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Abstract

Accurate forecasting of the EUR/USD exchange rate is crucial for investors, businesses, and
policymakers. This paper proposes a novel framework, IUS, that integrates unstructured textual
data from news and analysis with structured data on exchange rates and financial indicators to
enhance exchange rate prediction. The IUS framework employs large language models for senti-
ment polarity scoring and exchange rate movement classification of texts. These textual features
are combined with quantitative features and input into a Causality-Driven Feature Generator. An
Optuna-optimized Bi-LSTM model is then used to forecast the EUR/USD exchange rate. Exper-
iments demonstrate that the proposed method outperforms benchmark models, reducing MAE by
10.69% and RMSE by 9.56% compared to the best performing baseline. Results also show the
benefits of data fusion, with the combination of unstructured and structured data yielding higher
accuracy than structured data alone. Furthermore, feature selection using the top 12 important
quantitative features combined with the textual features proves most effective. The proposed
IUS framework and Optuna-Bi-LSTM model provide a powerful new approach for exchange rate
forecasting through multi-source data integration.

Keywords: exchange rate forecasting, EUR/USD, sentiment analysis, textual data, large
language models, feature generation, Bi-LSTM, Optuna

1 Introduction

The exchange rate between the Euro and the US Dollar is a significant indicator in the global finan-
cial market, reflecting the economic dynamics between two of the world’s largest economies. Precise
prediction of the EUR/USD exchange rate is crucial for individual investors, businesses engaged in
international trade, and policymakers responsible for economic stability and growth. Traditionally,
econometric models have been utilized to forecast exchange rates, relying heavily on historical market
data and macroeconomic indicators released by governments and financial organizations [1]. Although
these datasets are comprehensive, their low publication frequency makes it difficult to capture real-time
market volatility and nonlinear dynamics [2].

The integration of unstructured data from diverse sources, such as news articles, financial reports
and social media platforms, has the potential to improve the accuracy of exchange rate forecasting.
In recent years, the significant impact of political events, global economic crises, and unexpected
international incidents on currency fluctuations has been recognized [3], suggesting that considering a
wider range of information beyond traditional structured data may be beneficial. The great amount
of textual data may contain valuable insights into market sentiment, economic trends, and key events
that can influence exchange rates [4]. However, exchange rate forecasting presents two significant
challenges. Firstly, while the relationship between news information and market trends is relatively
straightforward in traditional financial markets, the complex semantics of market-driven news and
analysis texts in the context of exchange rates pose difficulties for sentiment analysis. Secondly,
traditional methods struggle to adequately capture the complex nonlinear patterns and unstructured

1

https://arxiv.org/abs/2408.13214v2


relationships hidden within the textual data, limiting their ability to provide accurate predictions in
the dynamically changing foreign exchange market[5].

Recent attempts to address these challenges by integrating textual data and deep learning methods
show promise, but limitations still exist. Singh et al. [6] propose using Word2Vec and LSTM to classify
collected Weibo text data and assign sentiment weights to each word. The sentiment analysis results
are then incorporated into a CNN-LSTM hybrid model for exchange rate prediction. However, the
texts related to exchange rates often contain news or comments about two countries simultaneously,
making it challenging to accurately attribute the content to a specific country. The existence of massive
noise and the involvement of information related to two currencies in the text used for exchange rate
forecasting create challenges in handling lengthy texts and complex semantics. Tadphale et al. [7]
utilize news headlines for sentiment analysis and then combine with other market indicators as inputs
to an LSTM model for exchange rate prediction. While this approach shows potential, news headlines
have limited information content and lack complete context due to text length. Moreover, the news of
each day may also have a potential impact on the exchange rate movement of the next day, which is
not fully captured by the proposed approach.

In this paper, we present a novel framework that integrates unstructured and structured (IUS) data
to forecast EUR/USD exchange rates. We use ChatGPT-4.0 to filter out noise from collected news and
analysis texts, extracting segments related to the exchange rate, in order to obtain the initial dataset.
The dataset is then annotated with sentiment polarity scores by ChatGPT-4.0 and next-day exchange
rate movements, e.g. up or down. Subsequently, we fine-tune two large language models (LLMs) on this
dataset to create textual features, textual sentiment and exchange rate movement features. Next, the
collected exchange rate and financial market data are utilized to generate quantitative features, which
are integrated with textual features and inputted into a Causality-Driven Feature Generator. Finally,
all generated features are fed into an Optuna-Bi-LSTM model to predict the EUR/USD exchange rate.

Our proposed method effectively addresses the challenges of processing news articles containing
information about both countries in an exchange rate pair, handling high noise, complex semantics, the
lack of contextual information in brief texts, and the various extraction of textual features. We validate
the effectiveness of our proposed exchange rate prediction approach on our EUR/USD exchange rate
dataset. The results demonstrate that our model outperforms the strongest benchmark models by
10.69% in terms of Mean Absolute Error (MAE) and by 9.56% in terms of Root Mean Squared Error
(RMSE). As for data fusion, by combining unstructured and structured data, the Optuna-Bi-LSTM
model is able to enhance prediction accuracy beyond what is possible with structured data alone.
Furthermore, using the top 12 important features selected by the RFE method combined with 31
textual features proves to be more effective compared to analyzing all textual features, as it more
directly corresponds to the actual exchange rate response to market conditions.

This research makes several significant contributions to the field of exchange rate prediction:

• We propose a novel IUS framework that integrates unstructured and structured data to predict
exchange rates, setting a new benchmark in the industry.

• By utilizing LLMs, we develop an annotated EUR/USD exchange rate text dataset through a
multi-step processing of raw textual data, introducing a new approach to sentiment analysis for
complex semantic texts.

• Through extensive literature review and the application of a Causality-Driven Feature Generator,
we construct a comprehensive feature set that incorporates a wide range of economic, financial,
and textual indicators.

• To capture the nonlinear dynamics of exchange rate time series, we employ a Bi-ISTM deep learn-
ing model which is further optimized by the Optuna hyperparameter optimization framework.
This ensures optimal predictive performance and enhances the generalizability of our methods.

2 Motivation

Traditional sentiment analysis methods in exchange rate prediction have primarily focused on brief
texts such as Twitter posts and news headlines. These methods neglect the rich semantics and di-
verse information contained within longer content, which are essential for a thorough understanding
of market sentiment. Additionally, the effectiveness of dictionary-based sentiment analysis heavily
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Exchange Rate Market

Euzone ... ... rise ... ... ... ...
... ... ... ... ... ... ... ... ... ... ...
American ...  ... ... grow ...
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... ... ... ... ... ... ... ... ... ...
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... ... ... ... ... ... ... ... ... ...
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... ... ... ... ... ... ... ... ... ...

？
？
？

Traditional Markets

Market Information Sentiments MarketMarket Information Sentiments Market
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Figure 1: Comparative analysis of sentiment impact on traditional vs. exchange rate markets.

depends on the quality and comprehensiveness of predefined word lists. These methods face challenges
in adapting to a changing market because sentiment dictionaries tend to be static and are not immedi-
ately updated, thus failing to reflect domain-specific vocabulary. More critically, traditional methods
struggle to capture the differences in numerical data and its implications for market sentiment. How-
ever, in a financial context, the extent of data growth and the variations in percentages often reflect
market fluctuations. For instance, a 0.005% increase in a specific data point might influence the market
differently compared to a 50% increase.

The relationship between news information and market trends is relatively straightforward in tra-
ditional markets, as illustrated in Figure 1. However, the complex semantics of news and analysis texts
in the context of exchange rates pose difficulties for sentiment analysis. The nature of financial texts
makes sentiment analysis and annotation a particularly challenging task, as it often contains specialized
jargon, implicit sentiments linked to market conditions, and subtle variations across different sectors.
Moreover, exchange rates involve two countries, and the impact of primarily positive or negative news
on financial markets can be significant. For instance, an abundance of positive news about the U.S.
can lead to a strengthening of the U.S. dollar, which typically results in a decrease in the EUR/USD
exchange rate, and vice versa. However, news texts often contain associated information related to
both countries, making classification difficult, and the positive or negative news from both countries
has a zero-sum relationship in the final sentiment analysis.

To tackle the challenges of sentiment analysis in extensive financial texts, we utilize the capabilities
of LLMs. As depicted in Figure 2(A), LLMs are structured with deep and hierarchical Transformer
blocks, each featuring a multi-head self-attention mechanism. This architecture allows LLMs to recog-
nize complex patterns and capture long-range dependencies within the text. As texts progress through
these Transformer blocks, illustrated in Figure 2(B), the multiple attention heads within a block en-
able simultaneous focus on various textual elements. The different lines represent the varying attention
paid by the multi-head attention mechanism to elements at different positions, revealing complex in-
terrelationships even among distant sentences. Following this, the layered structure shown in Figure
2(C), with its consistent application of self-attention, effectively addresses the complexities of lengthy
financial texts. By recognizing long-distance dependencies and maintaining focus on relevant elements
throughout the input, LLMs can analyze every detail of the text to generate an overall sentiment
polarity score. Moreover, LLMs have the ability to capture the differences in numerical data, enabling
them to provide more accurate sentiment polarity scores that reflect the actual impact of these figures
on market sentiment.

We employ ChatGPT-4.0 and several traditional dictionary-based sentiment analysis tools, includ-
ing Vader, TextBlob, and Afinn, to conduct sentiment analysis on collected news and analysis texts
and compare these data with trends in the forex market. As demonstrated in Figure 3, the traditional
tools exhibit poor performance when processing longer texts, exhibiting significant variety in the sen-
timent scores they produce, which correlate poorly with actual market movements in forex trading. In
contrast, the results from ChatGPT-4.0 show a higher consistency with both the next-day movements
and change percentages.
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Figure 2: Capturing long-distance dependencies in large language models (LLMs): (A) LLM architec-
ture with stacked transformer blocks and multi-head attention mechanisms; (B) Attention mechanism
focusing on different positions within the input sequence; (C) Stacked multi-head attention mechanism
maintaining focus on relevant elements throughout the lengthy text.

3 Related Work

1.Current studies on exchange rate forecasting
Haider et al. [8] examine whether commodity prices can forecast exchange rates in commodity-

dependent economies using both in-sample and out-of-sample techniques. By modeling commodity
prices to predict USD rates, their findings indicate this approach is more effective than a random
walk model, providing valuable perspectives across various economies. Sarkar and Ali [9] analyze
linear regression for predicting EUR/USD exchange rates using normalized daily and hourly data.
Their research applies this approach to different time series, offering strategies to help traders mitigate
issues and enhance profitability in the forex market. Ruan et al. [10] evaluate whether economic
policy uncertainty (EPU) outperforms traditional macroeconomic indicators in predicting exchange
rate volatility in both developed and emerging markets. Their results demonstrate the superior pre-
dictive capability of EPU, suggesting significant implications for risk management and policy-making,
and recommending broader application to verify these findings’ generalizability. Windsor and Cao
[11] develop a comprehensive system using market indicators and investor sentiments to predict the
USD/CNY exchange rate. This innovative system effectively captures complex interactions among
various financial factors, providing a precise and robust forecasting tool. Salisu et al. [12] demonstrate
that oil prices are a reliable indicator of exchange rate returns for both net oil exporters and importers.
Their study emphasizes the importance of considering asymmetries in the data, which substantially
enhances the predictability of an oil-based model. The results underscores the potential of oil prices as
a crucial factor in financial forecasting models. Neghab et al. [13] employ machine learning techniques,
including linear regression, tree-based models, and deep learning, to forecast exchange rates based on
macroeconomic fundamentals. The study addresses challenges such as nonlinearity, multicollinearity,
time variation, and noise in modeling.

2.The application of unstructured data in predictions
Ito and Takeda [14] improve the accuracy of exchange rate models by using sentiment indices

constructed from Google search volumes of financial terms. This approach effectively captures timely
market sentiments, although the generalizability of their findings requires further exploration due to the
analysis’s limited scope. Ben Omrane et al. [15] investigate the impact of US and EU macroeconomic
news on the volatility and returns of the EUR/USD exchange rate using regime smooth transition
regression. Their findings indicate that the effects of news vary between economic states, with US
news generally having a larger impact than EU news on currency fluctuations. Li et al. [16] introduce
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Figure 3: Comparative analysis of sentiment scores by ChatGPT-4.0 and traditional tools.

a novel approach for forecasting crude oil prices that incorporates online news text mining to extract
sentiment features and group news by topic, effectively capturing the immediate market impacts of
various events. This method enriches traditional forecasting models, although it is limited by its
reliance on a single news source and potential noise in online news data. Bai et al. [17] propose
a robust framework for forecasting crude oil prices that exploits advanced text mining techniques
on news headlines to construct high-quality features. They introduce novel indicators for topic and
sentiment analysis tailored for short texts, enhancing the model’s performance. However, the study
does not deeply investigate the relative importance of textual features compared to non-textual factors.
Swathi et al. [18] employ Twitter sentiment analysis to predict stock prices by analyzing emotions
and opinions in stock-related tweets. This method provides deeper insights into market sentiment
and enhances the predictive performance of their model, although it predominantly relies on Twitter,
suggesting the potential benefits of incorporating more diverse data sources. Kalamara et al. [19]
explore the use of newspaper text to extract economic signals, demonstrating that such information can
substantially improve macroeconomic forecasts. By combining a large array of text-derived regressors
with supervised machine learning, they achieve significant forecast improvements, especially during
periods of economic stress. Naeem et al. [20] utilize a machine learning approach to forecast the
USD/PKR exchange rate, employing sentiment analysis of finance-related tweets and various machine
learning classifiers to process and optimize the dataset. This innovative method showcases the potential
of leveraging social media data for financial predictions. Lv et al. [21] develop a hybrid model that
combines sentiment analysis of Weibo text data with historical exchange rate information to predict
market trends. This method improves prediction accuracy by integrating the perspectives of market
participants, demonstrating the substantial impact of social media sentiment on forecasting exchange
rates. Küçüklerli and Ulusoy [22] integrate Twitter sentiment analysis with economic indicators to
predict the USD/TL exchange rate using machine learning techniques. They collect exchange rate
data and finance-related tweets, preprocess the data, and employ various ML models. The LSTM
model achieves the highest accuracy of 65% in forecasting the exchange rate. Semiromi et al. (2024)
predict currency pairs using news story events from the economic calendar and machine learning
techniques. They use text mining methods, sentiment analysis with a new sentiment dictionary, and
machine learning algorithms, achieving over 60% accuracy in predicting exchange rate movements.

3. Traditional Predictive Methods
Traditional econometric models and machine learning techniques have been extensively applied to

exchange rate forecasting. Li et al. [23] utilize ARIMA and GARCH models to predict USD/EUR
exchange rate fluctuations, showing GARCH’s effectiveness in capturing financial data volatility while
noting the limitations of ARIMA in exchange rate forecasting. Zhang [24] applies Simple Exponential
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Smoothing and ARIMA models to forecast the RMB/USD exchange rate, exploring their advantages
in capturing exchange rate dynamics and providing accurate predictions. Colombo and Pelagatti
[25] use various statistical learning methods, including regularized regression splines, RF, and SVM,
to assess exchange rate models’ predictive power. The sticky price monetary model with error cor-
rection specification shows strong forecasting performance at different horizons, outperforming the
random walk benchmark, providing insights into the non-linear relationship between exchange rates
and fundamentals. Pfahler [26] employs artificial neural networks and gradient-boosted decision trees
to forecast exchange rate movements using macroeconomic fundamentals from purchasing power par-
ity, uncovered interest rate parity, and monetary model theories. These machine learning models
outperform the random walk benchmark, especially when time dummies are included, highlighting the
potential of complex interactions between time dummies and fundamentals in exchange rate forecast-
ing. Khoa and Huynh [27] apply SVR under the uncovered interest rate parity framework to forecast
the VND/USD exchange rate during the COVID-19 pandemic. Combining the framework with the
robust SVR technique demonstrates superior performance compared to OLS regression and random
walk models. However, these econometric models and traditional machine learning techniques face
limitations in capturing the complex, non-linear dynamics and high-dimensional relationships inherent
in exchange rate data.

4. Modern methods
Sun et al. [28] introduce a methodology that combines LSTM with bagging ensemble learning,

significantly enhancing the accuracy and profitability of exchange rate forecasts. This method outper-
forms traditional benchmark models, although it is solely applied to univariate exchange rate series
without considering additional influencing factors. Liu et al. [29] develop an innovative LASSO-Bi-
LSTM ensemble learning strategy that merges the LASSO with Bi-LSTM networks for forecasting the
USD/CNY exchange rate. This approach demonstrates superior accuracy over other deep learning
models but is limited to short-term forecasts and is not tested in broader financial markets. Islam
and Hossain [30] craft a hybrid model that integrates GRU and LSTM networks to predict currency
prices in the forex market for key pairs. The hybrid model surpasses the performance of LSTM, GRU
and a simple moving average approach in terms of accuracy and risk-adjusted returns. Despite its
success, the model sometimes struggles with abrupt price fluctuations and requires specific adjust-
ments for optimal performance with the GBP/USD pair. Dautel et al. [31] conduct an empirical
analysis comparing various deep learning frameworks, including LSTM and GRU networks, for ex-
change rate prediction. The study provides valuable insights into the practical application of these
models for financial forecasting, though it acknowledges challenges in model tuning and the disparity
between statistical accuracy and economic relevancy. Wan et al. [32] introduce the Multivariate TCN,
which uses a deep CNN with multichannel residual blocks and an asymmetric structure to enhance
forecasting in aperiodic multivariate time series. This model shows marked improvements over other
algorithms, and the study suggests that focusing on higher-order statistical features could simplify
the model and boost performance. Zeng et al. [33] critically assess the efficacy of Transformer-based
solutions for long-term time series forecasting, proposing a straightforward one-layer linear model,
which outperforms more complex Transformer-based models across multiple datasets. However, the
simplicity of this model limits its capacity. Optimization algorithms play a vital role in improving the
performance of deep learning networks by systematically tuning their hyperparameters. Xu et al. [34]
propose a Particle Swarm Optimization with LSTM (PSO-LSTM) model that leverages particle swarm
optimization to optimize LSTM hyperparameters, mimicking the social behavior of bird flocking to
discover optimal solutions. Hamdia et al. [35] employ a Genetic Algorithm, drawing inspiration from
natural selection and evolution, to optimize deep neural network architectures. Victoria and Mara-
gatham [36] utilize Bayesian Optimization, which constructs a probabilistic model of the objective
function to guide the search for the best hyperparameters. Dong et al. [37] introduce an approach
using Deep Reinforcement Learning, specifically a continuous Deep Q-learning algorithm with a heuris-
tic strategy, for adaptive hyperparameter optimization in visual object tracking. Garćıa Amboage et
al. [38] propose Swift-Hyperband, integrating performance prediction via SVR with early stopping
methods to streamline the optimization process. Brodzicki et al. [39] apply the Whale Optimization
Algorithm (WOA), inspired by the foraging behavior of humpback whales, for deep neural network
hyperparameter optimization.
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4 Methodology

4.1 The IUS Framework

In this work, we introduce the IUS Framework, as illustrated in Figure 4, which consists of five technical
components. The first component is the Sentiment Polarity Scoring Module (SPSM), which employs an
embedding generator based on a fine-tuned version of the RoBERTa-Large model, specifically adapted
for sentiment analysis. This module generates the sentiment polarity feature tensor (Sfx) from news
and analysis texts related to the target exchange rate over D trading days, capturing the sentiment
representation of all texts during this period. The second component, the Movement Classification
Module (MCM), utilizes the original RoBERTa-Large model. Configured as an embedding generator,
it produces the feature tensor (Mfx) for analyzing the next-day exchange rate movement, e.g., up
or down, capturing the movement representation of texts within the same period. Subsequently, we
extract quantitative indicator subsequences for the target exchange rate and its related exchange rates,
as well as financial market indicators over D trading days. Efx and Ffx represent the quantitative
features of these rates and financial indicators, respectively, over the same period. Finally, all these
features are integrated and processed through a Causality-Driven Feature Generator, then input into
the Bi-LSTM model to predict the closing price of the target exchange rate for the next trading day
yt+1.

4.1.1 The IUS Framework

For the textual dataset, we collect data from investing.com and forexempire.com, covering the period
from February 6, 2016, to January 19, 2024. The dataset includes all accessible data on these platforms
within the period, totaling 35,427 texts. However, due to the potential existence of noise and irrelevant
information, we utilize ChatGPT-4.0 and prompt engineering techniques to filter the raw dataset. This
data annotation approach aligns with prior research, such as using LLMs for automatic data annotation
to detect hallucinations [40], keyword annotation and document content description generation [41],
and math problem knowledge tagging with few-shot learning [42]. After filtering, we observe that
the news and analysis texts inherently contain a higher level of noise, which may be attributed to
the necessity of catering to the diverse needs of readers. In addition, we notice that often only
individual paragraphs or multiple segments within an article are directly relevant to the EUR/USD
exchange rate. To further refine the dataset and extract the relevant segments, we employ ChatGPT-
4.0 again to process the text data, creating a final textual dataset consisting of 20,329 texts. We
employ ChatGPT-4.0 to annotate the sentiment polarity scores for the textual training dataset by
integrating prompt engineering techniques. To safeguard against potential and unidentified errors,
the model is also required to provide explanations for the polarity scores it assigns. In our prompt
engineering, we define the polarity score range as [-1,1], where scores approaching 1 indicate a strongly
positive sentiment, and vice versa. Scores near zero represent a neutral sentiment. In terms of next-day
exchange rate movement, e.g., up or down, Md is used to annotate the text data. Md is defined as:

Md =

{

0, CPd+1 < CPd,

1, CPd+1 ≥ CPd,
(1)

where CPd−1 is the closing price of the exchange rate on trading day d + 1 and CPd is the closing
price on day d. We do not introduce an additional label for CPd+1 = CPd, as it is rare for the closing
prices to be the same on two consecutive transaction days.

4.1.2 RoBERTa-Large

RoBERTa-Large, developed by Facebook AI, is a SOTA pre-trained LLM incorporating several key
enhancements to improve its training process and architecture [43]. Utilizing increased training data,
larger batch sizes, and extended training periods, RoBERTa-Large has demonstrated outstanding
performance across a variety of benchmark tasks, showcasing its robust capabilities. Its architecture,
as illustrated in Figure 5(A), is based on the transformer model and primarily consists of a tokenization
module and 24 encoder blocks. Each encoder block, detailed in Figure 5(B), includes a multi-head
self-attention mechanism followed by a feed-forward neural network. The self-attention mechanism
allows the model to focus on different positions within the input sequence, capturing the relationships
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Figure 4: The framework of IUS to forecast EUR/USD exchange rate.

and dependencies among tokens. One of the primary advantages of RoBERTa-Large is its ability to
learn robust and transferable language representations. By pre-training on extensive unlabelled text
data, RoBERTa-Large develops a deep comprehension of language structure and semantics. As the
input flows through each encoding layer, data move from the bottom to the top of the model, with
representations becoming increasingly improved and enriched, thereby constructing hierarchical and
contextualized embeddings of the text. Therefore, in our SPSM and MCM, we employ two RoBERTa-
Large models as the embedding generators. Each text is processed by the RoBERTa-based tokenizer
and then fed into the Encoder layer (encoder(·)), generating the model’s hidden states (T ):

T = encoder([CLS],W1,W2, . . . ,Wt, . . . , [PAD], [SEP]). (2)

Here, T ∈ R
1×1024, Wi represents the i-th word in the text, and t denotes the length of the text.

Positions not occupied by input words are filled with the [PAD] token to maintain a uniform se-
quence length of 512. The embeddings (e) extracted from the CLS to SEP positions of T as the text
embeddings:

e = T ([CLS] to [SEP]), (3)

8



RoBERTa-Large Transformer Architecture Encoder Block Architecture

RoBERTa-based Tokenization Module

The 1st Encoder Block

The 2nd Encoder Block

The 24th Encoder Block

TextTextTextText

Multi-Head
Attention Layer

Feed Forward
Network Layer

24  ×

Inputs

Outputs

Task-specific SPSM Task-specific MCM

Text

Linear Layer

Sigmoid Activation Function

Linear Layer

MSE Loss Function

Future Tensor

RoBERTa-Large Ouputs

TextTextTextText
Texts
with

Scores

Add & Norm Layer

Add & Norm Layer

Cross-Entropy Loss Function

Future Tensor

RoBERTa-Large Ouputs

TextTextTextText
Texts
with

Labels

Linear Layer

Dropout Layer

Dropout Layer

Tanh Activation Function

Linear Layer

(A) (B) (C) (D)

Figure 5: Components of the RoBERTa-Large Model, including (A) RoBERTa-Large Transformer
Architecture, (B) The Encoder Block Architecture, (C) The Sentiment Polarity Scoring Module, and
(D) The Movement Classification Module.

where e is a 1 × 1024 vector that passes through all transformer encoder blocks of RoBERTa-Large
(RL(·)), resulting in the final output hidden state F :

F = RL(e). (4)

Here, F ∈ R
1×1024, the final hidden state will enter different modules to generate various feature

tensors.

4.1.3 Sentiment Polarity Scoring Module

In SPSM, our RoBERTa-Large model utilizes weights from the Twitter-RoBERTa-Large-2022-154m
model, which is fine-tuned by the CardifNLP team on a large dataset containing 154 million tweets
[44]. As shown in Figure 5(C), when using the RoBERTa-Large model for sentiment analysis, we
expanded the model architecture with a module designed for regression. This module includes a
Sigmoid activation function, two linear layers, and a mean squared error (MSE) loss function. The
output of the RoBERTa-Large model initially passes through the first linear layer (LL1P (·)), which
reduces the high-dimensional text representation from the final hidden state F of 1024 dimensions to
a lower-dimensional space. A Sigmoid activation function (Sig(·)) then compresses this output to a
range between 0 and 1, and this output is further transformed by the second linear layer (LL2P (·)) to
produce the final feature tensor Sfx:

Sfx = LL2P (Sig(LL1P (F ))). (5)

Here, Sfx ∈ R
d×h×128, d represents the total number of trading days and h indicates the maximum

number of texts on all trading days. During training, the predicted sentiment score and the annotated
polarity scores are fed into the MSE loss function [45–47]. The MSE loss function is defined as:

LMSE =
1

n

n
∑

i=1

(yi − ŷi)
2, (6)

where yi is the annotated polarity score for the i-th text in the dataset, and ŷi is the polarity score
predicted by the model for the i-th text. n is the total number of texts over the training period. By
minimizing the MSE loss function, the model learns the mapping relationship between text and senti-
ment scores. The backpropagation algorithm is used to compute gradients and update the parameters
of RoBERTa-Large and SPSM, continually refining the predicted sentiment scores to approach the
annotated scores. In addition, we discover that when using the Twitter-RoBERTa-Large-2022-154m
model, convergence is faster, and performance on evaluation metrics is superior compared to the base
model without fine-tuning, given the same number of training epochs.

4.1.4 Movement Classification Module

In MCM, we employ the RoBERTa-Large-Base model to uncover hidden patterns between textual
information and the EUR/USD exchange rate movement on the following day [43]. As illustrated in
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Figure 5(D), we augment the model architecture with a module specifically designed for classification,
consisting of five layers. The final hidden state first goes through a dropout layer (DP1(·)) which
serves for regularization by randomly masking some neurons during training, thus reducing the risk of
overfitting. After this, the output is processed by a linear layer (LL1M (·)), which linearly transforms
the hidden state F from 1024 dimensions to a smaller dimension of 128. This reduction in dimen-
sions decreases the number of parameters and enhances computational efficiency. We then obtain an
intermediate representation F ′:

F ′ = LL1M (DP1(F )), (7)

where F ′ refers to a vector of size 1 × 128. A Tanh activation function (Tanh(·)) introduces non-
linearity, enhancing the model’s expressive power and mapping F ′ to the range of [−1, 1]. Another
dropout layer (DP2(·)) is added to further regularize the model. The final linear layer (LL2M (·)) maps
the intermediate representations to feature tensor Mfx, which is defined as:

Mfx = LL2M (DP2(Tanh(F ′))), (8)

where Mfx ∈ R
d×h×128, d represents the total number of trading days and h indicates the maximum

number of texts on all transaction days.
In the model training, the Cross-Entropy (CE) loss function measures the difference between the

model’s predicted probability distribution and the true labels [48–50], which can be represented as:

LCE = −
1

n

n
∑

i=1

[yi log(pi) + (1 − yi) log(1 − pi)] , (9)

where yi is the true exchange rate movement label for the i-th text in the dataset, and pi is the predicted
probability of this movement by the model for the i-th text. n is the total number of texts over the
training period. During the training process, the model learns the relationship between texts and
exchange rate movements by minimizing the cross-entropy loss function, using the backpropagation
algorithm to update the parameters of RoBERTa-Large-Base and MCM.

4.1.5 Experience Rule

We also collect a financial indicator dataset, which primarily includes data related to EUR/USD
exchange rates and financial markets, sourced mainly from financial platforms such as investing.com
and finance.yahoo.com, among others. We utilize a comprehensive approach by extensively collecting
and analyzing relevant literature to identify the indicators that potentially predict fluctuations in the
target exchange rate. The construction of this financial indicator system, displayed in Table 1, is
based on the evaluation of the relationships between these indicators and the target exchange rate,
considering their leading, lagging, and potential non-linear relationships.

All collected raw financial data are fed into an indicator generator, which aligns the data and fills
in missing values, producing the final quantitative features. We use linear interpolation to fill in these
gaps:

vi = va +
(vb − va)(ti − ta)

tb − ta
, (10)

here, vi represents the interpolated value at the specific time ti. va and vb are the known values at
the time points ta and tb, respectively. These known values are used to estimate vi, assuming a linear
change between ta and tb.

4.2 Causality-Driven Feature Generator

We employ a Causality-Driven Feature Generator to extract text, exchange rate, and financial market
features. Specifically, Figure 6 shows the stage of textual feature extraction, the feature tensor is fed
into a feature extractor and produces various types of feature tensors. These produced tensors have
the same dimensions as the original feature tensor, which are then processed through a task-specific
linear layer, mapping the three-dimensional feature tensors to feature matrices. As for the stage of
feature generation, the feature matrices are inputted into an average pooling layer to yield a diverse
set of textual features. Subsequently, all textual features combined with other features undergo feature
selection to obtain the final set of features inputted into the forecasting model.

10



Classification No. Indicator Name Reference
Target Series 1 EUR/USD Exchange Rate
US Exchange Rate 2 USD/CAD Exchange Rate [51–54]
(Top 5 Trading Partners) 3 USD/MXN Exchange Rate

4 USD/CNY Exchange Rate
5 USD/JPY Exchange Rate
6 USD/KRW Exchange Rate

EU Exchange Rate 7 EUR/CNY Exchange Rate [51–54]
(Top 5 Trading Partners) 8 EUR/GBP Exchange Rate

9 EUR/CHF Exchange Rate
10 EUR/RUB Exchange Rate
11 EUR/TRY Exchange Rate

Currency Index 12 US Dollar Index [55–58]
13 Euro Index [55–58]

Currency Futures 14 US Dollar Futures-Jun [59–61]
15 Euro Futures-Jun [62]

Commodities 16 Crude Oil WTI Futures [63, 64]
17 Natural Gas Futures [65, 66]
18 Gold Futures [67, 68]
19 Copper Futures [60, 69]
20 Corn Futures [70–73]
21 Soybeans Futures [70–73]

Bond Yield 22 US 10-Year Bond Yield [74–76]
23 Eurozone 10-Year Bond Yield [77, 78]

Interbank Offered Rate 24 SOFR - 1 month [79–83]
25 EURIBOR - 1 month [79–81, 84]

US Stock Index 26 Dow Jones Industrial Average [85–93]
27 S&P 500

EU Stock Index 28 Euro Stoxx 50 [85–93]
29 STOXX 600

US Stock Index Futures 30 Dow Jones Futures - Jun [94–96]
EU Stock Index Futures 31 EURO STOXX 50 Futures - Jun [94–96]
Chicago Board Options Ex-
change

32 VIX [97–99]

Table 1: Comprehensive list of financial indicators used for analysis.

4.2.1 Causality-Driven Feature Generator

In terms of feature extraction, we employ two types of feature extractors. The first one is a classifier
based on information sources, inspired by the research of Angeletos et al. [100] and Ke et al. [101].
We construct a classifier for news and analysis texts. The news texts encompass a broad spectrum of
content related to exchange rates, including central bank monetary policies, economic data releases,
geopolitical events, and other significant factors influencing exchange rate trends. In contrast, the
analysis texts primarily focus on interpreting, forecasting, and providing recommendations concerning
exchange rate movements, typically authored by professional analysts or traders, characterized by their
expertise and forward-looking nature. This feature classifier, as depicted in Figure 7(A), generates news
text classification matrix A and analysis text classification matrix B. An element of 1 in these matrices
indicates that the corresponding vector in the feature tensor is selected by the classifier, and an element
of 0 indicates it is not part of that category. The feature tensor is then multiplied by the corresponding
matrices to yield the classified feature tensors.

The second extractor is a text-based topic cluster. We utilize an LDA model to cluster the feature
tensor, as shown in Figure 7(B), assigning each text’s feature vector to a specific topic[102, 103].
Furthermore, the optimal number of topics are determined by locating the peak in the topic coherence
curve. To cautiously assess the impact of the number of topics on our research, we visualize the outputs
of the LDA topic model using the pyLDAvis tool [104, 105]. This tool displays the distance between
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Figure 6: The overview of extracting textual features.

topics through multidimensional scaling and lists the top significant terms for each topic. To validate
the stability of the extracted features, we also conduct dynamic topic modeling (DTM) to examine
if the clustered features vary over time [16, 106]. During the feature extraction process, we obtain a
series of topics, Topic 1, Topic 2, ..., Topic n, and the corresponding text cluster matrices A, B, ...,
K. An element of 1 in these matrices indicates that the corresponding vector in the feature tensor is
selected by the cluster; an element of 0 indicates it is not part of that category. The feature tensor is
then multiplied by the corresponding matrices to yield the clustered feature tensors.

Figure 7: The feature extractors include (A) The source classifier, and (B) The LDA cluster and DTM
feature stability test.

4.2.2 Feature Generation

When generating features, we need to handle two types of features: Sfx and Mfx. In terms of Sfx, after
obtaining the sub-tensors from the feature extractor FE(·), we input these sub-tensors into a linear
layer LLS(·) specifically designed for processing Sfx, mapping them to the corresponding sentiment
feature sub-matrix, Ms, each element of which is compressed and normalized to range between [-1,1]:

[Ms1,Ms2, . . . ,Msn] = LLS(FE(Sfx)). (11)

Here, Msi ∈ R
d×h is the i-th feature sub-tensor obtained from Sfx through the feature extractor and

subsequently compressed by a linear layer into the corresponding feature matrix, and n denotes the
number of feature sub-tensors of the feature Sfx.
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Each sentiment feature sub-matrix serves as the input for an average pooling layer, resulting in the
corresponding feature vector Vs:

Vsi =
1

h

h
∑

j=1

Msij . (12)

Here, Msi denotes the feature sub-matrix, h is the number of dimensions in Msi. Msij represents the
j-th column of Msi, and Vsi ∈ R

1×d is the resultant vector obtained by averaging each dimension of
Msi.

As for Mfx, after obtaining the sub-tensors from the feature extractor FE(·), we input these sub-
tensors into a linear layer LLM(·) specifically designed for processing Mfx. This process maps each
high-dimensional feature vector into a one-dimensional element, which corresponds to two categories
in a binary classification task: one category for ’increase and no change’, and another for ’decrease’.
This mapping forms the corresponding movement feature sub-matrix, Mw:

[Mw1,Mw2, . . . ,Mwn] = LLM(FE(Mfx)). (13)

Here, Mwi ∈ R
d×h is the i-th feature sub-tensor obtained from Mfx through the feature extractor and

subsequently compressed by a linear layer into the corresponding feature matrix, and n denotes the
number of feature sub-tensors of the feature.

Each exchange movement feature sub-matrix serves as the input for an average pooling layer,
resulting in the corresponding feature vector Vm:

Vmi =
1

k

k
∑

j=1

Mwij . (14)

Here, Mwi denotes the feature sub-matrix, k is the number of dimensions in Mwi. Mwij represents the
j-th column of Mwi, and Vmi ∈ R

1×d is the vector obtained by averaging each dimension of Mwi.
Overall, Sfx and Mfx are fed into a Causality-Driven Feature Generator and finally generates 8

textual features as shown in Figure 8.

Figure 8: The final textual features generated by the Causality-Driven Feature Generator.

4.2.3 Feature Selection

We employ the VAR model to determine the optimal lag orders for all features within the final pre-
diction feature set. The VAR model is an econometric model used to learn the dynamic relationships
among multiple time-series variables, expressing each endogenous variable’s current value as a linear
combination of its own and all other endogenous variables’ lagged values [107, 108]. The VAR(p)
model can be represented as follows:

Yt = c + A1Yt−1 + A2Yt−2 + . . . + ApYt−p + ϵt. (15)

Here, Yt is an n × 1 vector of endogenous variables, c is an n × 1 vector of constants, Ai are n × n

coefficient matrices, and ϵt is an n × 1 vector of error terms satisfying the white noise condition. To
determine the optimal lag order p, we use the Akaike Information Criterion (AIC ):

AIC(p) = ln
(

det(Σ̂p)
)

+
2pn2

T
. (16)
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Where, Σ̂p is the estimated covariance matrix of the residuals for p lags, indicating the overall variance
that the model fails to explain with smaller values being preferable. The natural logarithm of the
determinant of this matrix, ln(det(Σ̂p)), quantifies the total unexplained variance by the model, serving

as a measure of model fit. The penalty term, 2pn2

T
, increases with the number of lags (p) and the

number of endogenous variables (n), normalized by the sample size (T ), to penalize model complexity
and prevent overfitting, promoting a balance between fitting accuracy and model simplicity [109–111].

In order to select the optimal lag order, VAR models are estimated at different lag orders for each
feature, ranging from 0 to 10 to encompass potential fluctuations. Corresponding AIC values are then
calculated to determine the optimal lag for each feature. The lag order associated with the lowest
AIC value is considered optimal, as a lower AIC value indicates a better balance between model fit
and complexity[16, 17]. Table 2 displays the optimal lag periods for all features. After adjusting all

Feature Name Lag Feature Name Lag Feature Name Lag

EUR/USD ER 2 Euro Futures-Jun 3 STOXX 600 1
USD/CAD ER 2 Crude Oil WTI Futures 1 EURO STOXX 50 Futures - Jun 1
USD/MXN ER 1 Natural Gas Futures 1 Dow Jones Futures - Jun 1
USD/CNY ER 1 Gold Futures 1 VIX 1
USD/JPY ER 1 Copper Futures 1 News Text Sentiment 4
USD/KRW ER 1 Corn Futures 1 Analysis Text Sentiment 1
EUR/CNY ER 1 Soybeans Futures 1 News Text ER Movement 4
EUR/GBP ER 1 US 10-Year Bond Yield 3 Analysis Text ER Movement 1
EUR/CHF ER 1 Eurozone 10-Year Bond Yield 2 Topic-1 Sentiment 4
EUR/RUB ER 1 SOFR - 1 Month 1 Topic-3 Sentiment 1
EUR/TRY ER 1 EURIBOR - 1 Month 1 Topic-1 ER Movement 5
US Dollar Index 3 Dow Jones Industrial Average 1 Topic-3 ER Movement 3
Euro Index 7 S&P 500 1
US Dollar Futures-Jun 3 Euro Stoxx 50 1

Note: ER = Exchange Rate

Table 2: The optimal lag periods for all features

features to their optimal lag orders, we employ the Recursive Feature Elimination (RFE) method with
random forest regression to rank the importance of all indicators. RFE is a backward elimination
algorithm that recursively removes the least important features until the desired number of features
is determined [112–114]. Random forest regressor, an ensemble of decision trees each trained on a
bootstrap sample of the training data, determines the importance of each feature by averaging the
decrease in impurity this feature causes across all trees in the forest. This decrease in impurity, also
known as Gini importance or mean decrease impurity, enhances prediction accuracy and minimizes
overfitting. The formula for calculating the importance of a feature f , denoted as I(f), is defined as:

I(f) =

T
∑

t=1

Nt
∑

n=1

∆i(n, f). (17)

Where I(f) is the importance of feature f , T is the number of trees in the forest, Nt is the number
of nodes in tree t, and ∆i(n, f) is the impurity decrease caused by feature f at node n. The RFE
algorithm initiates by training a random forest regressor on the initial set of features, calculating
feature importances, removing the least important features, and repeating these steps until the desired
number of features is retained. The RFE process can be expressed as:

Fi = Fi−1 \ {fj}, (18)

where Fi is the feature set at iteration i, Fi−1 is the feature set from the previous iteration, and fj is
the least important feature removed at iteration i. This recursive removal of less important features
and evaluation of model performance ultimately helps identify an optimal feature subset containing
the most important features.

We use FS(·) to denote feature selection and all features obtained through the Causality-Driven
Feature Generator are concatenated to form the input feature set I:

I = FS([Vs1, . . . , Vsn] ⊕ [Vm1, . . . , Vmn] ⊕ [Ve1, . . . , Ven] ⊕ [Vf1, . . . , Vfn]). (19)
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Where, I ∈ R
112×470 represents the feature set, including 111 features over 470 trading days, compris-

ing 80 financial features and 31 textual features. The symbol ⊕ denotes the concatenation operation.
Finally, before inputting the selected features into the predictive model, we perform min-max normal-
ization to scale all features to the range of [0, 1]. The normalization is applied as follows:

I ′i =
Ii − min(Ii)

max(Ii) − min(Ii)
, (20)

where I ′i represents the i-th row of the matrix I, corresponding to the i-th feature across all dates.
I ′i is the normalized i-th row of the matrix, min (Ii) and max (Ii) are the minimum and maximum
values found in the i-th row of I. After normalization, rows I ′1 to I ′112 are concatenated to form the
final feature matrix I ′ ∈ R

112×470, which is then used as the input for the forecasting model.

4.3 Optuna-Bi-LSTM

4.3.1 Bi-LSTM

This study employs a Bi-LSTM model to analyze financial features and forecast EUR/USD foreign
exchange rates. The Bi-LSTM is an efficient sequential learning model that enhances performance
by integrating past and future feature information, demonstrating strong capabilities in time series
forecasting [115–117]. Figure 9(A) illustrates the structure of our prediction model, where I ′ is inputted
into two Bi-LSTM layers, Bi-LSTM1 (·) and Bi-LSTM2 (·), to identify temporal patterns for predicting
EUR/USD exchange rate movements. The key to the model lies in the Bi-LSTM layers, which capture
both forward and backward dependencies in the input time sequence. Figure 9(B) displays the structure
of each Bi-LSTM layer, composed of a forward LSTM and a backward LSTM, processing the sequential
information in both directions respectively. After each Bi-LSTM layer, a dropout layer, DP1 (·) and
DP2 (·), is added to utilize regularization to reduce the risk of overfitting. The final hidden state from
I ′ at the last time step, ht+1, can be expressed as:

ht+1 = DP2 (Bi-LSTM2 (DP1 (Bi-LSTM1(I ′)))) , (21)

where ht+1 ∈ C
1×w, c1 is the number of feature combinations in the current model, and w is the

sliding window length. ht+1 carries all the features necessary for predicting the EUR/USD exchange
rate movement on day t + 1. Finally, ht+1 passes through a fully connected layer (FC (·)) and an
output layer (Output(·)), generating the predicted EUR/USD exchange rate ŷt+1 for day t + 1:

ŷt+1 = Output(FC(ht+1)). (22)

We utilize the MSE loss function to measure the discrepancy between predicted values and actual
values, updating the model parameters accordingly:

LMSE =
1

n

n
∑

i=1

(yt+i − ŷt+i)
2, (23)

where yt+1 represents the actual price range of the EUR/USD exchange rate on day t+1. By minimizing
the loss function, the model learns the relationship between the features within the rolling window and
the subsequent trading day’s EUR/USD exchange rate.

4.3.2 Optuna optimization framework

Optuna is an automatic hyperparameter optimization framework that efficiently searches for the opti-
mal set of hyperparameters [118, 119]. Its core principle is to generate trials, each testing a different
combination of hyperparameters, while using the results of previous trials to guide the sampling of
parameters in subsequent trials. This sampling, combined with the ability to prune underperforming
trials, allows Optuna to quickly converge on the best hyperparameter configuration.

The Figure 10 illustrates the process of hyperparameter optimization using Optuna. The process
begins by defining an objective function for constructing, training, and evaluating the model. Subse-
quently, an Optuna Study object is created to manage the optimization process, and the optimization
loop then begins, generating new hyperparameters based on the results of previous trials. Each trial
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Figure 9: The Bi-LSTM model includes: (A) Bi-LSTM architecture and (B) the workflow of Bi-LSTM
Layer.
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Figure 10: The workflow of the Optuna hyperparameter optimization process.

is represented by a Trial object and passed to the objective function. Inside the objective function,
the suggest method of the Trial object is utilized to obtain hyperparameter values. The model is built
and trained using these hyperparameters, and intermediate results are reported by the Trial’s report
method. If the pruning criteria are met, the trial is terminated; otherwise, training continues until
the objective function is completed. The final evaluation result is returned, and the trial results are
stored. This process is repeated until the maximum number of trials is reached. Finally, the best
hyperparameter combination is obtained from the Study object.

The parameter space in this study consists of six dimensions, shown in Table 3. Among these,
hidden layer size, fully connected layer size, batch size, and window size are discrete variables, but
window size also includes continuous ranges within specific numbers. Dropout rate and learning rate
are continuous variables, with the learning rate being sampled on a logarithmic scale. Additionally,
the size of the fully connected layer is constrained by the size of the hidden layer and must be less
than or equal to the hidden layer size.
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Parameter Range

Hidden layer size [8, 16, 32, 64, 128]
Fully connected layer size [8, 16, 32, 64]
Dropout rate [0.0, 0.5]
Learning rate [1e-5, 1e-2]
Batch size [8, 16, 32, 48, 64, 80, 96, 112, 128]
Window size (continuous) [1, 24]
Window size (discrete) [30, 40, 50, 60]

Table 3: The hyperparameter space.

5 Experiment

5.1 Dataset

During the training phase of two LLMs, the datasets span from February 6, 2017, to April 4, 2022.
Subsequently, the two fine-tuned LLMs are utilized to score text sentiment polarity and classify ex-
change rate movements in the predictive dataset ranging from April 4, 2022, to January 19, 2024. As
for the exchange rate prediction models, their training set consist of the first 315 transaction days from
April 4, 2022, to January 19, 2024, and their prediction set comprises the following 155 transaction
days, as shown in Figure 11. To prevent information leakage, we implement strict data processing
methods, ensuring that the predictive data remains isolated from the training process.

Figure 11: Training and testing periods of the two LLMs and the exchange rate forecasting models.

5.2 Evaluation metrics

We evaluate the models’ forecasting performances over the test period using two different criteria: the
mean absolute error (MAE) and root mean squared error (RMSE):

MAE =
1

n

n
∑

i=1

|ŷi − yi|, (24)

RMSE =

√

√

√

√

1

n

n
∑

i=1

(ŷi − yi)2. (25)

Here, ŷi represents the model’s forecasted exchange rate for day i, yi represents the actual exchange
rate for day i, and n is the total number of days in the testset [120].

To quantify the additional explanatory power of the textual features, we compute a metric named
the percentage improvement (PI) . This metric represents the percentage enhancement in predictive
performance achieved by combining the two feature sets compared to using the quantitative financial
features alone [16]. The two PIs are defined as follows:

PIMAE =

(

MAE of Quantitative Features − MAE of Combined Features

MAE of Quantitative Features

)

× 100% (26)

PIRMSE =

(

RMSE of Quantitative Features − RMSE of Combined Features

RMSE of Quantitative Features

)

× 100% (27)
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6 Experiment Results

6.1 Main Results

6.1.1 Time series forecasting

We compare the performance of the Optuna-Bi-LSTM model with other benchmark models. The
prediction results of different models for the EUR/USD exchange rate are shown in Table 4. It can be
observed that our proposed method consistently outperforms other models in terms of both MAE and
RMSE metrics, achieving an improvement of at least 10.69% in MAE and 9.56% in RMSE compared
with the best other model.

Moreover, as illustrated in Figure 12, the prediction curve obtained by Optuna-Bi-LSTM aligns
more closely with the raw data curve and exhibits a higher degree of trend similarity. This demonstrates
the superior predictive performance of our proposed model.

Series Category Model MAE RMSE Rank

Multivariate Proposed method Optuna-Bi-LSTM 0.003746 0.004982 1
Deep learning methods Bi-LSTM 0.004511 0.005814 4

LSTM 0.004768 0.006212 5
GRU 0.004958 0.006457 6

Machine learning methods Random Forest 0.005471 0.007672 7
XGBoost 0.006809 0.009012 8

Univariate Statistical methods GARCH 0.004282 0.005695 2
ARIMA 0.004456 0.005718 3

Table 4: Comparison of Forecasting Models based on MAE and RMSE

Figure 12: Training and testing periods of the two LLMs and the exchange rate forecasting models.

The results indicate that by combining structured and unstructured data for exchange rate pre-
diction and feeding the features generated by the Causality-Driven Feature Generator into the model,

18



our proposed method achieves significant improvements over the benchmarks.

6.1.2 DM Test

To evaluate and compare the predictive performance of the eight models on the time series, we con-
ducted the Diebold-Mariano (DM) test. The purpose of the DM test is to determine which models
are statistically significantly superior to others in terms of prediction accuracy [1, 121, 122]. We first
calculated the forecast errors for each model and constructed error difference series from them for
pairwise comparisons between models. Using this approach, we performed a total of 28 DM tests, cov-
ering all possible combinations of model pairs. The test results are summarized in Table 5, where the
LSTM model demonstrates the best performance, while the GRU model exhibits the poorest predictive
ability.

Rank Model

1 LSTM
2 Optuna-Bi-LSTM
3 Bi-LSTM
4 Random Forest
5 XGBoost
6 GARCH
7 ARIMA
8 GRU

Table 5: Ranking of forecasting models Based on DM Test Results.

6.1.3 Window Size Analysis

In this study, we analyze the impact of different window sizes on the prediction accuracy of the models.
The tested window sizes range from 1 to 24, with additional extended sizes of 30, 40, 50, and 60, to
assess their influence on model performance. This analysis helps determine the optimal window size
that maximizes the accuracy of time series predictions. The results of this analysis are presented in
Figure 13. By observing the changes in MAE and RMSE across different models, each window size is
evaluated. When the window size is 3, the models exhibit the best performance. As the window size
increases, the model performance generally deteriorates.

Figure 13: Performance metrics varying with window size.

6.2 Ablation Experiment

6.2.1 Textual Feature Breakdown

We investigate the relative predictive power of textual and other features by comparing the performance
of using (1) only textual features (31 features), (2) only exchange rate and financial market features
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(the top 12 important features selected by the RFE method), and all selected features (43 features),
which is the combination of (1) and (2). The results show that in the scenario where only textual
features are inputted, the model’s performance is far inferior to the scenarios using only financial
features and all selected features. This indicates that textual features alone may not provide sufficient
predictive information for exchange rate forecasting. Moreover, when using Optuna-Bi-LSTM, the
combination of textual and financial features achieves the best performance, outperforming the case
of using only financial features.

(1) (2) Combination: (1) + (2) PI from (2) to (1) + (2)
MAE
Optuna-Bi-LSTM 0.025406 0.004270 0.003746 12.27%
Bi-LSTM 0.020712 0.004736 0.004511 4.75%
Random Forest 0.031247 0.005747 0.005471 4.80%
RMSE
Optuna-Bi-LSTM 0.029987 0.005502 0.004982 9.45%
Bi-LSTM 0.024674 0.005816 0.005814 0.03%
Random Forest 0.032789 0.007813 0.007672 1.8%

Table 6: Forecasting performances with different features.

The last column of Table 6 presents the percentage improvement results defined by Formulas 26
and 27. Whether in terms of MAE or RMSE, the improvement of combined features over financial
features alone in the Optuna-Bi-LSTM model significantly outperforms that of the Bi-LSTM model.
The overall prediction results suggest that textual and financial features are complementary to each
other and are suitable for exchange rate prediction. When unstructured data and structured data are
combined in a predictive model, significant accuracy improvements can be achieved.

6.2.2 Breakdown Study

We conduct several ablation experiments to analyze the effectiveness of each textual feature generated
by the IUS framework. In each experiment, we include the exchange rate and financial market features
(the top 12 important features selected by the RFE method) as a fixed set of predictors. The textual
feature sets we evaluate include: (A) features obtained through SSM and Source Classification, (B)
features obtained through SSM and LDA Cluster, (C) features obtained through MCM and Source
Classification, and (D) features obtained through MCM and LDA Cluster. We use (A + B + C + D)
to represent the complete set of predictive features, including both textual and financial features, and
(0) to represent no textual features, only the fixed set of financial features.

In Table 7, we calculate the weighted rank as follows: Weighted Score = 0.5 × MAE Rank + 0.5 ×
RMSE Rank. When the ranks are tied, we prioritize the MAE rank for ascending order. As shown in
the table, using only (A) and (A)+(B) results in lower MAE and RMSE compared to our proposed
method.

Figure 14: Prediction curves using textual features (A) and (A)+(B) for predicting exchange rates.
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Textual features MAE Rank (MAE) RMSE Rank (RMSE) Weighted Rank

(0) 0.004270 16 0.005502 16 16
(A) 0.003495 1 0.004716 1 1
(B) 0.003975 12 0.005164 10 10
(C) 0.003945 10 0.005115 6 8
(D) 0.004095 15 0.005342 15 15
(A)+(B) 0.003634 2 0.004879 2 2
(A)+(C) 0.003843 6 0.005015 4 5
(A)+(D) 0.003773 4 0.005062 5 4
(B)+(C) 0.003889 8 0.005144 9 9
(B)+(D) 0.004021 13 0.005270 13 14
(C)+(D) 0.003861 7 0.005121 7 7
(A)+(B)+(C) 0.004024 14 0.005207 11 13
(A)+(B)+(D) 0.003809 5 0.005131 8 6
(A)+(C)+(D) 0.003917 9 0.005287 14 11
(B)+(C)+(D) 0.003969 11 0.005268 12 12
(A)+(B)+(C)+(D) 0.003746 3 0.004982 3 3

Table 7: Performance metrics for different textual feature combinations

Figure 14 presents the prediction curves when using only (A) and (A)+(B) to predict the exchange
rates. We observe that the two prediction curves are closer to the original data curve compared to our
proposed method. Therefore, when using more features for prediction, the additional textual features
(C)+(D) may introduce slight noise.

6.2.3 Recursive Factor Importance Feature Selection

We select different numbers of exchange rate and financial related features based on their importance,
along with all textual features, to input into the predictive model. This approach allows us to observe
the impact of the number of features on model predictive performance.

Figure 15: The workflow of the Optuna hyperparameter optimization process.

The Figure 15 illustrates the curve of MAE and RMSE as the number of features varies. As the
financial features increase from 1 to 12, both curves reach their minimum values. Subsequently, both
curves rise steeply. This indicates that as the number of features increases, noise is introduced into the
predictive model, thereby gradually reducing its predictive capability. Overall, the top 12 important
features selected by the RFE method, combined with 31 textual features, constitute a robust feature
set for predicting exchange rates.
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7 Conclusions and Future Work

To accurately forecast the EUR/USD exchange rate, we introduced the IUS framework and an Optuna-
Bi-LSTM model. This framework integrates multi-source information, including news and analytical
texts, other relevant exchange rates, and financial market indicators. We employ two large language
models for sentiment polarity scoring and exchange rate movement classification, which are then com-
bined with other quantitative indicators input into a Causality-Driven Feature Generator. All gener-
ated features are fed into the predictive model for exchange rate forecasting.

Experimental results demonstrate that compared to the strongest benchmarks, our method achieved
the highest MAE and RMSE, improving by at least 10.69% and 9.56%, respectively. In terms of
data fusion, by combining unstructured and structured data, the model is able to enhance prediction
accuracy beyond what is possible with structured data alone. Furthermore, using the top 12 important
features selected by the RFE method, combined with 31 textual features proves to be more effective
compared to analyzing all textual features, as it more directly corresponds to the actual exchange
rate response to market conditions. In summary, the proposed method achieves better performance in
exchange rate forecasting and provides a comprehensive approach by integrating multi-source data for
enhanced prediction accuracy.
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