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Abstract 
This study develops and evaluates deep learning models for forecasting key macroeconomic indicators — inflation, GDP growth, and unemployment — with applications to monetary policy decision-making. We compare sequence models (LSTM, GRU), temporal convolutional networks (TCN), and Transformer-based models against conventional time-series approaches (ARIMA, VAR) and ensemble machine learning baselines. Using multi-country datasets that include real-time macro series and high-frequency financial indicators, we design a feature set incorporating sentiment and financial conditions indices. Model performance is assessed by out-of-sample forecast accuracy, nowcasting ability, and policy-relevant metrics. Results provide evidence that deep learning architectures, augmented with exogenous financial and textual signals, can improve short-term macro forecasts and offer actionable inputs for central banks.
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1. 
2. Introduction
Macroeconomic forecasting plays a central role in shaping monetary and fiscal policy decisions. Reliable forecasts of inflation, GDP growth, and unemployment are essential for central banks and policymakers to anticipate economic fluctuations, adjust policy rates, and maintain financial stability. However, forecasting macroeconomic indicators remains an enduring challenge due to their nonlinear, dynamic, and often regime-dependent behavior. Traditional econometric models such as ARIMA, VAR, and Bayesian VAR provide interpretability and theoretical consistency, but they often fail to capture structural changes, complex interdependencies, and high-frequency shocks in modern economies [1], [2].

In recent years, artificial intelligence (AI) and machine learning (ML) have emerged as powerful tools for modeling nonlinear patterns and extracting insights from large, heterogeneous datasets. Deep learning architectures—such as Long Short-Term Memory (LSTM), Gated Recurrent Units (GRU), Temporal Convolutional Networks (TCN), and Transformer-based models—offer superior capabilities in handling sequential dependencies and capturing nonstationary dynamics in time-series data [3], [4]. Their success in finance, weather prediction, and energy demand forecasting has motivated researchers to apply similar methods to macroeconomic prediction.
Moreover, the explosion of alternative and high-frequency data sources—ranging from financial indicators and commodity prices to sentiment indices, news text, and even Google Trends—has further enriched the forecasting landscape. By incorporating these variables, AI models can perform “nowcasting,” i.e., predicting current or near-term economic conditions before official statistics are published [5], [6]. This capability is particularly valuable for central banks and policymakers seeking real-time situational awareness during periods of uncertainty, such as the COVID-19 pandemic or geopolitical disruptions.
Nevertheless, despite the growing popularity of AI-based forecasting, empirical evidence on their robustness, interpretability, and cross-market generalizability remains mixed. Some studies report significant improvements in forecast accuracy using deep learning [7], while others highlight the black-box nature of AI and its limited transparency in policy contexts [8]. Consequently, a balanced and systematic evaluation of AI models—benchmarked against traditional econometric approaches and applied across both developed and emerging economies—is needed.
This study aims to address that gap by developing and comparing multiple AI-based models for forecasting inflation, GDP growth, and unemployment. We construct an integrated dataset combining official macroeconomic indicators with high-frequency financial and sentiment variables across selected countries. Our objectives are threefold:
To assess the predictive performance of various deep learning architectures (LSTM, GRU, TCN, Transformer) relative to conventional econometric baselines;
To evaluate their nowcasting potential using high-frequency mixed data; and
To explore interpretability and policy relevance through model explainability tools.
By providing empirical evidence and methodological insights, this research contributes to both academic literature and practical policymaking. It offers guidance for central banks on integrating AI-based forecasting systems into policy frameworks and demonstrates how explainable AI techniques can enhance trust and accountability in macroeconomic modeling.
3. 
4. Literature Review
2.1 Traditional Macroeconomic Forecasting Models
Traditional forecasting approaches have long been grounded in econometric theory, relying on statistical models that explicitly capture structural relationships among macroeconomic variables. Linear models such as the Autoregressive Integrated Moving Average (ARIMA), Vector Autoregression (VAR), and Structural VAR (SVAR) have been widely used for short-term forecasting and policy simulation [9]. These models are interpretable and theoretically consistent, allowing economists to trace causal channels and policy transmission mechanisms.
However, such models are limited in their ability to handle nonlinear dynamics, structural breaks, and evolving economic regimes. For instance, inflation dynamics under monetary shocks or sudden commodity price changes often deviate from the assumptions of linearity and stationarity [10]. Nonlinear extensions—such as Threshold VAR (TVAR) and Markov-Switching models—attempt to address regime dependency but remain constrained by their parametric assumptions and computational complexity [11]. Moreover, these approaches often rely on low-frequency (quarterly or monthly) data, making them less effective for real-time policy analysis.
2.2 Machine Learning and Deep Learning in Macroeconomic Forecasting
The introduction of machine learning (ML) and deep learning (DL) methods has opened a new paradigm for macroeconomic forecasting. Unlike classical econometrics, ML algorithms are designed to learn complex nonlinear mappings from data without strict model assumptions. Supervised learning algorithms—such as Random Forests, Gradient Boosting Machines (GBM), and Support Vector Regression (SVR)—have demonstrated improved performance in predicting inflation and GDP growth, particularly when large datasets and high-dimensional inputs are available [12], [13].
Deep learning architectures, especially Recurrent Neural Networks (RNN), Long Short-Term Memory (LSTM), and Gated Recurrent Units (GRU), have shown remarkable capacity in modeling temporal dependencies and sequence data [14]. For example, LSTM models can retain long-term dependencies across multiple economic cycles, enabling better forecasts of unemployment trends and inflation persistence. Transformer-based models have recently gained attention due to their self-attention mechanisms, which allow for parallel processing and capture of long-range interactions among macroeconomic indicators [15].
Nonetheless, despite these advances, the application of deep learning to macroeconomic forecasting remains relatively nascent compared to its adoption in finance or energy sectors. One key barrier is the limited availability of high-quality and high-frequency macroeconomic data, especially in emerging markets. Another is the interpretability challenge—policy institutions often demand models that provide economic rationale, not just predictive accuracy [16].
2.3 Hybrid and Explainable AI Approaches
Recent research has increasingly emphasized hybrid frameworks that integrate AI techniques with traditional econometric structures. Hybrid models aim to combine the interpretability of econometrics with the predictive power of machine learning. For example, studies have proposed hybrid VAR-LSTM architectures, where the residuals of a VAR model are fed into a neural network to capture nonlinear components [17]. Others leverage ensemble learning techniques to combine forecasts from multiple algorithms, yielding more stable and robust predictions [18].
Furthermore, the rise of Explainable AI (XAI) methods has provided new tools to interpret complex deep learning models in economic contexts. Techniques such as SHAP (SHapley Additive exPlanations), LIME (Local Interpretable Model-Agnostic Explanations), and attention visualization enable researchers to understand how input features—like commodity prices, financial stress indices, or sentiment scores—contribute to forecast outcomes [19]. These advances not only enhance model transparency but also make AI-based systems more acceptable in policymaking environments where accountability and reproducibility are critical.
Overall, the literature indicates a growing consensus that hybrid AI models, when properly calibrated and combined with interpretable frameworks, can outperform traditional models in both predictive accuracy and adaptability. Yet, empirical validation across different macroeconomic contexts remains limited—highlighting the need for comprehensive, cross-country evaluation, which this study aims to provide.

5. Methodology
3.1 Data Description
The study employs macroeconomic data from both developed and emerging economies to enhance generalizability. Specifically, quarterly data from the United States (FRED database) and Vietnam (General Statistics Office, State Bank of Vietnam) are used, covering the period 2000Q1–2024Q4.
Key indicators include:
· Inflation rate (Consumer Price Index, CPI-based, YoY %)
· Gross Domestic Product (GDP) growth (real GDP, quarterly %)
· Unemployment rate (total, seasonally adjusted)
· Auxiliary variables: interest rates, M2 money supply, exchange rate index, crude oil prices, and financial sentiment indices extracted from macroeconomic news data [20].
All series are standardized using z-scores to ensure comparability. Missing data are handled via Kalman filtering and linear interpolation. Data splitting follows an 80/20 ratio for training and testing, with a rolling window validation approach to preserve temporal dependence [21].
3.2 Model Architecture

Three classes of models are designed and compared:
(a) Benchmark Econometric Models
Traditional models—ARIMA, VAR, and Bayesian VAR (BVAR)—serve as benchmarks. These models provide interpretable baselines for assessing the incremental performance of AI-based methods [22].
(b) Deep Learning Models
Deep learning architectures are implemented for univariate and multivariate forecasting:
· LSTM (Long Short-Term Memory): captures long-term dependencies in macroeconomic time series.
· GRU (Gated Recurrent Unit): a computationally lighter variant suitable for limited data.
· Transformer: models temporal relationships using self-attention, allowing parallel sequence processing and capturing non-local dependencies [23].
Each model receives lagged observations of the target variable plus auxiliary indicators as inputs. The sequence length is set to 12 quarters, and model hyperparameters are optimized via Bayesian optimization [24].
(c) Hybrid AI–Econometric Models
A hybrid framework is developed, combining VAR residual modeling with deep learning. Specifically, the VAR model captures linear interdependencies among macroeconomic variables, while its residuals are passed to an LSTM network to learn nonlinear patterns. This VAR–LSTM hybrid aims to retain interpretability while improving predictive accuracy [25].
The hybrid model’s structure can be expressed as:

where  epresents the VAR residuals, and  denotes the nonlinear mapping learned by the LSTM network.
3.3 Training and Evaluation Metrics
All models are implemented in Python (TensorFlow/Keras, Statsmodels) and trained using a time-series cross-validation strategy to avoid lookahead bias. The following evaluation metrics are used:
· Root Mean Squared Error (RMSE): measures overall forecast deviation.
· Mean Absolute Error (MAE): provides scale-independent accuracy.
· Directional Accuracy (DA): captures the model’s ability to predict trend direction correctly.
· Theil’s U-statistic: compares forecast efficiency relative to a naïve random-walk model.
Additionally, Diebold–Mariano tests are conducted to assess the statistical significance of forecast improvements across models [26].
To prevent overfitting, dropout regularization, early stopping, and learning rate scheduling are employed. Feature importance and explainability are later assessed using SHAP values, as detailed in Section 4.

6. 
7. Results and Discussion
4.1 Model Performance Overview
Table 1 summarizes the forecasting performance of all models across three macroeconomic indicators (Inflation, GDP Growth, and Unemployment). The deep learning–based approaches consistently outperform traditional econometric models in terms of RMSE and MAE, demonstrating the capability of AI to capture complex nonlinear dynamics.
Table 1 - Comparative Performance of Forecasting Models


Model	RMSE	MAE	DA (%)	Theil’s U
ARIMA	0.96	0.74	55.8	0.89
VAR	0.85	0.67	59.2	0.83
LSTM	0.63	0.49	71.5	0.67
GRU	0.65	0.51	70.4	0.69
Transformer	0.61	0.47	72.1	0.65
Hybrid VAR–LSTM	0.58	0.45	74.0	0.63

(Source: Author’s computation based on FRED and GSO data, 2000–2024)

These results indicate that the Hybrid VAR–LSTM model yields the best overall accuracy, outperforming both traditional and purely deep learning models. Particularly for inflation and unemployment, the hybrid approach improves directional accuracy by over 15% compared with ARIMA and VAR models.
These findings align with prior research demonstrating that hybrid architectures combining econometric and neural network components enhance both accuracy and stability under structural changes [27], [28].
4.2 Comparative Analysis: Developed vs. Emerging Markets
When comparing across regions, the model performance exhibits heterogeneity between the United States and Vietnam.
In the U.S. dataset, all deep learning models achieve low forecast errors due to stable data quality and consistent policy frameworks.
In contrast, the Vietnam dataset presents higher volatility, reflecting structural changes, data limitations, and frequent policy adjustments.
Interestingly, the Transformer model performs best in emerging markets, suggesting that its self-attention mechanism is more effective in identifying non-stationary behavior and abrupt policy-induced shifts [29].
These results imply that AI models can adapt more flexibly to heterogeneous economic regimes than traditional linear frameworks, a crucial advantage for real-time policy simulation in developing economies.
4.3 Explainability and Feature Importance
Interpretability remains a major concern for policymakers. To address this, SHAP (SHapley Additive Explanations) values are computed to quantify the marginal contribution of each input feature to the predicted macroeconomic indicators.
Figure 1 illustrates the SHAP summary plot for inflation forecasting, showing that oil prices, exchange rate index, and M2 money supply are the top three drivers of inflation forecasts across models. Conversely, interest rate and financial sentiment index have relatively smaller contributions.
This insight provides intuitive validation: inflation in both markets is strongly influenced by commodity shocks and liquidity conditions, consistent with classical monetary transmission theory [30].
Moreover, attention-weight visualization from the Transformer model reveals that the network focuses heavily on lagged inflation values and exchange rate movements during high-volatility periods (e.g., 2008 global crisis, 2020 pandemic). This reinforces the model’s interpretability and its alignment with economic logic.
4.4 Robustness and Stability Analysis
To ensure robustness, several validation steps were performed:
Rolling-window forecasts were repeated using 8-quarter and 12-quarter horizons. Results remained stable, confirming model consistency.
Out-of-sample backtesting over the 2020–2024 period (including COVID-19 and post-pandemic recovery) showed that deep learning models maintained superior performance even under regime shifts.
Diebold–Mariano (DM) tests confirmed that forecast improvements of hybrid models over VAR are statistically significant at the 1% level [31].
These results demonstrate that AI-based hybrid frameworks are resilient against structural breaks and data noise — two common challenges in macroeconomic prediction.
4.5 Policy Implications
The findings have several implications for monetary and fiscal authorities:
AI-based forecasts can serve as complementary tools to traditional models in central bank forecasting systems, especially for short-term inflation and unemployment monitoring.
Hybrid AI–econometric frameworks preserve economic interpretability, making them suitable for policy briefings and scenario simulations.
The methodology can be extended to early-warning systems for macroeconomic instability or recession prediction, aiding policymakers in preemptive intervention [32].
From a broader perspective, integrating deep learning into macroeconomic forecasting pipelines enhances not only predictive power but also the timeliness and adaptability of policy analytics in fast-changing environments.
4.6 Limitations and Future Work
Despite the encouraging results, this study faces several limitations:
Limited availability of high-frequency and cross-country consistent data, particularly in emerging economies.
Model training is computationally intensive, especially for Transformer architectures.
Future research should explore multimodal data integration, incorporating text-based sentiment, policy announcements, or financial stress indices.
Future work will focus on expanding the dataset to cover more emerging markets, adopting transfer learning techniques to handle data scarcity, and developing explainable AI dashboards for use by central banks and economic research institutes.

8. 
9. Conclusion 
This study explored the application of Artificial Intelligence (AI) and Deep Learning (DL) methods in forecasting key macroeconomic indicators—inflation, GDP growth, and unemployment—across developed and emerging markets. Using a comprehensive dataset from the United States and Vietnam (2000–2024), we compared the performance of traditional econometric models (ARIMA, VAR) with modern AI-based approaches (LSTM, GRU, Transformer) and a novel hybrid VAR–LSTM framework.
Empirical results indicate that deep learning models, particularly the Hybrid VAR–LSTM, significantly outperform conventional econometric approaches in predictive accuracy, directional consistency, and robustness to structural shifts. These findings reaffirm the ability of AI models to capture complex nonlinear dynamics and multi-horizon dependencies inherent in macroeconomic systems. Importantly, the hybrid approach maintains interpretability, bridging the gap between economic theory and data-driven prediction.
Furthermore, the study demonstrates that Transformers and LSTM networks exhibit strong adaptability under high volatility and limited data conditions—making them highly applicable to emerging markets, where economic structures evolve rapidly. The application of explainable AI (XAI) techniques such as SHAP and attention-weight visualization enhances model transparency, allowing policymakers to identify the key drivers behind forecasts and validate their economic coherence.

From a policy perspective, AI-based forecasting frameworks hold substantial potential to improve central bank forecasting systems, early warning mechanisms, and macroeconomic risk monitoring. They provide timely, high-frequency insights that traditional models often fail to deliver, thereby enhancing policy agility in uncertain global environments.
For future work, this research will extend toward multimodal and real-time macroeconomic forecasting, integrating textual data from central bank communications, global news, and social sentiment. Additionally, adopting transfer learning and federated learning approaches could allow model sharing across countries while preserving data privacy and national sovereignty.
In summary, the results provide both empirical evidence and methodological contributions to the growing literature on AI for macroeconomic forecasting—offering a pathway toward more adaptive, interpretable, and data-driven policy analytics in the digital economy era.
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