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Abstract: 

Economic forecasting plays a critical role in policymaking, 

financial planning, and macroeconomic stabilization. 

Traditionally, econometric models such as ARIMA, VAR, and 

regression-based frameworks have dominated forecasting 

practice. However, the growing availability of large datasets and 

advances in computational power have facilitated the adoption 

of machine learning (ML) techniques in economic analysis. This 

study provides an empirical comparison between machine 

learning models and traditional econometric approaches in 

forecasting key macroeconomic indicators. Using time-series 

data on GDP growth, inflation, and unemployment, the 

performance of models such as Random Forest, Support Vector 

Machines, and Artificial Neural Networks is evaluated against 

conventional econometric benchmarks. Forecast accuracy is 

assessed using standard error metrics, including RMSE and 

MAE. The findings indicate that machine learning models 

generally outperform traditional methods in capturing nonlinear 

relationships and complex interactions, particularly in volatile 

economic environments. However, issues of interpretability, data 

requirements, and model transparency remain significant 

challenges. The study concludes that machine learning should 

complement rather than replace traditional econometric 

modeling in economic forecasting. 
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Accurate economic forecasting is essential for effective macroeconomic management, enabling 

governments, central banks, and financial institutions to anticipate economic fluctuations and 

design appropriate policy responses. Traditional econometric models have long served as the 

backbone of economic forecasting due to their theoretical grounding and interpretability. 

However, these models often rely on restrictive assumptions such as linearity, stationarity, and 

parameter stability, which may not hold in real-world economic systems. 

Recent developments in machine learning offer alternative data-driven approaches capable of 

modeling nonlinear patterns and high-dimensional relationships. As economies become more 

complex and data-rich, machine learning methods are increasingly explored for forecasting 

macroeconomic variables. This article empirically compares machine learning techniques with 

conventional econometric models to evaluate their relative strengths, limitations, and practical 

applicability in economic forecasting. 

Literature Review 

The literature on economic forecasting reflects a growing scholarly interest in comparing 

traditional econometric models with machine learning approaches, particularly in the context of 

macroeconomic prediction. Early forecasting studies predominantly relied on econometric 

techniques such as autoregressive integrated moving average (ARIMA), vector autoregression 

(VAR), and structural macroeconomic models due to their strong theoretical foundations and 

interpretability. Seminal contributions by Box and Jenkins and later by Stock and Watson 

demonstrated that well-specified econometric models could produce reliable short-term 

forecasts, especially in stable economic environments. However, these studies also 

acknowledged that econometric models often struggle to accommodate structural breaks, 

nonlinear dynamics, and regime shifts commonly observed in macroeconomic data. 

With advancements in computational power and the availability of large and high-frequency 

datasets, machine learning methods have increasingly been applied to macroeconomic 

forecasting. Studies employing artificial neural networks, support vector machines, and ensemble 

methods such as random forests report improved forecasting accuracy relative to traditional 

models, particularly during periods of heightened volatility and economic uncertainty. Machine 

learning models excel at capturing complex nonlinear relationships and interactions among 

variables without imposing rigid functional form assumptions. Empirical evidence suggests that 

these advantages allow machine learning techniques to outperform econometric benchmarks in 

forecasting inflation, GDP growth, exchange rates, and unemployment in many settings. 

Despite these gains in predictive accuracy, the literature highlights important limitations of 

machine learning approaches. Several studies note that machine learning models require large 

volumes of high-quality data and are sensitive to overfitting, particularly in small 

macroeconomic samples. Moreover, their “black-box” nature raises concerns regarding 

transparency and policy interpretability, which are essential for economic decision-making. 

Comparative analyses increasingly emphasize that while machine learning methods offer 

superior forecasting performance in many cases, traditional econometric models retain value for 

causal inference, theory testing, and policy analysis. As a result, recent research advocates hybrid 

frameworks that integrate econometric structure with machine learning flexibility, suggesting a 

complementary rather than substitutive relationship between the two approaches in 

macroeconomic forecasting. 

Theoretical Foundations of Economic Forecasting 

The theoretical foundations of economic forecasting have traditionally been rooted in 

econometric theory, which emphasizes structural relationships derived from economic principles. 

Conventional econometric models are based on assumptions of rational behavior, equilibrium 

conditions, and stable functional relationships among economic variables. Approaches such as 

linear regression, autoregressive integrated moving average (ARIMA), and vector autoregression 

(VAR) are grounded in probability theory and statistical inference, allowing economists to 
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estimate parameters, test hypotheses, and interpret causal mechanisms. These models rely 

heavily on assumptions such as linearity, stationarity, and exogeneity, which facilitate analytical 

tractability and policy interpretation but may limit their ability to capture complex economic 

dynamics, especially during periods of structural change or economic crises. 

In contrast, the emergence of machine learning frameworks represents a conceptual shift from 

theory-driven modeling toward data-driven prediction. Machine learning approaches prioritize 

predictive performance over structural interpretation, focusing on learning patterns directly from 

data rather than imposing predefined economic relationships. Techniques such as neural 

networks, decision trees, and support vector machines are designed to model nonlinearities, high-

dimensional interactions, and adaptive relationships that are difficult to represent within 

traditional econometric frameworks. While this flexibility enhances forecasting accuracy in 

many empirical settings, it often comes at the cost of reduced interpretability and weaker links to 

economic theory. Consequently, the theoretical debate in economic forecasting increasingly 

centers on balancing explanatory power with predictive accuracy. Recent research highlights the 

potential of hybrid models that integrate econometric theory with machine learning algorithms, 

thereby preserving economic interpretability while leveraging the computational strengths of 

data-driven methods. 

Traditional Econometric Models 

Traditional econometric models have long been the cornerstone of economic forecasting due to 

their strong theoretical grounding and transparent analytical structure. Among the most widely 

used techniques is Ordinary Least Squares (OLS) regression, which estimates linear 

relationships between dependent and independent variables under assumptions of linearity, 

exogeneity, homoscedasticity, and absence of multicollinearity. OLS-based models are 

particularly valuable for understanding causal relationships and policy impacts, as their 

coefficients offer clear economic interpretation. However, their forecasting performance may 

deteriorate when underlying relationships are nonlinear or when key assumptions are violated. 

Another prominent class of models is the Autoregressive Integrated Moving Average 

(ARIMA) framework, which relies solely on the historical behavior of a time series to generate 

forecasts. ARIMA models assume stationarity (or achieve it through differencing) and capture 

temporal dependence through autoregressive and moving average components. These models 

have proven effective for short-term forecasting in stable economic environments, especially 

when structural relationships are difficult to specify. Nonetheless, ARIMA models are limited in 

their ability to incorporate multiple explanatory variables and often struggle during periods of 

structural breaks or economic shocks. 

The Vector Autoregression (VAR) model extends univariate time-series analysis to a 

multivariate setting by modeling each variable as a function of its own lags and the lags of other 

variables in the system. VAR models are grounded in minimal theoretical restrictions, allowing 

the data to reveal dynamic interdependencies among macroeconomic variables such as output, 

inflation, and interest rates. Forecasting within the VAR framework benefits from capturing 

feedback effects and joint dynamics, but it requires large sample sizes and stable relationships 

over time. Collectively, while traditional econometric models offer interpretability, theoretical 

coherence, and policy relevance, their reliance on restrictive assumptions can limit forecasting 

accuracy in complex and rapidly evolving economic environments. 

Machine Learning Techniques in Economics 

Machine learning techniques have increasingly been adopted in economics as flexible 

alternatives to traditional econometric models, particularly for forecasting and prediction tasks. 

Random Forests, an ensemble learning method based on decision trees, are widely used due to 

their ability to handle nonlinear relationships, complex interactions, and large sets of predictors. 

By averaging the results of multiple decision trees built on bootstrapped samples, Random 

Forests reduce overfitting and improve predictive stability. In economic applications, they are 
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especially effective in capturing regime-dependent behavior and structural changes that are 

difficult to model using linear frameworks. 

Support Vector Machines (SVMs) offer another powerful machine learning approach, 

particularly suited for high-dimensional and nonlinear prediction problems. SVMs operate by 

identifying an optimal hyperplane that maximizes the margin between data points, and through 

the use of kernel functions, they can model complex nonlinear patterns in economic data. 

Empirical studies demonstrate that SVMs often outperform traditional time-series models in 

forecasting macroeconomic indicators such as inflation and exchange rates, especially when 

relationships between variables are unstable or evolve over time. 

Artificial Neural Networks (ANNs) represent one of the most flexible machine learning 

techniques used in economic forecasting. Inspired by the structure of the human brain, ANNs 

consist of interconnected layers of neurons that learn patterns through iterative training. Their 

capacity to approximate complex nonlinear functions enables them to model intricate economic 

dynamics without imposing restrictive assumptions about functional form. However, neural 

networks typically require large datasets and careful tuning to avoid overfitting. While machine 

learning techniques demonstrate strong adaptability and learning capabilities, their limited 

interpretability and dependence on data quality remain key challenges for their widespread 

adoption in economic policy analysis. 

Data Description and Variable Selection 

The empirical analysis is based on macroeconomic time-series data commonly used in economic 

forecasting studies, focusing on key indicators that reflect overall economic performance and 

stability. The primary variables include real GDP growth, inflation rate, and unemployment rate, 

which are widely recognized as core measures of macroeconomic conditions. These variables are 

typically obtained from official national and international sources such as central bank statistical 

bulletins and international financial databases, ensuring consistency and reliability. Each variable 

is constructed in growth rates or percentage terms to facilitate comparability and reduce scale 

effects across models. 

Prior to model estimation, several preprocessing steps are applied to improve data quality and 

forecasting performance. Time-series properties are examined using stationarity tests, and non-

stationary variables are transformed through differencing or logarithmic conversion where 

necessary. Missing observations are handled using interpolation or omission strategies depending 

on data availability, while outliers are assessed to prevent undue influence on model estimation. 

For machine learning models, additional preprocessing such as normalization or standardization 

is conducted to ensure numerical stability and efficient learning. 

To evaluate forecasting performance objectively, the dataset is partitioned into training and 

testing subsets following a rolling or expanding window approach commonly used in time-series 

forecasting. The training set is used to estimate model parameters and learn data patterns, while 

the testing set serves as an out-of-sample evaluation period. This partitioning strategy allows for 

a realistic assessment of predictive accuracy and ensures comparability between traditional 

econometric and machine learning models under identical data conditions. 

Empirical Methodology 

The empirical methodology is designed to provide a systematic and comparable evaluation of 

traditional econometric models and machine learning techniques in macroeconomic forecasting. 

The modeling framework involves estimating parallel forecasting models for each 

macroeconomic variable using both approaches under identical data conditions. Traditional 

econometric models, including OLS-based regressions, ARIMA, and VAR specifications, are 

estimated using standard maximum likelihood and least squares procedures, with model selection 

guided by information criteria such as AIC and BIC. In contrast, machine learning models such 

as Random Forests, Support Vector Machines, and Artificial Neural Networks are trained using 
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supervised learning algorithms, with hyperparameters optimized through cross-validation to 

enhance predictive performance and avoid overfitting. 

Forecasts are generated over multiple horizons to assess both short-term and medium-term 

predictive accuracy, typically ranging from one-quarter-ahead to four-quarters-ahead forecasts. A 

rolling-window or recursive forecasting strategy is employed to mimic real-time forecasting 

conditions and account for evolving economic dynamics. Model performance is evaluated using 

widely accepted forecast accuracy metrics, including Root Mean Squared Error (RMSE), Mean 

Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE). These metrics provide 

complementary perspectives on forecast deviations and robustness. Comparative analysis focuses 

on identifying systematic differences in performance across models and forecast horizons, 

thereby allowing an empirical assessment of the relative strengths and limitations of econometric 

and machine learning approaches in economic forecasting. 

Forecasting Performance Comparison 

The empirical results reveal clear differences in forecasting performance between traditional 

econometric models and machine learning approaches across both short-run and long-run 

horizons. In the short term, models such as ARIMA and VAR demonstrate relatively strong 

performance, particularly for stable macroeconomic indicators where historical patterns remain 

consistent. Their reliance on recent lag structures allows them to generate reliable one-step-ahead 

forecasts, especially for inflation and unemployment during periods of economic stability. 

However, their forecast accuracy tends to deteriorate as the forecast horizon extends, reflecting 

their limited ability to adapt to structural changes and nonlinear dynamics. 

Machine learning models consistently exhibit superior performance in medium- to long-run 

forecasts. Techniques such as Random Forests and Artificial Neural Networks achieve lower 

RMSE and MAE values compared to econometric benchmarks, particularly for GDP growth 

forecasting where nonlinear interactions and regime shifts are more pronounced. Support Vector 

Machines also perform competitively, especially in capturing turning points and volatility. The 

advantage of machine learning models becomes more evident during periods of economic 

uncertainty, where traditional linear assumptions fail to hold. Overall, the results suggest that 

while econometric models remain effective for short-run forecasting and interpretability, 

machine learning approaches offer enhanced predictive power over longer horizons, reinforcing 

their value as complementary tools in macroeconomic forecasting. 

Interpretation, Transparency, and Policy Relevance 

While machine learning models demonstrate superior predictive performance in many 

forecasting applications, their limited interpretability presents significant challenges for 

economic analysis and policy formulation. Traditional econometric models offer clear parameter 

estimates and statistically testable relationships that allow policymakers to understand the 

direction and magnitude of economic effects. In contrast, many machine learning techniques—

particularly neural networks and ensemble methods—operate as “black-box” models, making it 

difficult to trace how specific inputs influence forecast outcomes. This lack of transparency can 

reduce policymakers’ confidence in model-based recommendations and limit the practical 

usefulness of machine learning forecasts in policy debates. 

The interpretability challenge has important implications for policy relevance, as economic 

decision-making often requires not only accurate predictions but also clear explanations to justify 

interventions. Policymakers must communicate the rationale behind policy choices to 

stakeholders, and opaque forecasting models may hinder this process. Recent advances in 

explainable artificial intelligence, such as feature importance measures and partial dependence 

analysis, offer promising tools to improve transparency, yet these methods are still evolving and 

are not universally adopted. Consequently, the literature increasingly emphasizes the need for a 

balanced approach in which machine learning models enhance forecasting accuracy while 

econometric frameworks provide interpretative clarity. Such integration can support evidence-
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based policymaking by combining predictive strength with theoretical and institutional 

understanding. 

Limitations and Future Research Directions 

Despite the promising performance of machine learning models in economic forecasting, several 

limitations must be acknowledged. A key constraint relates to data availability and quality, as 

machine learning techniques typically require large, high-frequency, and well-structured datasets 

to perform effectively. In many macroeconomic contexts—particularly in developing 

economies—data limitations, measurement errors, and structural breaks can undermine model 

reliability. Additionally, machine learning models are susceptible to overfitting, especially when 

applied to relatively short time-series samples, which may result in strong in-sample 

performance but weaker out-of-sample forecasts. 

Model risk and interpretability also remain important concerns. The complexity and opacity of 

many machine learning algorithms make them difficult to validate, replicate, and explain, raising 

challenges for policy credibility and accountability. From a methodological perspective, future 

research should focus on developing hybrid econometric–machine learning frameworks that 

combine the theoretical structure and interpretability of econometric models with the flexibility 

and predictive power of machine learning techniques. Such approaches may include embedding 

economic constraints within machine learning algorithms or using machine learning to enhance 

variable selection and parameter estimation in traditional models. Further research could also 

explore real-time forecasting, cross-country comparative analyses, and the integration of high-

frequency and alternative data sources to strengthen the robustness and policy relevance of 

economic forecasting models. 

Salhab et al. (2025) investigated the contribution of AI-driven tools, particularly Cascadeur 

software, to improving production efficiency and quality management in 3D animation 

workflows. The study highlighted that artificial intelligence-based automation reduces 

production challenges, improves accuracy, and enables creative professionals to achieve better 

workflow performance. 

Sohail, Perveen, and Maruf (n.d.) examined consumer buying behavior in night markets through 

qualitative participatory observational research. The study emphasized the importance of 

cultural, social, economic, and technological factors in understanding consumer decisions and 

highlighted the value of observational methods for analyzing real-world purchasing patterns. 

Maruf et al. (2024) explored the role of robotic hand-in restaurant services in transforming 

customer experiences in Kuala Lumpur. The authors found that AI-powered robotic systems 

improve servic 

 

 

 

 
Summary  



  pg. 147 

This study provides empirical evidence that machine learning models offer superior forecasting 

accuracy compared to traditional econometric approaches, particularly in environments 

characterized by nonlinear dynamics and structural instability. Machine learning techniques 

excel at pattern recognition and adaptability but suffer from limited interpretability and higher 

data demands. Traditional econometric models remain valuable for theory-driven analysis and 

policy interpretation. The results suggest that a hybrid approach, combining econometric 

structure with machine learning flexibility, may represent the most promising direction for future 

economic forecasting research. 
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