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ABSTRACT
This study presents the development and evaluation of The Hybrid LSTM-
Generative AI ECO-Model for forecasting financial and economic indicators 
such as EUR/USD exchange rate, utilizing a combination of Long Short-Term 
Memory (LSTM) networks and generative AI models (GPT-2 and Llama-
3.2-1B). The primary objective was to achieve high prediction accuracy while 
minimizing computational resource consumption and ensuring ease of use of 
the model on various devices. The model was trained and tested on historical 
financial and economic data, including exchange rates, macroeconomic 
indicators, commodity prices, and sentiment analysis of financial news.
Our findings indicate that traditional LSTM models outperform generative AI 
models in time-series forecasting tasks due to their ability to capture temporal 
dependencies. However, integrating generative AI for dataset refinement 
and model optimization significantly improved forecasting performance. The 
hybrid ECO-model, leveraging generative AI-driven parameter selection and 
sentiment analysis, demonstrated superior accuracy for long-term predictions. 
The most influential parameters included historical exchange rate trends, gold 
and oil prices and news sentiment.
By implementing an ECO-approach that optimizes dataset size, minimizes 
training iterations, and employs a lightweight model architecture, our study 
highlights a path toward efficient and sustainable financial forecasting. Future 
research directions include enhancing anomaly detection mechanisms, 
incorporating additional weak predictors, and refining the role of generative 
AI in hybrid time-series forecasting models.
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1.	INTRODUCTION 
Financial and economic forecasting plays a critical role in shaping policies, business strategies, and 
investment decisions. Accurately predicting key indicators such as GDP growth, inflation, stock mar-
ket trends, or currency exchange rates remains a complex task due to the dynamic, non-linear, and 
interconnected nature of financial systems. Historically, various statistical and econometric models 
have been employed to forecast economic trends. These include linear regression, ARIMA (Auto-Re-
gressive Integrated Moving Average), and VAR (Vector Auto-Regression) models, which rely on his-
torical data patterns to predict future outcomes. While these models have been instrumental, their 
inherent assumptions, such as linearity and stationarity, often limit their applicability in capturing 
complex economic behaviours.
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In recent years, advances in machine learning and artificial intelligence have revolutionized finan-
cial forecasting. Technologies such as support vector machines (SVM), random forests, and neural 
networks have enabled models to capture non-linear relationships and adapt to high-dimensional 
datasets. These methods have outperformed traditional approaches in various contexts but often 
face limitations in their ability to process sequential and time-dependent data effectively. The fur-
ther advancements in artificial intelligence (AI) have significantly revolutionized this field, enabling 
the development of predictive tools like Long Short-Term Memory (LSTM) networks and Generative 
AI models that outperform many methods that have been used before. The benefits of these tech-
nologies are manifold. LSTMs provide accurate short- and medium-term predictions by effectively 
handling the temporal dependencies in financial data, while Generative AI enhances robustness by 
modelling complex interactions and creating synthetic data for underrepresented scenarios. These 
technologies not only improve prediction accuracy but also offer tools to navigate uncertainties, op-
timize strategies, and mitigate risks.
Despite their individual strengths, LSTMs and generative AI models have limitations when used in 
isolation. LSTMs, for instance, may struggle with highly sparse or noisy datasets, while generative 
AI models may lack precise temporal alignment in predictions. To overcome these challenges, scien-
tists are increasingly adopting hybrid approaches that integrate LSTMs with other forecasting tools, 
such as generative AI models, statistical methods, or machine learning techniques. Hybrid models 
leverage the strengths of complementary techniques to address the limitations of individual meth-
ods. For instance, combining LSTMs with generative AI allows for the simulation of complex data 
distributions, enhancing robustness and enabling probabilistic forecasting. Integrating statistical 
models can improve interpretability, while machine learning techniques contribute to feature selec-
tion and dimensionality reduction. These synergies lead to improved predictive accuracy, adaptabil-
ity, and resilience in uncertain financial environments.
This paper examines the potential of a Hybrid LSTM-Generative AI ECO-Model to address the lim-
itations of existing methods, proposing an innovative approach to achieve more accurate and scal-
able predictions. By exploring this hybrid framework, we aim to advance the field of financial and 
economic forecasting and contribute to the development of solutions that are both robust and prac-
tical in real-world applications.

1.1. LITERATURE REVIEW
Many scientists conducting research in this area are trying to find the optimal mechanism for con-
structing forecasts of macroeconomic indicators and develop universal models capable of producing 
the most accurate results. The use of machine learning in macroeconomic forecasting has been gain-
ing traction, with particular focus on Long Short-Term Memory (LSTM) models and Generative AI 
models. This section reviews key studies comparing these approaches, providing insights into their 
relative strengths and weaknesses for predicting macroeconomic indicators such as GDP, exchange 
rate, inflation, and stock market trends. It is commonly known that LSTM model has the ability to 
capture long-term dependencies. The memory units in the LSTM can transfer and update the infor-
mation between different time steps, which makes the neural network more suitable for time-series 
analysis and modeling (Aumeboonsuke, 2025). That is why many analysts consider LSTM-based 
models as a basis for making forecasts. Among them Hall (Hall, 2018), who underscores the adapt-
ability of LSTM models in macroeconomic forecasting, highlighting their ability to capture long-
term dependencies and nonlinearities in time series data. However, he also notes that LSTM models 
can be computationally expensive and may struggle when dealing with large datasets. Medeiros et 
al. (Medeiros et al., 2021) similarly highlight LSTM’s superiority in capturing complex interactions 
between macroeconomic variables in data-rich environments, particularly in inflation forecasting. 
Kamolthip (Kamolthip, 2021) supports this view, finding that LSTM models handle mixed-frequen-
cy data effectively, which is a common challenge in macroeconomic data due to the varying frequen-
cies of economic indicators. Despite LSTM’s strong performance, Kamolthip acknowledges that 
its effectiveness diminishes in cases of severe frequency mismatches. The utility of LSTM models 
in forecasting volatile financial data is echoed by Shahi et al. (Shahi et al., 2020), who compared 
LSTM and Gated Recurrent Unit (GRU) models in stock price forecasting. Their findings suggest 
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that LSTM outperforms GRU in handling non-linear data patterns, which is relevant to macroeco-
nomic forecasting given the similarly unpredictable nature of economic indicators like inflation and 
GDP. Nakamura came to the same conclusion when she compared the results of using the LSTM 
model and traditional methods in the process of forecasting inflation (Nakamura, 2005). His study 
demonstrates that LSTM can capture temporal dynamics better than other approaches. Comparing 
classical statistical algorithms to LSTM and GRU models Chang (Chang et al., 2024) claims that the 
latter can identify and retain important data sequences, enabling more accurate predictions. But his 
experimental results show that the GRU model outperforms the LSTM model in terms of prediction 
accuracy and training time across multiple metrics such as RMSE and MAE.
While the effectiveness of LSTM is widely recognized, several authors highlight its limitations. For 
instance, Kamolthip (Kamolthip, 2021) and Jahn (Jahn, 2018) note that LSTM models often struggle 
when faced with highly volatile or multi-frequency datasets, a common scenario in macroeconomic 
forecasting. This thought is supported by Lim and Zohren (Lim & Zohren, 2021), who point out that 
deep neural networks typically require time series to be discretized at regular intervals, making it 
difficult to forecast datasets where observations can be missing or arrive at random intervals. This is 
where generative AI models, particularly those using GANs, offer potential advantages.
Economists can reap significant productivity gains by taking advantage of generative AI to automate 
micro- and later macro-tasks. Large language models (LLMs) such as ChatGPT can assist economists 
by describing dozens of use cases in six areas: ideation and feedback, writing, background research, 
data analysis, coding, and mathematical derivations. That’s why recent studies have begun to ex-
plore the potential of generative AI models in economic development (Korinek, 2023). But particu-
lar attention is paid to the analysis of the capabilities of Lange Language models in macroeconomic 
forecasting. Thus, Staffini et al. (Staffini, 2022) argue that generative models can outperform LSTM 
in generating future scenarios, making them more suitable for long-term macroeconomic predic-
tions. This position is supported by Liu and Motani (Liu & Motani, 2022) who suggest a generative 
model, GenF, that uses synthetic data to improve long-range forecasts. Their work highlights how 
generative models can outperform LSTM models in long-term forecasting by reducing bias and vari-
ance, particularly in scenarios that require predictions over extended time horizons. In turn, Yoshi-
matsu (Yoshimatsu et al., 2024) points out that similar to large language models (like ChatGPT) 
time series transformers become experts at picking up on subtle patterns of relationships between 
the values in these series with demonstrated success across a variety of domains. Author considers 
four popular foundation time series transformer models: Chronos, TimesFM, Moirai, TimeGPT and 
their effective use in identifying complex economic patterns through large-scale time-series data. 
The research results of Che et al. (Che et al., 2024) show that the conditional generative adversarial 
networks (cGAN) model can effectively capture the complexity of financial market data, and the 
deviation between the prediction results and the actual market performance is minimal, showing 
a high degree of accuracy. Lee also points out the transformative impact of finance-specific large 
language models (LLMs), the innovative use of generative adversarial networks (GANs) in synthetic 
financial data generation, but at the same time authors warn that there is a pressing necessity of a 
new regulatory framework to govern the use of GAI in the finance sector (Lee et al., 2024). 
However, concerns remain about the reliability and interpretability of generative models as well. 
Thus, Hassani and Silva argue that while generative AI models show promise in surpassing tradition-
al methods such as ARIMA, they still face challenges related to model interpretability and the “black-
box” nature of their predictions (Hassani & Silva, 2024). This sentiment is echoed by Brynjolfsson 
and Li, who highlight that while generative AI models hold promise for improving financial fore-
casting, their lack of transparency may limit their adoption in high-stakes macroeconomic contexts 
(Brynjolfsson & Li, 2024). Emphasizing on the ability of LLM to help us better understand human be-
liefs and navigate possible patterns of irrational expectations, Bybee draws attention to the fact that 
LLM Macroeconomic Expectations exhibits the underreaction typically found in SPF consensus fore-
casts and its return expectations are extrapolative, disconnected from objective measures of expected 
returns, and negatively correlated with future realized returns (Bybee, 2023). Additionally, financial 
professionals should always keep in mind that generative AI has some current limitations that have 



Ivashchenko A. & Ivashchenko T./ Collection of papers new economy, Volume 3, No. 1, 2025, doi: 10.61432/CPNE0301171i

174

not yet been overcome like bias amplification, reliability of output including those regarding forecast 
indicators, security of information and sovereignty of data (Schaefer et al., 2023). 
The question of which approach is better - LSTM or generative AI for macroeconomic forecasting 
remains open, since there is no clear solution that would satisfy everyone yet. In order to improve 
the performance and prediction accuracy of the models, scientists and engineers have been active-
ly working on developing hybrid approaches, such as: adding and changing parameters in existing 
models, using a chain of ANNs, and combining the capabilities of LSTM and GAI. For instance, Nguy-
en et al. (Nguyen et al., 2021) suggest a hybrid approach, integrating LSTM with normalizing flows 
to capture non-linear temporal dependencies in macroeconomic data more effectively than either 
model could on its own. Smyl (Smyl, 2020) also developed a hybrid model combining LSTM with 
exponential smoothing, which proves effective in managing non-linear patterns in macroeconomic 
time series. Hamiane et al. (Hamiane et al., 2024) found out that hybrid models combining LSTM 
and ARIMA outperform standalone models in predicting GDP, especially when non-linear trends 
are prominent. A more complex approach suggests Atif (Atif, 2025) by combining the strengths of 
linear autoregressive integrated moving average (ARIMA) models with the memory-retaining capa-
bilities of long short-term memory (LSTM) networks and temporal convolutional networks (TCN), 
and creating hybrid architectures that capture diverse patterns in GDP time series. Sarveswararao 
(Sarveswararao & Ravi, 2021), in turn, by using LSTM enhanced the Lower Upper Bound Estimation 
(LUBE) method in order to generate prediction intervals for quantifying uncertainty in macroeco-
nomic variables and proved that modified LUBE can be more effectively applied to generate predic-
tion intervals for financial and non-financial time series. Sagheer and Kotb further contribute to this 
discussion by demonstrating that LSTM models, when pre-trained in an unsupervised manner, can 
enhance accuracy in predicting multivariate economic indicators (Sagheer & Kotb, 2019). In a study 
of forecasting directional movement of Forex data focusing on macroeconomic indicators influencing 
currency values Yildirim (Yıldırım et al., 2021) has proved that macroeconomic LSTM model when 
combined with technical indicator LSTM model into a one hybrid model, can be quite successful and 
effectively applied to financial forecasting. At the same time, according to Zhao, the introduction of 
the unbiased and the improved grey model which is weighted and averaged into the LSTM model can 
make a better scientific prediction of macroeconomic indicators like GDP and CPI (Zhao, 2024). 
An example of the successful application of the combined LSTM-GAN model can be the work of Ngo 
(Ngo, 2021), who using adversarial training has tuned an LSTM prediction model and developed a 
system that predicted closing prices of stocks based on the previous timesteps’ prices and movement 
as a whole. The approach by Kim et al. (Kim et al., 2024) that implies the use of AI-based gener-
ative news sentiment analysis for the improvement of LSTM and VAR models in real estate price 
prediction has proven to be quite effective as well. Another promising solution called the scheme of 
generative LSTM (GLSTM) has been suggested by Liu et al. (Liu, 2019). It consists of a generative 
model, to generate synthetic data for the next few time steps, and a predictive model, to directly 
make long-range predictions based on observed and generated data (Lemaallem & Saadi, 2025). 
This approach is aimed at achieving a significant increase in the accuracy of long-term forecasting of 
indicators with high variability. 
The literature reveals a divide between the strengths of LSTM and generative AI models in macro-
economic forecasting. LSTM models are praised for their ability to capture long-term dependencies 
and handle non-linearities in data, making them suitable for short to medium-term forecasts. How-
ever, for long-term forecasting, generative models, particularly those that utilize synthetic data gen-
eration, offer a distinct advantage by reducing forecast bias and improving accuracy over extended 
horizons. Based on the literature review the future of macroeconomic forecasting may lie in hybrid 
approaches, combining the strengths of both LSTM and generative AI models to enhance predictive 
power and overcome the limitations of each approach individually. 
While many authors in the process of developing LSTM-GAI combined models focus their attention 
more on one aspect of using the advantages of generative models to improve LSTM. In our opinion, 
this limits the predictive capabilities of hybrid models and leads to less accurate results when apply-
ing it. Our approach is distinguished by greater involvement of generative models in the forecasting 
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process, but at the same time we consider it important that our model remains economical (light-
weight), as simple as possible, in terms of resource consumption and easiness of use. That’s why we 
called it Hybrid LSTM-Generative AI Prediction ECO-Model.

1.2. METHODOLODY
Building on the insights gained from the literature review, we aimed to investigate, implement, and 
evaluate a model designed to forecast financial and economic indicators. For the financial parameter, 
we selected the EUR/USD exchange rate due to its significance as a key financial indicator, characterized 
by frequent fluctuations compared to other economic metrics such as GDP, inflation, or unemployment 
rates. Furthermore, the EUR/USD exchange rate is publicly accessible and offers a reliable historical 
dataset, making it particularly well-suited for predictive modeling. Other financial parameters can simi-
larly be predicted using our model, provided that datasets of equivalent quality are prepared.
Our objective was to develop an Eco-model that enables accurate forecasting of the EUR/USD ex-
change rate using lightweight models and limited computational resources. Specifically, we sought 
to achieve this with a standard workstation (Intel(R) Core (TM) i7-1355U 1.70 GHz, 32 GB RAM) 
without specialized GPU modules. Additionally, we aimed to minimize training time and reduce 
overall carbon dioxide emissions associated with the computational process.
In this study, we utilized a combination of experiment-based methods, modeling, training tech-
niques and optimization procedures to forecast the EUR/USD exchange rate.

	- Experiment Method: We conducted an experimental comparison between traditional (LSTM) 
and generative AI models (GPT-2 and Llama-3.2-1B) for time-series forecasting of the EUR/
USD exchange rate. The models were evaluated on their ability to predict exchange rates over 
multiple time horizons (7, 30, 180, and 365 days), allowing us to compare the performance of 
these distinct model types.

	- Modeling Method: We employed a structured modeling methodology to develop the architec-
ture of the Hybrid LSTM-Generative AI Eco-Model. This approach involved systematic design 
and integration of Long Short-Term Memory (LSTM) networks with Generative AI compo-
nents to enhance the model’s predictive accuracy and adaptability in economic forecasting. 

	- Synthesis and Analysis: Through a thorough literature review, we synthesized existing re-
search on the use of LSTM networks and generative AI models for time-series prediction. This 
analysis formed the basis for hypothesizing the potential advantages of generative models in 
forecasting financial data, motivating our exploration of Llama and GPT-2 in this context.

	- Quantitative Analysis for Data Processing: We used quantitative evaluation metrics, namely 
Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE), to assess the models’ 
prediction accuracy. These metrics provided a clear comparison between the performance of 
LSTM and generative AI models, with lower RMSE and MAE values indicating better predic-
tive accuracy.

1.2.1. DATASET FORMATION
The quality of data preparation plays a pivotal role in the effectiveness of prediction model training. 
The accuracy of the predicted model is directly influenced by both the quantity and the quality of the 
data used. For the EUR/USD rate prediction, we have compiled extensive datasets of historical data 
beginning from January 1, 2010.
We utilized various parameters to construct the training datasets, which include: historical EUR/
USD Exchange Rates; Financial News; Inflation Rates; GDP Growth Rates; 	 Commodity Pric-
es (Gold and Oil); Unemployment Rates; Economic News; Government Stability Index; Monetary 
Policy Statements; 	 Interest Rates and Bond Yields; Trade Balance (EU-US Imports/Exports).
For the collection of historical EUR/USD exchange rates, as well as prices for oil and gold, we utilized 
the API provided by Yahoo Finance. This service allowed us to efficiently gather large-scale time-se-
ries data, essential for model training and analysis. Macroeconomic indicators, such as GDP growth, 
inflation rates, unemployment statistics, and government stability indices, were sourced from au-
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thoritative government databases, specifically the Federal Reserve Economic Data (FRED) and Eu-
rostat. These platforms offer reliable and up-to-date economic data from the US and EU regions.
To capture the influence of economic sentiment, we conducted sentiment analysis on relevant eco-
nomic news articles. The news data was gathered from a wide range of media outlets, including so-
cial media platforms, financial news agencies, and specialized economic websites. We used the News 
API (https://newsapi.org), which aggregates data from various sources such as Google News. In ad-
dition, historical data was extracted from renowned economic portals like Bloomberg and Reuters. 
News articles were scraped and processed using a combination of APIs and web scraping techniques 
to ensure comprehensive coverage of economic events.
All collected data underwent an extensive analysis phase, where generative AI models were em-
ployed to process the information and extract meaningful insights. This AI-driven analysis provided 
us with aggregated output, which was further refined to ensure consistency and quality.
Prior to model training, rigorous data cleaning and scaling methods were applied to ensure the ac-
curacy and relevance of the datasets. Data consistency checks were performed to identify and correct 
any discrepancies, and normalization techniques were used to scale numerical values for uniformity.
To automate the process of dataset creation and preparation, we developed a Dataset Generation 
Agent, which streamlined the entire data collection and preprocessing workflow. A detailed descrip-
tion of this agent, including its architecture and operational principles, is provided in Section 3.4.2.
Finally, the entire dataset was partitioned into three subsets: 70% of the data was allocated for train-
ing purposes, 20% for validation, and 10% for test. This partitioning ensures an unbiased evaluation 
of model performance and allows for robust model generalization.

1.2.2. MODELS’ SELECTION AND TRAINING 
Traditionally, statistical models and neural network architectures have been the predominant meth-
ods for forecasting sequential data in time-series prediction tasks. Based on our literature review, 
Long Short-Term Memory (LSTM) networks - a class of recurrent neural networks (RNNs) - have 
demonstrated considerable effectiveness due to their capacity to capture long-term dependencies 
and complex temporal patterns within sequential datasets. However, recent advancements in gener-
ative artificial intelligence have opened new avenues for time-series forecasting. In this context, we 
considered it essential to explore the applicability of state-of-the-art generative models for predict-
ing time-series data, with a specific focus on the EUR/USD currency exchange rate. Models such as 
LLaMA and ChatGPT, which have shown exceptional performance in natural language generation 
and comprehension, motivated our investigation into their potential to model and forecast contin-
uous time-series sequences.
In our study, we focused on testing two lightweight generative models: Llama-3.2-1b and GPT-2 
correspond to the selected ECO approach that is described in Section 3.3.
The primary motivation behind using Llama and GPT-2 lies in their ability to process large sequences 
of data, and their underlying transformer architecture, which has demonstrated strong capabilities 
in learning complex patterns. By applying these models to consecutive time-series data like EUR/
USD exchange rates, we aim to assess whether such generative approaches can yield competitive or 
even superior results compared to traditional models like LSTM.
Long Short-Term Memory (LSTM) networks and Generative AI models, specifically Llama-3.2-1B 
and GPT-2 were initially tested on historical EUR/USD exchange rate data without any optimization 
or additional parameters, with the goal of forecasting EUR/USD rates over time periods of 7, 30, 
180, and 365 days. The results showed that the LSTM model outperformed the Generative AI mod-
els in terms of prediction accuracy (see Table 1).
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Table 1. Predictions of the EUR/USD rates by LSTM, Llama-3.2-1B and GPT-2 before optimization

Model
7 days 30 days 180 days 365 days

RMSE MAE RMSE MAE RMSE MAE RMSE MAE
LSTM 0.06278 0.05789 0.07292 0.07145 0.0715 0.07086 0.06346 0.06336
GPT-2 0.08308 0.08286 0.08894 0.08851 0.12113 0.11861 0.1204 0.11876

Llama-3.2-1B 0.08211 0.08003 0.08653 0.08479 0.11905 0.11634 0.1173 0.11467

Source: Authors’ calculation

To evaluate the performance of the selected models, we employed several evaluation metrics, in-
cluding Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE).
RMSE is a widely used metric that measures the average magnitude of the errors between predicted 
and actual values. It is calculated as the square root of the average of the squared differences be-
tween predicted and actual values, as follows:

					     			 
(1)

where:
	-  n is the total number of observations,
	-  yi is the actual value,
	-  ŷi is the predicted value. 

A lower RMSE value indicates better model performance, as it signifies that the predictions are clos-
er to the actual values. RMSE is sensitive to large errors due to the squared term, making it suitable 
for cases where significant errors need to be penalized.
MAE is another commonly used metric that measures the average of the absolute differences be-
tween predicted and actual values. It is calculated as:

					         					     (2)

Unlike RMSE, MAE treats all errors equally, making it more robust to outliers. A lower MAE value 
suggests a model with higher accuracy.
For the lost function of the LSTM model was used MSE (Mean Squared Error) and for fine-tuning of 
the generative AI models was used Cross-Entropy Loss.

					        				  
(3)

					     			 
(4)

where:
	- 	 n is the number of samples,
	- 	 C is the number of classes,
	- 	 yij is the actual binary indicator (1 if the class label is correct, 0 otherwise) for sample i 
and class j,
	- 	 ŷij is the predicted probability for class j for sample i,
	- 	 The logarithm is taken element-wise.

This loss function is commonly used for classification tasks, particularly in neural networks, where 
it measures the difference between the predicted probability distribution and the true distribution. 
Lower cross-entropy loss values indicate better model performance.
Generative AI models, such as Llama-3.2-1B and GPT-2, are primarily designed for natural language 
processing tasks, where they predict sequences of text tokens. As such, they struggled to accurately 
predict continuous numerical values, like the EUR/USD exchange rates. The models did not grasp 
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the context of the financial data and produced the same predicted value regardless of the forecast 
horizon. In contrast, the LSTM model, which is specifically designed to capture temporal depen-
dencies in sequential data, showed natural suitability for time-series forecasting, leading to better 
prediction outcomes.
To improve the predictive performance of both the LSTM model and the Generative AI models, a 
series of targeted optimizations were implemented. For the LSTM model, we utilized a Training 
Agent (as detailed in Subsection 1.2.3) to explore a range of hyperparameter configurations. These 
included adjustments to the number of training epochs, the number and size of hidden layers, and 
the application of various dropout rates to mitigate overfitting.
In parallel, we applied fine-tuning techniques to the Generative AI models. Given the eco-conscious 
design of our approach and constraints on computational resources, the fine-tuning process was 
deliberately limited to a maximum of 10 training epochs per model. This strategy was intended to 
balance performance gains with resource efficiency.
Following these optimization steps, we evaluated the forecasting results of the optimized LSTM mod-
el and the fine-tuned generative models—LLaMA-3.2-1B and GPT-2—using standard performance 
metrics. The results, summarized in Table 2, indicate that the optimized LSTM model achieved a 
marked improvement in prediction accuracy compared to its baseline configuration, thereby con-
firming the effectiveness of the hyperparameter tuning process. Conversely, the fine-tuned gener-
ative models exhibited only marginal performance gains, suggesting a more limited sensitivity to 
fine-tuning under the given constraints.

Table 2. Predictions of the EUR/USD rates by LSTM, Llama-3.2-1B and GPT-2 after optimization

Model
7 days 30 days 180 days 365 days

RMSE MAE RMSE MAE RMSE MAE RMSE MAE
LSTM 0.01133 0.01104 0.01268 0.01239 0.0114 0.01107 0.01041 0.01019
GPT-2 0.07512 0.07387 0.08156 0.08042 0.10589 0.10231 0.09745 0.09401

Llama-3.2-1B 0.07344 0.07205 0.07871 0.07012 0.10003 0.09021 0.09531 0.08873

Source: Authors’ calculation

Based on these results, we conclude that for forecasting time-series data, such as the EUR/USD 
exchange rates, an optimized LSTM model is more effective than Generative AI models like Llama-
3.2-1B and GPT-2. The LSTM model’s ability to handle sequential data and learn from temporal 
dependencies makes it better suited for this task.

1.2.3. HYBRID ECO-MODEL ELABORATION
In the development of our model, we adopted an eco-approach aimed at creating a lightweight, ef-
ficient system that minimizes computational resource requirements, which in turn reduces carbon 
emissions associated with model training and execution. The broader goal of this eco-friendly ap-
proach was not only to optimize for energy consumption but also to make the model more accessi-
ble, enabling it to run on a wide range of devices and operate at higher speeds. 
Our ECO-approach encompasses the following key strategies:

•	 Use of Lightweight Models: We prioritized the use of lightweight models for developing a hy-
brid prediction solution. 

•	 Data Set Optimization Based on Prediction Horizon: The size and complexity of the datasets 
used for training were optimized based on the prediction horizon. For example, for short-term 
forecasting (7-day prediction), we utilized smaller datasets, which reduced both the time re-
quired for training and the computational power needed. For medium-term forecasts (30-day 
predictions), a medium-sized dataset was used, while for longer-term predictions (180 and 
365 days), we employed larger datasets. This tiered approach ensures that only the necessary 
amount of data is processed at each stage, minimizing resource consumption without compro-
mising the accuracy of the forecasts.
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•	 Use of Training Agent for Model Optimization: A central component of our eco-approach is 
the Training Agent, which plays a crucial role in maintaining a minimal model size. The agent 
works by interacting with the generative AI model (Llama-3.2-1B) to select and optimize the 
hyperparameters. This allows us to focus on identifying and adjusting only those parameters 
that have the most significant impact on the model’s performance.

•	 Efficient Deployment Across Devices: A key goal of our eco-approach is to ensure that the mod-
el is not only lightweight in terms of training but also optimized for inference. By focusing on 
computational efficiency, we aim to make the model deployable on a wide range of devices, 
from standard workstations to mobile devices. 

To provide accurate and effective predictions of the EUR/USD exchange rate, we have developed a 
hybrid eco-model, combining various AI techniques to enhance the model’s performance. The archi-
tecture of this hybrid model is illustrated in Figure 1.

Figure 1. Hybrid ECO-Model high-level architecture

Source: Authors’ design

The system is composed of two primary agents and two AI models. The first agent is the Dataset Gen-
eration Agent (discussed in section 3.4.2), responsible for collecting and preparing the data needed 
for training. The second is the Training Agent (see section 3.4.1 for more details), which manages 
the overall training process. The AI models involved include an optimized Long Short-Term Mem-
ory (LSTM) model, designed to predict the EUR/USD rate, and a lightweight generative AI model 
(Llama-3.2-1B), which analyzes the outputs of the LSTM model and provides valuable feedback for 
refining both internal and external model parameters.
The Training Agent (TA) initiates the training process by requesting the LSTM model to pre-
dict exchange rates for a specific forecasting horizon. It then queries the Dataset Generation Agent 
for the necessary datasets, gathers this data, and trains the LSTM model with default parameters. 
The LSTM model’s output is collected by the Training Agent and sent to the Llama model for fur-
ther analysis.
The Generative AI Model (Llama-3.2-1B) processes the LSTM model’s outputs, analyzing the 
results to identify potential improvements. These suggestions may include adjustments to internal 
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parameters such as the number of epochs, dropout rates, and the number of layers in the LSTM 
model. Additionally, the generative model may propose changes to the dataset, such as the inclusion 
or removal of specific training parameters.
TA plays a central role in the Hybrid ECO-Model, acting as the system’s coordinator for model train-
ing and optimization. It operates iteratively, incorporating feedback from the generative AI com-
ponent to refine the LSTM model’s performance. Based on this feedback, the agent may modify the 
model’s architecture or request new datasets as needed, re-running the training process to improve 
accuracy. This cycle repeats until the generative AI determines that the LSTM model is sufficiently 
optimized for the target prediction horizon.
Once the optimization process is complete, the Training Agent saves the finalized LSTM model for 
future deployment. It also documents and publishes the outcomes of both the training and testing 
phases, ensuring transparency and reproducibility of the results.
To better understand how this system functions, we now examine the key components of the Hybrid 
ECO-Model, starting with the Training Agent itself.
As a core component of the model TA is responsible not only for executing training scenarios but also 
for facilitating communication between different modules within the system. It ensures smooth data 
flow and model interaction through its integrated API interfaces. Specifically, the agent is equipped 
with a REST API that allows efficient communication with external systems and components.
One of its key responsibilities is triggering the Dataset Generation Agent, which handles the retriev-
al and preparation of training datasets. Once the dataset is available, the Training Agent initiates the 
execution of the Long Short-Term Memory (LSTM) model - an advanced type of recurrent neural 
network - by adjusting a range of hyperparameters to enhance model performance. These include:

•	 Number of epochs: Defines how many times the training process iterates over the dataset.
•	 Dropout rate: Regulates the dropout layers in the LSTM to prevent overfitting.
•	 Loss function: Determines the metric used to optimize the model.
•	 Hidden layers and size: Specifies the architecture of the LSTM, including the number of hidden 

layers and their respective sizes.
TA executes the LSTM model using the specified parameters and collects the resulting outputs. To 
enhance the model’s performance, it then engages in a feedback loop with the Generative AI model 
(LLaMA-3.2-1B), leveraging prompt engineering techniques. The generative model analyzes both 
the inputs and outputs of the LSTM and returns structured recommendations for improvement. 
These may involve changes to the model architecture, training configurations, or other hyperparam-
eters that could boost predictive accuracy.
TA interprets these suggestions and applies the proposed adjustments to the LSTM model. Once 
the updates are made, it re-initiates the dataset retrieval and training process. This iterative cycle 
continues until the LLaMA-3.2-1B model confirms that the LSTM has been sufficiently optimized for 
the desired forecasting horizon.
After the optimization is complete, the final version of the LSTM model, along with its training re-
sults, is stored in a centralized database. This allows the model to be reused for future predictions or 
further analysis without requiring retraining—ensuring both efficiency and reproducibility. Figure 2 
illustrates a sequence diagram depicting one of the training agent scenarios, showing the sequence 
of interactions between the agent and other system components during the model training process.
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Figure 2. Sequence diagram of the training agent scenario

Source: Authors’ design

TA is also responsible for interaction with generative AI model to select the most optimal external 
input parameters that should be included in the final configuration (like price oil and gold).
Dataset Generation Agent is a critical component of the hybrid eco-model, responsible for 
collecting data and generating datasets. It consists of several micro-services, each dedicated to a 
specific task:

	- 	 News Sentiment Analyzer
	- 	 Financial and Economic Indicators Collector
	- 	 Anomaly Detection Analyzer
	- 	 Additional Parameters Collector

Figure 3 illustrates the architecture of the Dataset Generation agent.

Figure 3. Dataset Generation Agent architecture

Source: Authors’ design



Ivashchenko A. & Ivashchenko T./ Collection of papers new economy, Volume 3, No. 1, 2025, doi: 10.61432/CPNE0301171i

182

The Dataset Generation agent provides a REST API to request the necessary datasets. It can trigger 
the execution of various analyzers either on-demand via API requests or based on a pre-defined 
schedule. The generated datasets are then stored in CSV format, either in file storage or a rela-
tional database.
Below is a more detailed description of each submodule:
The News Sentiment Analyzer is responsible for gathering daily financial news, generating dai-
ly press releases using the generative AI model (Llama-3.2-1B), and performing sentiment analysis 
on these press releases using the same model (see Figure 4).

Figure 4. News Sentimental Analyzer architecture

Source: Authors’ design

The results of the sentiment analysis are stored in the database. The analyzer collects historical news 
for a specified time period. We utilize the News API to gather data; however, this API, via a developer 
account, only allows access to 30 days of historical data. As a result, we were able to create datasets 
limited to a 30-day period. In the context of the hybrid eco-model, we require data spanning multi-
ple years, ideally starting from 01/01/2010. To address this gap, we decided to use the Daily News 
Sentiment Index, as it closely correlates with the sentiment scores generated by the News Sentiment 
Analyzer (see Figure 5).

Figure 5. Correlation between Financial News Sentimental Score and ‘Daily news sentiment index’

Source: Authors’ calculations and graphing

Financial and economic indicators collector – The Financial and Economic Indicators Col-
lector gathers relevant data from various sources, such as Yahoo Finance and the Federal Reserve 
Economic Data (FRED). The collector interacts with the REST APIs of these sources and saves the 
gathered data into CSV files for further use in the model.
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The Anomaly Detection Analyzer is a promising yet currently unimplemented submodule. Its 
objective is to analyze various online sources to detect anomalies such as wars, natural disasters, 
pandemics, political changes, or other significant events that could influence financial and econom-
ic indicators. This component aims to incorporate such real-world events into the model for better 
accuracy and robustness.  
The Additional Parameters Collector gathers supplementary minor economic parameters 
from open sources. It leverages both APIs and web scraping techniques to collect information, gen-
erating datasets that include these additional parameters to enhance the hybrid eco-model.
In summary, the Dataset Generation agent orchestrates the collection and preparation of diverse 
data sources, enabling the hybrid eco-model to train, predict, and simulate based on a wide range of 
financial and economic indicators.
Generative AI models play a crucial role in our hybrid ECO-model, driving decision-making 
processes based on the training outcomes of the LSTM model. Specifically, these models are respon-
sible for adjusting the structure of the LSTM network, incorporating additional parameters into the 
dataset, modifying model coefficients, and other tasks that enhance the model’s performance. Fur-
thermore, they contribute significantly to the dataset generation process by providing capabilities 
such as text summarization and sentiment analysis.
Given that our objective is to minimize computational resource consumption in the hybrid ECO-mod-
el, we opted against fine-tuning the generative AI model. Instead, we employed prompt engineer-
ing to guide the model’s behavior. While Retrieval-Augmented Generation (RAG) could be con-
sidered as an alternative, we found that prompt engineering alone was sufficient for the scope of 
our experiment.
In the overall system architecture, the generative AI model is tasked with several critical re-
sponsibilities:

	- Text Analysis and Suggestion Generation: The model analyzes input data and generates rec-
ommendations for improving dataset quality or adjusting model parameters.

	- Model also responsible for selecting the strongest parameters to the final dataset.
	- Input-Output Suggestion Based on Data: The model offers insights and recommendations 

based on the relationships between the input data and output predictions.
	- Text Summarization: It summarizes relevant news articles and reports to provide concise and 

relevant information for the model.
	- Sentiment Analysis of News: It evaluates the sentiment of economic news to assess the mar-

ket’s potential impact on the EUR/USD exchange rate.
The operations of the generative AI model are orchestrated by the Training Agent and Dataset Gen-
eration Agent, ensuring that data preprocessing, model training, and decision-making are seam-
lessly integrated. Throughout our experiment, the generative AI module demonstrated high perfor-
mance, effectively contributing to the accuracy and efficiency of the overall system.

2.	RESULTS AND DISCUSSIONS
We implemented the Hybrid LSTM-Generative AI ECO-model and conducted an experiment to pre-
dict the EUR/USD exchange rates based on historical data and a specified prediction horizon. The 
model demonstrated the ability to effectively handle this task, providing fairly accurate predictions, 
making it suitable for use by a wide range of organizations in currency forecasting applications. No-
tably, the system’s efficiency offers significant financial gains, particularly for financial institutions, 
investment firms, and currency traders who rely on precise exchange rate forecasts to inform their 
decision-making processes.
The system was trained and operated according to recommendations from the Generative AI mod-
ule, which provided real-time guidance on LSTM model improvements. The results of the training 
process are summarized in Table 3, which presents the prediction accuracy achieved using various 
model configurations. Our analysis demonstrated that incorporating the “Inflation” parameter into 
the historical data resulted in reduced prediction accuracy compared to using the “GDP” parameter 
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alone. Furthermore, the inclusion of any of the “Inflation” and “GDP” parameters led to lower ac-
curacy than adding the “Oil/Gold” parameters. This suggests that macroeconomic indicators may 
not have an immediate direct impact on the exchange rate, but they could exert a more significant 
influence over the long term.

Table 3. Predictions of the EUR/USD rates by LSTM model with different parameters

Feature
7 days 30 days 180 days 365 days

RMSE MAE RMSE MAE RMSE MAE RMSE MAE
Inflation 0.05206 0.04842 0.0617 0.06054 0.0574 0.05711 0.05689 0.05677
GDP 0.05042 0.0463 0.05389 0.05283 0.05557 0.05535 0.05335 0.05323
Oil and gold 0.00531 0.00519 0.00717 0.00688 0.00629 0.00574 0.01203 0.0118
News semantic analysis 0.00959 0.00925 0.01363 0.013263 0.01024 0.00987 0.0118 0.0116
Oil/gold + semantic analysis 0.00592 0.00576 0.00823 0.007902 0.00532 0.00474 0.00521 0.00484

Source: Authors’ calculation

One of the key suggestions from the Generative AI model was to incorporate a combined oil/gold 
parameter. The inclusion of this combined parameter led to a significant improvement in prediction 
accuracy (from 5 to 12 times depending on the prediction horizon). As part of our goal to develop 
an optimal model with minimal resource usage, the Generative AI module further recommended 
adding sentiment analysis of economic news to enhance model performance. By integrating this ad-
ditional feature, the final model contained three extra parameters: oil/gold prices, historical EUR/
USD exchange rates, and news sentiment analysis.

Figure 6. Comparison of prediction accuracy for Oil&Gold and combined Oil&Gold+News parameters: 
a) Description of RMSE comparison is contained in the left part; b) Description of MAE Comparison is con-

tained in the right part

Source: Authors’ calculation and graphing

For short-term prediction horizons, the final model with the added sentiment analysis parameter 
showed slightly lower accuracy compared to the LSTM model (in about 11% for 7 days prediction) 
that only included the oil/gold parameter. However, for longer prediction horizons, the inclusion of 
the news sentiment analysis parameter resulted in a dramatic improvement, with prediction accura-
cy more than doubling the performance of the model that used only oil/gold data. This underscores 
the importance of incorporating sentiment analysis for long-term forecasting, where external fac-
tors such as geopolitical events or economic shifts have a more pronounced impact.
The study conducted advances the field by proposing a more integrated and balanced hybrid archi-
tecture—the Hybrid LSTM-Generative AI Prediction ECO-Model—which ensures that both model 
types contribute meaningfully to the forecasting task. By designing a system where the generative 
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model plays a more active role in both pre-processing and direct forecasting tasks, this research 
moves beyond the auxiliary use of generative AI and demonstrates how deeper synergy can lead to 
improved forecast accuracy, especially in long-term horizons.
Moreover, the emphasis on efficiency and practicality—a lightweight, resource-conscious design—
directly addresses the increasing demand for scalable and deployable forecasting tools in real-world 
economic policy and industry settings. In doing so, this study not only refines the theoretical under-
standing of hybrid forecasting models but also offers a viable path toward more accessible, interpre-
table, and cost-effective forecasting solutions.
Thus, the findings contribute meaningfully to the macroeconomic forecasting literature by:

	- Challenging the traditional asymmetric hybrid model design;
	- Demonstrating the performance benefits of a more balanced integration of LSTM and 

generative AI;
	- Introducing an eco-efficient framework that aligns with practical deployment needs;
	- Setting the stage for future work on generalizable, modular hybrid forecasting systems.

While the system demonstrated exceptional performance in predicting the EUR/USD exchange rate, 
several limitations were noted, which should be considered for future improvements and real-world 
application:

	- Limited Fine-Tuning of the Generative AI Model: Due to the constraints of our eco-approach, 
we were unable to significantly fine-tune the Generative AI model. Instead, we relied on 
prompt engineering and, as an optional strategy, Retrieval-Augmented Generation (RAG). 
The inability to fine-tune the model restricts its flexibility in adapting to highly specific mar-
ket conditions.

	- Limited Access to Historical Financial News: The sentiment analysis module relied on avail-
able financial news data, but due to limited access to comprehensive historical and more 
specific (for example, exchange rates) financial news, the model’s sentiment analysis was not 
as robust as it could be. This limitation affected the model’s ability to accurately predict senti-
ment scores for specific days, which, in turn, impacted its performance.

	- Restricted Access to Broader Media and Social Media: The model lacked access to a wide 
range of historical media and social media resources that could be used for anomaly detec-
tion. The absence of these data sources may have limited the model’s ability to detect sudden 
shifts in market sentiment driven by social or media events.

	- Minimalist Approach to Parameter Inclusion: In keeping with our goal of developing a min-
imalistic LSTM model with the fewest parameters necessary, we did not include all poten-
tial weak parameters in the model. While this approach optimized resource consumption, it 
may have excluded some parameters that could have further enhanced the model’s predic-
tive capability.

3.	CONCLUSION
The Hybrid LSTM-Generative AI ECO-Model presents a transformative approach to forecasting and 
economic indicator analysis, offering significant benefits to financial organizations and the broader 
economy. By integrating the predictive capabilities of Long Short-Term Memory (LSTM) networks 
with the creative adaptability of Generative AI, this model enhances the accuracy, adaptability, and 
efficiency of economic forecasts. Financial institutions, including banks, investment firms, and poli-
cy-making bodies, can leverage this model for more precise risk assessment, portfolio optimization, 
and macroeconomic planning.
Furthermore, the model’s ability to generate synthetic economic scenarios enables stress testing and 
strategic decision-making, allowing businesses and governments to anticipate and mitigate poten-
tial financial disruptions. The increased forecasting accuracy enhances market stability, improves 
investment strategies, and fosters data-driven policymaking, ultimately leading to more resilient 
economic systems.
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In this study, we demonstrated the feasibility of developing an efficient predictive model using an 
eco-approach, leveraging lightweight models and carefully selected parameters. The results indi-
cate that, despite the advancements in generative AI models, they are not yet optimal for direct 
time-series forecasting. However, when integrated into hybrid systems alongside models such as 
LSTM, generative models can provide valuable insights and optimization strategies, contributing to 
improved overall predictive performance.
Our findings confirm that LSTM models, when optimized, outperform generative AI models in fore-
casting financial time-series data, such as the EUR/USD exchange rate. The results highlight the 
significance of incorporating domain-specific features, such as oil/gold prices and economic sen-
timent analysis, to enhance forecasting accuracy. The hybrid ECO-model, which integrates LSTM 
with Generative AI model proved effective in refining model predictions while maintaining minimal 
computational resource consumption.
Despite the success of our approach, certain limitations remain. The reliance on predefined hyper-
parameters, the limited fine-tuning of generative AI models, and the restricted access to historical 
financial news and broader social media data suggest avenues for further exploration.
Several potential directions for future research and development include:

	- Anomaly Detection Module – Implementing an anomaly detection system to identify unusual 
patterns and external market shocks (e.g., political events, economic crises, or natural disas-
ters) that could impact exchange rate predictions.

	- Expansion of Data Sources – Enhancing dataset diversity by incorporating social media senti-
ment, broader financial news sources, and alternative economic indicators to improve model 
accuracy and robustness.

	- Hybrid Model Enhancements – Exploring the potential of combining multiple weak parame-
ters, which individually contribute little predictive power but may collectively enhance model 
performance.

	- Adaptive Learning Strategies – Developing self-improving models that can dynamical-
ly adjust hyperparameters, input features, and prediction strategies based on real-time 
market changes.

By addressing these research directions, future iterations of the hybrid ECO-model can achieve even 
greater predictive accuracy, broader applicability, and enhanced adaptability to real-world financial 
forecasting challenges.
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