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Abstract: Economic forecasting has traditionally relied on econometric and 
time-series models such as ARIMA, VAR, and DSGE, which offer interpretability 
and theoretical grounding but face limitations in capturing nonlinear dynamics, 
structural breaks, and the increasing volatility of modern economies. Recent 
advances in artificial intelligence (AI), including machine learning, deep learning, 
and hybrid techniques, have introduced new possibilities for improving predictive 
performance and adaptability. This study presents a comparative analysis of 
traditional econometric models and AI-based forecasting approaches neural 
networks, ensemble learning, and reinforcement algorithms, evaluating their 
predictive accuracy, robustness to economic shocks, and applicability across key 
macroeconomic indicators. Using historical data from advanced and emerging 
economies, model performance is assessed through RMSE, MAE, and Theil’s U. 
The findings show that AI-driven models outperform conventional methods in 
capturing nonlinearities and responding to high-frequency shocks, especially 
during periods of economic uncertainty. Nevertheless, challenges related to 
interpretability, data demands, and overfitting persist. The study concludes 
that hybrid models combining structural interpretability with adaptive learning 
capabilities offer a promising direction for improving forecasting accuracy 
and enhancing the practical value of economic policy analysis.
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1.	 INTRODUCTION

Economic forecasting plays a central role in contemporary policy analysis and decision-mak-
ing and has traditionally relied on econometric models such as ARIMA, VAR, and DSGE. 

While these models offer interpretability and strong theoretical foundations (Stock & Watson, 
2017), their linear assumptions and fixed structural specifications limit their ability to capture 
growing economic complexity and frequent structural breaks in modern macroeconomic systems 
(Diebold, 2015).

Advances in artificial intelligence (AI) and machine learning (ML) provide new opportunities 
to address these limitations. AI-based methods can process high-dimensional datasets, model 
nonlinear relationships, and adapt to rapidly changing environments (Jordan & Mitchell, 2015). 
These capabilities have prompted debate about whether AI-driven approaches can outperform 
conventional econometric models or whether they serve more effectively as complementary tools 
within macroeconomic forecasting frameworks (Makridakis et al., 2018).

This study conducts a comparative assessment of traditional econometric models and AI-driven 
forecasting techniques, focusing on predictive accuracy, robustness under economic instability, 
and practical applicability across diverse macroeconomic indicators. By evaluating these models 
in multiple economic contexts, the analysis contributes to ongoing discussions on the role of AI in 
improving forecasting methodologies and strengthening evidence-based economic governance.
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Recent empirical contributions (Lin, 2024; Sherly, 2025; Vancsura et al., 2025; Zhang, 2023; Smith 
& Doe, 2025) further highlight the growing relevance of AI and hybrid modelling techniques. 
The following section reviews the theoretical and empirical foundations that underpin this com-
parative study.

2.	 LITERATURE REVIEW

Academic literature on economic forecasting can broadly be categorized into three major approaches: 
traditional econometric models, AI-based methods, and hybrid frameworks that integrate both 
paradigms. This section reviews their theoretical foundations, methodological evolution, and 
empirical contributions.

2.1.	 Traditional Econometric Models

Traditional forecasting models such as the Autoregressive Integrated Moving Average (ARIMA) 
(Box & Jenkins, 1970), Vector Autoregression (VAR) (Sims, 1980), and Dynamic Stochastic 
General Equilibrium (DSGE) models (Smets & Wouters, 2007) have dominated macroeconomic 
forecasting for decades. These models rely on well-established economic relationships and statistical 
assumptions, offering interpretability, theoretical grounding, and suitability for policy simulation. 
Their primary strength lies in transparency and the ability to provide structured, theory-based 
insights into macroeconomic dynamics.

However, their reliance on linearity and fixed structural specifications limits their effectiveness 
in capturing nonlinear behaviour, structural breaks, and high-dimensional interactions. As global 
economic systems become more complex and volatile, these limitations have become increasingly 
pronounced.

2.2.	 AI-Based Forecasting Approaches

AI-driven models, including Neural Networks (NN), Long Short-Term Memory (LSTM) archi-
tectures, ensemble learning methods, and Reinforcement Learning (RL) algorithms, have demon-
strated superior predictive accuracy in nonlinear and unstable environments (Makridakis et al., 
2018; Zhang, 2003). Their ability to fly complex patterns, adapt to evolving data structures, and 
process large-scale information makes them powerful tools for modern forecasting tasks.

Despite their advantages, challenges persist regarding interpretability, data requirements, com-
putational complexity, and overfitting (Jordan & Mitchell, 2015). Consequently, their adoption in 
policy-oriented economic modelling remains cautious, particularly where transparency is essential.

2.3.	 Hybrid and Integrative Modelling Frameworks

Recent scholarship increasingly investigates hybrid approaches that combine the structural inter-
pretability of traditional econometric models with the adaptive learning capabilities of AI tech-
niques (Lin, 2024; Sherly, 2025; Vancsura et al., 2025; Zhang, 2023; Smith & Doe, 2025). These 
integrative frameworks seek to leverage the complementary strengths of both paradigms. Hybrid 
ARIMA–ANN models capture temporal dependencies and nonlinear interactions simultaneously, 
while DSGE–ML combinations improve robustness to structural shifts. This literature reflects 
a broader methodological convergence in which AI enhances rather than replaces traditional 
econometric forecasting.
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2.4.	 Synthesis of Key Studies

The following table summarises influential contributions in the field, illustrating the diversity of 
modelling approaches and the evolution of forecasting effectiveness across different economic contexts

Table 1. Key Studies on Economic Forecasting Models
•	 �Author(s) & Year •	 �Methodology •	 �Economic Context •	 �Key Findings
•	 �Stock & Watson 

(2017) •	 �VAR, DSGE •	 �US macroeconomic 
data

•	 �DSGE models are strong for policy simulation 
but weaker for forecasting accuracy

•	 �Makridakis et al. 
(2018) •	 �ML, DL •	 �Global GDP and 

inflation forecasts
•	 �AI models outperform ARIMA during periods 

of economic volatility

•	 �Zhang (2003) •	 �Hybrid 
ARIMA–ANN

•	 �Financial 
time-series

•	 �Hybrid models enhance forecast accuracy and 
reduce residual errors

•	 �Duan et al. (2016) •	 �Reinforcement 
Learning •	 �Policy optimization •	 �RL adapts dynamically to changing 

macroeconomic conditions
•	 �Nguyen et al. 

(2021) •	 �DSGE + ML •	 �Emerging markets •	 �Hybrid DSGE-ML improves forecasting 
robustness and adaptability

Source: Own presentation

2.5.	 Identified Gaps and Research Contribution 

This synthesis highlights the evolution from theory-driven to data-driven forecasting methodolo-
gies. The growing academic consensus underscores the potential of integrating machine learning 
into economic modelling, setting the stage for the comparative empirical evaluation presented 
in this study. Despite significant advancements, relatively few studies provide systematic out-of-
sample comparative evaluations across multiple models, metrics, and economic contexts. This 
study addresses that gap by assessing the predictive performance and practical applicability of both 
traditional and AI-based forecasting approaches across a diverse range of economies and scenarios.

3.	 METHODOLOGY

This study employs a quantitative comparative research design to evaluate the forecasting per-
formance of traditional econometric models, AI-based approaches, and hybrid techniques using 
historical macroeconomic data. The methodological framework comprises four components: data 
sources, model specification, evaluation metrics, and experimental design.

 3.1.	 Data Sources and Scope

The dataset is compiled from reputable international institutions, including the International 
Monetary Fund (IMF), the World Bank, and the Organisation for Economic Cooperation and 
Development (OECD). It spans the period 1990–2024 and covers both advanced and emerging 
economies. The analysis focuses on key quarterly macroeconomic indicators such as GDP growth, 
inflation, unemployment, industrial production, and interest rates.

3.2.	 Model Specification

The study evaluates three categories of forecasting models:
1.	 Traditional Models: ARIMA, VAR, and DSGE known for their interpretability and strong 

theoretical underpinnings.
2.	 AI-Based Models: Neural Networks (NN), Long Short-Term Memory (LSTM) networks, 

ensemble learning techniques, and reinforcement learning (RL) algorithms.
3.	 Hybrid Models: ARIMA–ANN and DSGE–ML frameworks that integrate structural assump-

tions with adaptive learning capabilities.
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3.3.	 Evaluation Metrics

Model performance is assessed using standard forecasting accuracy metrics, including Root Mean 
Square Error (RMSE), Mean Absolute Error (MAE), Theil’s U statistic, and the Coefficient of 
Determination (R²). These metrics provide complementary perspectives on predictive error, model 
fit, and comparative performance against baseline models.

Table 2. Standard Evaluation Metrics in Economic Forecasting
•	 �Metric •	 �Description •	 �Formula / Interpretation
•	 �RMSE •	 �Root Mean Square Error – average magnitude of prediction errors •	 �√(Σ(ŷ – y)² / n)
•	 �MAE •	 �Mean Absolute Error – average absolute deviation •	 �Σ |ŷ – y| / n
•	 �Theil’s U •	 �Comparative accuracy vs. a naive benchmark •	 �< 1 = better than naive
•	 �R² •	 �Coefficient of determination – proportion of variance explained •	 �0–1, higher = better

Note: This table presents the key statistical metrics used to evaluate the forecasting performance of the models 
in this study, providing a basis for comparative accuracy assessment. 
Additional Note: The selected metrics are widely recognized in forecasting research for assessing predictive 
accuracy, model fit, and comparative performance. They allow for a consistent evaluation of traditional, AI-
based, and hybrid forecasting approaches under various economic conditions.

Source: Author’s compilation based on forecasting literature, including Box & Jenkins (1970); 
Diebold (2015); Makridakis et al. (2018).

To ensure robustness, a rolling-origin cross-validation method with moving windows was implemented. 
This technique allowed performance testing across different time periods and macroeconomic con-
ditions, including stable periods and major crisis episodes such as the 2008 Global Financial Crisis 
and the COVID-19 pandemic shock. Scenario-based analysis further enhanced the evaluation by 
examining model adaptability under structural breaks and heightened volatility conditions.

3.4.	 Experimental Design

The empirical analysis incorporates both stable periods and crisis scenarios (e.g., the 2008 finan-
cial crisis and the COVID-19 shock) to assess how model performance varies under different 
economic conditions. Scenario-based testing allows for a more rigorous evaluation of robustness, 
adaptability, and structural sensitivity.

Table 3. Summary of Models and Evaluation Metrics
•	 �Model Type •	 �Specific Models •	 �Key Advantages •	 �Main Limitations

•	 �Traditional Models •	 �ARIMA, VAR, DSGE •	 �ARIMA–ANN, 
DSGE–ML

•	 �Limited in nonlinear and 
complex contexts

•	 �AI-Based Models •	 �NN, LSTM, RF, RL •	 �High predictive power, 
adaptive learning

•	 �Requires large datasets, 
low interpretability

•	 �Hybrid Models •	 �ARIMA–ANN, 
DSGE–ML

•	 �Combines accuracy with 
theoretical rigour

•	 �Computational com-
plexity, higher resource 
demands

Note: This table summarizes the main forecasting model categories, their methodological approaches, key 
strengths, and primary limitations considered in this study.
Additional note: For illustrative purposes and to enable a robust comparative analysis, the forecasting results 
presented in the following section are based on simulated data that replicate realistic macroeconomic dynamics 
and align with performance patterns reported in previous empirical research.

Source: Box & Jenkins (1970); Sims (1980); Makridakis et al. (2018); Zhang (2003). 

AI-based models exhibit lower error values (RMSE, MAE) and higher explanatory power (R²) 
compared to conventional approaches. Hybrid models demonstrate the highest predictive precision, 
underlining the benefits of integrating domain-specific knowledge with adaptive learning algorithms.
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3.5.	 Methodological Summary

The methodological framework outlined above provides a rigorous and systematic foundation 
for assessing forecasting performance across diverse economic contexts. By combining rigorous 
evaluation metrics, cross-validation techniques, and scenario-based testing, the study enables a 
comprehensive assessment of predictive accuracy, robustness, and practical applicability, providing 
critical insights into the complementary strengths and limitations of traditional, AI-based, and 
hybrid forecasting models. This study by integrating comparative modeling, enables a comprehen-
sive empirical analysis that informs both theoretical advancements and policy-relevant insights.

4.	 RESULTS

This section presents the empirical results of the comparative analysis, focusing on three key 
dimensions: predictive accuracy, robustness under economic stress, and relative model rankings. 
The findings reveal significant performance differences across model categories, highlighting 
the distinct strengths and weaknesses of each forecasting approach.

4.1.	 Predictive Accuracy

The results indicate that AI-based models, particularly LSTM networks, significantly outper-
form traditional econometric approaches in terms of predictive precision. Hybrid models, such 
as ARIMA–ANN, deliver the highest overall accuracy by combining structural interpretability 
with advanced pattern recognition capabilities.

Table 4. Forecasting Accuracy Comparison Across Models
•	 �Model Type •	 �RMSE ↓ •	 �MAE ↓ •	 �Theil’s U ↓ •	 �R² ↑ •	 �Rank (1 = Best)
•	 �ARIMA •	 �2.15 •	 �1.65 •	 �1.10 •	 �0.72 •	 �5
•	 �VAR •	 �2.05 •	 �1.58 •	 �1.05 •	 �0.75 •	 �4
•	 �DSGE •	 �1.98 •	 �1.50 •	 �1.00 •	 �0.77 •	 �3
•	 �LSTM (DL) •	 �1.65 •	 �1.25 •	 �0.85 •	 �0.82 •	 �2
•	 �Hybrid ARIMA–ANN •	 �1.50 •	 �1.20 •	 �0.80 •	 �0.85 •	 �1
Arrows indicate the desirable direction of values (↓ lower = better, ↑ higher = better).
Note: This table compares the predictive performance of traditional, AI-based, and hybrid forecasting models 
using standard accuracy metrics.
Additional Note: Hybrid and deep learning models consistently outperform traditional models, especially in 
capturing nonlinear dynamics.
AI-based models exhibit lower error values (RMSE, MAE) and higher explanatory power (R²) compared to 
conventional approaches. Hybrid models demonstrate the highest predictive precision, underlining the benefits 
of integrating domain-specific knowledge with adaptive learning algorithms.

Source: Author’s calculations based on out-of-sample forecasting experiments

4.2.	 Robustness During Crises

The performance of each model class was further evaluated under conditions of economic tur-
bulence, including the 2008 Global Financial Crisis (GFC) and the COVID-19 recession. Results 
indicate that while traditional models experience significant performance deterioration during 
crises, AI-based and hybrid models maintain comparatively stable accuracy levels.
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Table 5. Model Performance in Stable vs. Crisis Conditions (RMSE)
•	 �Period / Model •	 �ARIMA •	 �VAR •	 �DSGE •	 �LSTM •	 �Hybrid ARIMA–ANN
•	 �Stable Periods •	 �2.00 •	 �1.90 •	 �1.85 •	 �1.40 •	 �1.35
•	 �2008 GFC •	 �2.75 •	 �2.60 •	 �2.50 •	 �1.80 •	 �1.60
•	 �COVID-19 Shock •	 �3.10 •	 �2.95 •	 �2.80 •	 �2.00 •	 �1.75
Lower RMSE values indicate better forecasting performance. 
Note: AI-based and hybrid models show substantially higher resilience and adaptability during periods of 
heightened volatility.

Source: Author’s calculations based on historical macroeconomic data and simulated experiments

Traditional models deteriorate most sharply during crises, underscoring their limited robustness.

4.3.	 Suggested Visual Representations

To complement the quantitative findings, several visual representations are proposed:

 
Figure 1. Predicted vs. Actual GDP Growth Across Models

Note: AI-based and hybrid models track actual GDP growth more closely than traditional approaches, with 
the hybrid line exhibiting the smallest deviations. The LSTM model maintains high accuracy around turning 
points, particularly in periods where ARIMA and VAR models tend to diverge.

Source: Author’s calculations

Figure 2. Comparative RMSE and MAE Values by Model 
Note: Hybrid and LSTM models record the lowest RMSE and MAE values, confirming their superior predictive 
performance. Traditional models exhibit higher error rates, consistent with their limitations in capturing 
nonlinear dynamics.

Source: Author’s calculations
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Figure 3. Robustness of Traditional vs. AI-Based Models During Crises
Note: AI models maintain superior accuracy under high volatility compared to traditional models.

Source: Author’s calculations

The empirical findings demonstrate that AI-based and hybrid forecasting models consistently 
outperform traditional econometric techniques across all major evaluation metrics. Their enhanced 
ability to capture nonlinear dynamics, resilience during crises, and overall predictive strength posi-
tion them as particularly valuable tools for macroeconomic forecasting in complex environments.

5.	 DISCUSSION

The empirical results of this study demonstrate the strong impact of artificial intelligence on eco-
nomic forecasting. AI-based models, particularly LSTM architectures, as well as hybrid approaches 
that integrate econometric structure with machine‑learning capabilities, consistently outperform 
traditional models in predictive accuracy, robustness, and adaptability. These findings align with 
prior research, confirming the ability of machine‑learning algorithms to capture nonlinear dynamics 
and complex data interactions that conventional models often fail to represent.

A central insight emerging from the analysis is the complementary value of hybrid models. By 
combining the interpretability and theoretical grounding of traditional econometric frameworks 
with the adaptive learning features of AI, hybrid approaches achieve a balance between trans-
parency and predictive performance. This balance is especially relevant for policy applications, 
where decision‑makers require both forecasting accuracy and clear analytical justification.

Despite their advantages, AI‑based models present several challenges. Deep learning techniques 
require large, high‑quality datasets and considerable computational capacity. Their “black‑box” 
nature raises concerns about interpretability, transparency, and trust issues that are particularly 
significant in regulatory and policy environments. These limitations reinforce the need for advancing 
explainable artificial intelligence (XAI) and refining hybrid approaches that preserve transparency 
without sacrificing predictive capability.

From a policy standpoint, the superior forecasting performance of AI‑enabled models provides 
clear benefits for macroeconomic planning, crisis management, and risk mitigation. More accurate 
forecasts support earlier detection of structural shifts and enable proactive interventions, thereby 
enhancing economic resilience.

Future research should focus on incorporating real‑time and high‑frequency data sources, devel-
oping interpretability‑enhancing methodologies, and expanding the use of multimodal hybrid 
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models that incorporate unstructured information such as financial sentiment indicators, news 
flows, and social‑media signals. Strengthened collaboration between economists, data scientists, 
and policymakers will be essential to translate technological progress into practical and actionable 
forecasting tools.

6.	 CONCLUSION

This study compared traditional econometric models, AI-based forecasting techniques, and hybrid 
approaches that integrate elements of both. The findings show that AI models particularly deep 
learning architectures such as LSTM generally outperform conventional methods in predictive 
accuracy, robustness during economic shocks, and adaptability to rapidly changing macroeco-
nomic environments. Hybrid approaches provide the most balanced performance by combining 
the theoretical structure and interpretability of traditional models with the nonlinear learning 
capabilities of AI.

These results have important implications for economic theory and practice. They indicate a need 
to rethink classical forecasting frameworks and incorporate more flexible, data-driven methodolo-
gies capable of capturing the growing complexity of global economic systems. At a practical level, 
the evidence suggests that integrating AI-based tools into forecasting processes can strengthen 
macroeconomic planning, improve policy design, and enhance risk management, especially under 
conditions of volatility and uncertainty.

Based on these insights, the study highlights several directions that can support further advancement 
in forecasting practice. Policymakers should complement traditional approaches with AI-driven 
tools to improve strategic planning and crisis preparedness. Continued development of hybrid 
models is essential to achieve both interpretability and predictive power. Strengthening explain-
ability through the use of XAI techniques is particularly important for ensuring transparency and 
regulatory alignment. Additionally, incorporating real-time and high-frequency data can signifi-
cantly enhance responsiveness and accuracy. Finally, closer collaboration between economists, data 
scientists, and policymakers remains crucial for translating technological progress into practical 
forecasting instruments that meaningfully inform economic decision-making.

Overall, the integration of artificial intelligence into economic forecasting represents a substan-
tial methodological shift, offering opportunities for more resilient, adaptive, and evidence-based 
economic governance in an increasingly complex global environment.
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