounts for all relevant variables and factors. Using a
data fusion approach, the present study proposed a comprehensive deep
learning—based model supporting multiple data types. To train the
model, exchange rate—related news was collected from ten major
national and international sources covering the period from 2014 to
2023 (1393-1402 in the Iranian calendar). The data was then combined
with exchange rate figures and other economic indicators. To identify
the best model, eight machine learning models, two statistical models,
and one large language model were trained and evaluated under both
regression and classification settings. To mitigate bias and random
effects, the study applied time series—aware cross-validation along with
repeated training and testing using different random initializations. The
results demonstrated that the proposed approach, which directly
incorporates all influential factors, significantly outperforms existing
methods.
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1. Introduction

Exchange rate fluctuations represent one of the most complex
challenges in modern economic analysis, shaped by a dynamic interplay
of macroeconomic fundamentals, policy decisions, and informational
signals disseminated through the media. Traditional econometric
approaches often fail to capture these multidimensional interactions, as
they rely primarily on quantitative variables and lagged historical data.
As a result, they tend to overlook the qualitative influence of news,
market sentiment, and expectations that often precede measurable
economic changes. Recent advances in artificial intelligence and
machine learning have introduced powerful tools for integrating diverse
forms of data—both numerical and textual—into unified predictive
systems. The present research tried to propose a comprehensive and
extensible model for forecasting exchange rates in lIran, combining
structured economic indicators with unstructured news data through a
data fusion approach.

2. Materials and Methods

This study employed a quantitative and applied methodology based on
supervised machine learning techniques. The dataset spans the period
from April 2014 to March 2023 (1393-1402 in the Iranian calendar).
Daily free-market exchange rates were obtained from three verified
sources: the National Exchange website, the Gold and Currency
Information Network, and the Bonbast platform. Additionally, key
macroeconomic indicators—including GDP growth, inflation rate,
unemployment rate, trade balance, public debt, foreign reserves, and oil
prices—were collected from official statistical repositories. Then the
study went on to incorporate qualitative dimensions. In this respect,
news articles related to exchange rate dynamics were gathered from ten
major national and international media outlets, including Donya-e-
Eqtesad, San’at-Madan-Tijarat, Asia Daily, ISNA, Khabaronline,
Tabnak, BBC Persian, and VVoice of America Persian. Each news item
was labeled according to the contemporaneous changes in exchange
rates. Data preprocessing involved normalization, outlier removal, and
interpolation of missing values for numerical data. Textual data
underwent cleaning, tokenization, and embedding using the ParsBERT
model (Farahani et al., 2021), which was fine-tuned on domain-specific
economic texts to improve contextual representation. Following
preprocessing, approximately 388,354 fused samples were constructed.
Eight machine learning models (Random Forest, XGBoost, LightGBM,
CNN-LSTM, GRU, Bi-GRU, LSTM, and Bi-LSTM), two statistical
models (ARIMA and Prophet), and one large language model (GPT-4)
were trained and compared under both regression and classification
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settings. Model evaluation was conducted through time-series—aware
cross-validation and repeated random initialization to minimize bias.
Performance metrics included Mean Absolute Error (MAE), Mean
Squared Error (MSE), Accuracy, and F1-score.

3. Results and Discussion

The results revealed that models integrating textual and numerical data
substantially outperform those trained solely on numerical inputs.
Specifically, the inclusion of news embeddings reduced forecasting
error by more than 5% across most deep learning architectures. Among
the evaluated models, the fine-tuned GPT-4 achieved the highest
overall accuracy and the lowest error metrics in both regression and
classification  tasks. However, considering constraints on
interpretability and data security, the Bi-directional Gated Recurrent
Unit (Bi-GRU) model was identified as the optimal choice for practical
implementation. The Bi-GRU model exhibited strong learning
capability in capturing temporal dependencies and contextual
relationships between macroeconomic variables and market sentiment.
In classification mode, it achieved an F1-score of 0.84 and an accuracy
rate of 0.86 when textual data were incorporated. In contrast, traditional
statistical models such as ARIMA and Prophet showed limited capacity
to reflect short-term market shocks influenced by real-time news.

The findings highlighted the importance of data fusion in financial
forecasting. Textual news data provide early signals of market
sentiment that often precede observable changes in economic variables.
By integrating these heterogeneous data sources, the proposed model
can offer a more dynamic and responsive forecasting framework,
particularly suited to volatile markets such as Iran’s foreign exchange
sector.

4. Conclusion

This study proposed a comprehensive machine learning—based model
that successfully integrates textual and numerical data for exchange rate
forecasting in Iran. The results confirmed that data fusion enhances
predictive accuracy and robustness, outperforming both conventional
econometric methods and single-modality deep learning models.
Among the evaluated architectures, Bi-GRU offered the most practical
balance between performance, interpretability, and computational
efficiency. The findings underscored that incorporating news-driven
sentiment and contextual information provides a timely advantage for
policy formulation and risk management. Moreover, the modular
structure of the proposed model allows for future extensions to other
economic domains such as stock market analysis and inflation
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forecasting. Future studies are recommended to expand the dataset to
include social media sentiment and to adopt explainable Al (XAl)
techniques to improve interpretability and transparency.

Keywords: Exchange Rate Forecasting, Data Fusion, Comprehensive
Model, Machine Learning, Artificial Intelligence
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4. Epoch
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1. Support Vector Machine (SVM)

2. Random Forest (RF)

3. Recurrent Neural Network (RNN)
4. Long Short-Term Memory (LSTM)
5. Gated Recurrent Unit (GRU)
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1. Access Point Interface (API)
2. Recurrent Neural Networks
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2. Overfitting

3. Regularization

4. Dropout

5. Batch Normalization
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1. Multi Layer Perceptron (MLP)
2. Fully Connected

3. SoftMax

4. Binary

5. Configuration
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1. Rectifier Linear Unite (ReLU)
2. Sigmoid

3. Batch Size

4. L2 Regularization
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3. Test Set

4. Time-Aware
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1. Cross-Validation

2. Mean Absolute Error (MAE)
3. Mean Squared Error (MSE)
4. Accuracy

5. Confusion Matrix
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