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Purpose: to assess the role of integrating big data and machine 
learning (ML) in improving the accuracy of macroeconomic 
forecasting and to develop an adaptive multi-indicator forecasting 
framework. 
Method: a quantitative data-driven forecasting approach is employed 
by integrating historical macroeconomic data, real-time data, and 
unstructured data. Forecasts are generated using random forests, 
support vector regression (SVR), neural networks, and 
macroeconomic random forests (MRF), and model performance is 
evaluated using MAE, RMSE, and MAPE via rolling-window cross-
validation. 
Findings: ML-based models consistently outperform traditional 
econometric approaches. MRF achieves the highest accuracy in 
forecasting GDP and unemployment, while random forests and SVRs 
perform better at capturing inflation dynamics and short-term 
fluctuations. The inclusion of real-time, unstructured data enhances 
the model’s responsiveness to economic volatility and shocks. 
Implications: these findings highlight the potential of ML-based 
macroeconomic forecasting systems as effective decision-support 
tools for evidence-based policymaking. 
Originality: lies in the development of a multi-indicator ML-based 
forecasting framework that integrates heterogeneous big data in a 
single integrated system. 
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Introduction 

Macroeconomic forecasting is a crucial aspect of policymaking, investment 
planning, and business strategy formulation (Suprunenko et al., 2023). Accurate 
predictions of economic indicators such as GDP growth, inflation, and unemployment 
rates enable governments and organizations to anticipate economic trends and respond 
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proactively to changes (Muhammad Atif Khan et al., 2024). Traditionally, 
macroeconomic forecasting has relied on econometric models and statistical techniques, 
which often suffer from limitations such as linearity assumptions, data constraints, and 
time lags in information availability. With the advancement of technology, the 
emergence of big data and machine learning (ML) has revolutionized data analysis. Big 
data provides unprecedented volume, velocity, and variety of information, while ML 
offers advanced algorithms capable of capturing complex and non-linear patterns that 
traditional models often overlook (Khudhur et al., 2025). The application of these 
technologies to macroeconomic forecasting has the potential to enhance predictive 
accuracy and deliver more timely, precise insights into economic dynamics. 

Nevertheless, macroeconomic forecasting continues to face significant challenges. 
Economic shocks, rapid policy changes, and global interconnectedness generate 
volatility that conventional models struggle to capture (Mulenga, 2024). At the same 
time, many organizations have begun collecting and analyzing large-scale data, creating 
a need for more sophisticated analytical frameworks to exploit this information 
effectively (Ikegwu et al., 2022). Currently, traditional forecasting models have not fully 
utilized the potential of big data, resulting in limited predictive accuracy. Recent studies 
have applied machine learning methods, such as random forests, support vector 
regression (SVR), and neural networks, to macroeconomic forecasting, yielding 
promising results. For instance, a study by Khan et al. (2022); Ather et al. (2025) 
demonstrates that nonlinear models such as SVR, neural networks, and random forest 
significantly improve the accuracy of macroeconomic variable forecasts compared to 
traditional models when large datasets and diverse economic indicators are employed. 
Furthermore, Coulombe (2024); Zhang & Bian (2025) developed the macroeconomic 
random forest (MRF) approach, which adapts the random forest algorithm to capture 
nonlinear dynamics and structural breaks in macroeconomic processes, thereby 
enhancing forecasting flexibility and accuracy. In addition, several studies on real GDP 
nowcasting indicate that combining ML algorithms such as random forest and SVR 
produces more accurate predictions than standard econometric models (Hopp, 2024; 
Richardson et al., 2021; Soybilgen & Yazgan, 2021). 

Nevertheless, most existing studies continue to focus on short-term forecasting 
or a single economic indicator. The integration of multiple big data sources to 
comprehensively model macroeconomic trends remains highly limited, leaving 
substantial room for the development of frameworks that combine heterogeneous data 
with Machine Learning algorithms to enhance forecasting accuracy and timeliness. 
Based on this discussion, a clear research gap exists concerning the systematic 
integration of big data and ML algorithms for multi-indicator macroeconomic 
forecasting. Therefore, this study seeks to address this gap by developing a framework 
that integrates diverse data sources with adaptive ML algorithms. The novelty of this 
research lies in its integrative approach, which combines data heterogeneity with non-
linear modeling capabilities, and in its provision of a scalable forecasting solution that is 
responsive to rapid economic changes. 

This study aims to explore the potential of big data sources to enhance 
macroeconomic forecasting, evaluate the performance of various machine learning (ML) 
algorithms in predicting macroeconomic indicators, and develop an ML-based 
forecasting framework that integrates multiple data types to improve predictive 
accuracy. This study is significant as it contributes to evidence-based decision-making, 
risk mitigation, and more effective economic planning under conditions of uncertainty. 
The expected contributions of this research include: a methodological framework for 
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integrating big data and ML in macroeconomic forecasting; empirical evidence 
demonstrating improvements in predictive performance relative to traditional methods; 
insights into the most effective data sources and ML techniques for specific 
macroeconomic indicators; and a foundation for future research and practical 
applications in economic policy and analysis. 
 
Literature review 
 
Macroeconomic forecasting 

Macroeconomic forecasting is the process of predicting future economic 
conditions based on key indicators such as gross domestic product (GDP), inflation, 
unemployment rates, the trade balance, and interest rates (Agu et al., 2022). The 
primary objective of macroeconomic forecasting is to support policy decision-making, 
business strategy formulation, and investment planning (Eyinade et al., 2021). Economic 
forecasting can be broadly classified into two main approaches: structural econometric 
models and data-driven models (Marcellino et al., 2003). Econometric models typically 
rely on linear equations to represent causal relationships among economic variables 
(Celli, 2022). Although these models are grounded in strong theoretical foundations, 
they often face limitations in capturing non-linear dynamics, sudden economic shocks, 
or structural changes. Traditional forecasting models encounter several key challenges, 
including linearity assumptions, whereby many models assume linear relationships 
among variables despite the inherently non-linear nature of macroeconomic 
phenomena; data lags, as economic data are frequently released with delays, reducing 
the accuracy of short-term forecasts (Sharma & Kathuria, 2025); and limited capacity to 
handle volatility and external shocks, since policy shifts or global disturbances are 
difficult for classical models to accommodate (Coulombe, 2024). 

 
Big data 

Big data refers to datasets characterized by extremely large volumes, high 
velocity, and a wide variety of data types (Abdalla, 2022). In the context of 
macroeconomics, big data can originate from various modern economic activities, such 
as digital transaction data from e-commerce and electronic payment systems, social 
media activity reflecting public opinion and sentiment, economic sensor data capturing 
mobility patterns, energy consumption, and transportation flows, as well as corporate 
reports and real-time economic news (Yu & Fang, 2023). The diversity of these data 
sources enables broader, more detailled, and more dynamic observation of economic 
activity than conventional macroeconomic statistics (Kara et al., 2024).  

The utilization of big data in macroeconomic analysis enhances the ability to 
detect economic trends, shocks, and structural changes more rapidly and accurately 
(Muhammad Atif Khan et al., 2024). Whereas traditional economic analysis relies 
heavily on official statistics released periodically and often with significant time lags, big 
data provides near real-time information for economic assessment (Dörr et al., 2022). 
This creates substantial opportunities for the development of nowcasting techniques 
that estimate current economic conditions, thereby allowing policymakers, market 
participants, and researchers to respond more effectively and proactively to economic 
dynamics rather than relying solely on medium- and long-term projections. 
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Machine learning (ML) 
Machine learning (ML) is a branch of artificial intelligence that enables 

computers to learn from data and identify complex patterns without being explicitly 
programmed (Sarker, 2021). In the context of economic forecasting, ML offers a flexible 
framework by capturing non-linear relationships and intricate interactions among 
economic variables   l-Karkhi     a dkowski       . Several ML algorithms are widely 
used in economic forecasting, including Random Forest, an ensemble method that 
combines multiple decision trees to enhance prediction accuracy and stability; support 
vector regression (SVR), which is well suited for predicting continuous variables with 
non-linear patterns; and neural networks (artificial neural networks), which can model 
highly complex economic dynamics, including long-term non-linear dependencies. 

A growing body of empirical research highlights the advantages of ML-based 
approaches over traditional econometric models in certain settings. Oancea & 
Simionescu (2024);  l-Karkhi     a dkowski (2025); Ather et al. (2025) demonstrate 
that applying ML algorithms to large-scale datasets incorporating a wide range of 
economic indicators can significantly improve forecasting accuracy. Furthermore, 
Coulombe (2024); Zarkova (2025) introduces the macroeconomic random forest (MRF), 
an adaptation of the random forest framework specifically designed for macroeconomic 
analysis. This approach allows the model to capture better structural breaks and non-
linear dynamics commonly observed in macroeconomic data, thereby producing more 
robust and policy-relevant forecasts. 

 
Method  

This study employs a computational, quantitative approach using data-driven 
forecasting methods to predict macroeconomic indicators by integrating big data and 
machine learning (ML). The approach is both explanatory and predictive, as it not only 
forecasts key economic variables but also evaluates the impact of leveraging 
heterogeneous data on predictive accuracy. The data used in this study are drawn from 
various sources, including traditional macroeconomic data such as real gross domestic 
product (GDP), inflation, unemployment, interest rates, and the trade balance, obtained 
from Statistics Indonesia and Bank Indonesia. In addition, the study utilizes digital and 
real-time data, including digital transaction volumes, mobility indices, energy 
consumption, and transportation activity. Unstructured data, such as economic news, 
public opinion, and social media trends, is also incorporated, sourced from Google 
Trends, news portals, and social media platforms. Furthermore, corporate reports, 
consumer surveys, and additional economic sentiment indicators are included to enrich 
the predictive information. 

The data processing workflow begins with data cleaning, including the removal of 
duplicates, outliers, and missing values, and normalisation to ensure comparability 
across data sources. Next, data transformation is performed, particularly for text data, 
which is converted into numerical representations using natural language processing 
(NLP) techniques such as TF-IDF or word embeddings. To enhance predictive quality, 
feature engineering is applied, including the creation of additional indicators such as 
moving averages, monthly growth rates, and sentiment scores, as well as feature 
selection using correlation analysis and feature importance metrics derived from 
random forest models. Exploratory analysis is also conducted to assess the potential of 
each big data source to influence the prediction of economic indicators, enabling the 
empirical evaluation of each data type’s contribution. 

The prediction of economic indicators is carried out using several machine 
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learning (ML) algorithms, namely random forests, support vector regression (SVR), 
neural networks, and macroeconomic random forests (MRF), which can capture 
structural breaks in macroeconomic data. These models are developed to predict 
multiple indicators simultaneously, allowing GDP, inflation, and unemployment to be 
forecasted within a single, integrated framework. Model performance is evaluated using 
standard prediction metrics such as mean absolute error (MAE), root mean squared 
error (RMSE), and mean absolute percentage error (MAPE). To enhance validity and 
reduce the risk of overfitting, the study uses rolling-window cross-validation on the 
time-series data. 

In addition to performance evaluation, this study conducts a sensitivity analysis 
to assess the models’ responses to economic shocks and rapid changes in input 
variables, thereby examining their ability to handle volatility and dynamic economic 
conditions. The multi-indicator prediction results are analyzed to identify the most 
effective combination of data sources and ML algorithms, and to provide insights into 
the contribution of each data type to predictive accuracy. 
 
Results and discussion 

Based on data analysis integrating big data and machine learning (ML) 
algorithms, this study demonstrates improved predictive accuracy for macroeconomic 
indicators compared to traditional models. The datasets employed include historical 
macroeconomic data (GDP, inflation, unemployment), real-time data (digital 
transactions, mobility indices, energy consumption), and unstructured data (economic 
news, public opinion, social media trends). Feature engineering and variable evaluation 
results indicate that, in addition to traditional indicators, sentiment scores from 
economic news contribute approximately 14% to GDP predictions. In comparison, 
digital transaction data account for 12% of inflation predictions, and mobility indices 
contribute around 17% to unemployment predictions. These findings highlight that 
integrating heterogeneous data significantly enhances the models’ ability to capture 
economic dynamics that are not fully reflected in traditional data sources. 

Table 1 presents the predictions of macroeconomic indicators using several 
machine learning (ML) algorithms, showing the following performance: gross domestic 
product (GDP): The macroeconomic random forest (MRF) model achieved a mean 
absolute error (MAE) of 0.48%, lower than that of the traditional econometric model 
(MAE = 0.63%). This model can adjust GDP predictions rapidly in response to changes in 
economic trends. For instance, when digital transaction activity decreased by 20% 
within a month, the MRF model adjusted the GDP forecast downward 0.3% faster than 
the traditional model. Inflation: the random forest model produced a mean absolute 
percentage error (MAPE) of 2.9%, outperforming the classical econometric approach 
(MAPE = 4.1%). Feature importance analysis indicates that news sentiment scores have 
a significant impact on inflation predictions, enabling the ML model to detect earlier 
fluctuations in public opinion and negative news. Unemployment: the support vector 
regression (SVR) model predicted unemployment rates with a root mean squared error 
(RMSE) of 0.36%, lower than that of the traditional model (RMSE = 0.54%). Daily 
mobility indices proved to be important indicators, capturing labor market changes 
more quickly than historical data alone. 

Improved accuracy: all ML algorithms demonstrated lower errors than 
traditional models. The macroeconomic random forest (MRF) achieved the best 
performance for multi-indicator forecasting, lowering the MAE for GDP from 0.63% to 
0.48%. Contribution of big data: real-time and unstructured data, such as sentiment 
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scores, digital transactions, and mobility indices, significantly enhanced predictive 
accuracy compared to using historical data alone. Responsiveness to volatility: ML 
models, particularly MRF and SVR, adjusted predictions rapidly to economic shocks, 
whereas traditional models were slower to adapt to changing trends. In addition to 
improved accuracy, the ML models employed in this study are capable of simultaneous 
multi-indicator forecasting, enabling the prediction of GDP, inflation, and unemployment 
within a single, integrated framework. Sensitivity analysis: results indicate that the 
models are responsive to economic shocks, such as interest rate changes, energy price 
fluctuations, or surges in digital transactions. The models adjust forecasts more quickly 
than traditional methods, demonstrating greater adaptability to volatile economic 
conditions. 
 
Table 1 result of macroeconomic indicator predictions 

Economic indicators Model MAE/MAPE/RMSE Note 
PDB (Riil, % YoY) Traditional models 

(Econometrics) 
MAE = 0.63% Traditional historical data-

based predictions; less 
responsive to real-time data 

 Random forest (RF) MAE = 0.52% Captures non-linear patterns; 
more accurate than traditional 
models 

 Macroeconomic 
fandom forest 
(MRF) 

MAE = 0.48% Multi-indicator prediction; 
adaptive to changing economic 
trends; capturing structural 
breaks 

Inflasi (CPI, % YoY) Traditional models MAPE = 4.1% Conventional models are less 
able to utilize real-time data. 

 Random forest MAPE = 2.9% News sentiment score 
integration improves accuracy 

 SVR MAPE = 3.1% Suitable for short-term 
fluctuations; predictions are 
responsive to real-time data 

Unemployment 

 (% of total workforce) 
Traditional model RMSE = 0.54% Low sensitivity to economic 

shocks 
 SVR RMSE = 0.36% More accurate predictions; 

mobility index becomes an 

important feature 

 MRF RMSE = 0.34% Multi-indicator prediction; 

capturing labor market volatility 

faster 
Source: secondary data, processed 

 
Overall, this study’s results indicate that integrating big data and machine 

learning (ML) enhances the accuracy of macroeconomic indicator forecasts, particularly 
for GDP, inflation, and unemployment. Heterogeneous variables, such as real-time data 
and news sentiment scores, significantly improve predictions, enabling models to 
capture economic dynamics not reflected in traditional data. The developed ML-based 
multi-indicator forecasting framework can serve as an effective tool for evidence-based 
decision-making, risk mitigation, and more adaptive economic planning in the face of 
rapid changes. 
 
The role of big data in enhancing the accuracy of macroeconomic forecasting 

The findings of this study indicate that the integration of heterogeneous data, 
including historical macroeconomic data, real-time data, and unstructured data, makes a 
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significant contribution to improving the accuracy of macroeconomic indicator 
forecasts. The results, showing that economic news sentiment scores contribute 
approximately 14% to GDP predictions, digital transaction data contribute 12% to 
inflation predictions, and mobility indices contribute around 17% to unemployment 
predictions, confirm that big data can capture dimensions of economic behavior and 
expectations that are not fully reflected in conventional statistical data. This suggests 
that modern economic dynamics cannot be optimally explained solely by traditional 
macroeconomic indicators, which are often aggregated and low-frequency. 

Conceptually, the significant contribution of big data can be explained through its 
key characteristics: volume, velocity, and variety (Ghasemaghaei, 2021). Real-time data, 
such as digital transactions and mobility indices, provide an advantage in terms of 
velocity, allowing them to reflect changes in economic activity almost simultaneously. 
This study shows that mobility indices can explain changes in unemployment rates, 
demonstrating that population movement and daily economic activities can serve as 
early indicators of labour market conditions, well before official data are released. These 
findings expand the understanding that micro-activity-based economic indicators 
possess high predictive value in macroeconomic forecasting. 

Furthermore, unstructured data, such as economic news and public opinion, 
contribute significantly through the expectation formation mechanism (Trust et al., 
2023). The impact of news sentiment scores on GDP and inflation predictions indicates 
that the perceptions of economic agents, both consumers and investors, play a crucial 
role in shaping the direction of economic activity. When news sentiment deteriorates, 
ML models can detect potential economic slowdowns earlier than traditional models 
that rely solely on historical data. This reinforces the view that modern economies are 
heavily influenced by psychological factors and information, making text-based analysis 
an essential component of forecasting. 

These findings are consistent with the study by Richardson et al. (2021); 
Soybilgen & Yazgan (2021), which demonstrated that integrating alternative indicators 
and real-time data significantly improves the nowcasting accuracy of GDP relative to 
standard econometric models. In their study, high-frequency data enabled the models to 
respond more rapidly to economic changes, particularly during periods of uncertainty. 
Similarly, Kyriazos & Poga (2024); Ather et al. (2025) found that using large, diverse 
datasets enables machine learning algorithms to identify nonlinear relationships and 
complex interactions among variables that conventional linear models often overlook. 
The results of the present study reinforce these findings by showing that the 
contribution of big data is not merely marginal, but substantive and empirically 
measurable. 

Furthermore  this study’s findings indicate that big data serves not only as a 
supplement to macroeconomic data but also as a strategic information source for 
macroeconomic forecasting. The integration of heterogeneous data allows models to 
combine structural information from historical data with early signals from real-time 
and unstructured data. Consequently, ML models can generate forecasts that are more 
accurate and responsive to rapid economic changes, particularly amid global volatility 
and policy shocks. This aligns with arguments in the literature that future economic 
forecasting approaches should be adaptive and data-driven, rather than relying solely on 
rigid structural assumptions (Kokogho et al., 2024). 

Overall, big data plays a crucial role in enhancing the accuracy and relevance of 
macroeconomic forecasting. By leveraging the characteristics of diverse, high-frequency 
data, this study demonstrates that integrating big data and machine learning can 
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overcome the limitations of traditional models and provide a forecasting framework 
better suited to the complexities of the modern economy. These findings also support 
the research objective of exploring the potential of big data as a core foundation for 
developing more accurate, adaptive, and informative macroeconomic forecasting 
systems. 
 
Performance evaluation of machine learning algorithms 

The performance evaluation results indicate that all machine learning (ML) 
algorithms used in this study consistently achieved lower prediction errors than 
traditional econometric models. This performance improvement confirms that ML 
algorithms have an advantage in capturing the non-linear, multidimensional, and 
structurally sensitive dynamics of macroeconomic systems. The significant differences 
in performance across models also suggest that the characteristics of each 
macroeconomic indicator require distinct algorithmic approaches to achieve optimal 
predictions. 

For real GDP, the macroeconomic random forest (MRF) achieved the best 
performance, with a mean absolute error (MAE) of 0.48%, lower than the standard 
random forest (0.52%) and traditional econometric models (0.63%). The advantage of 
MRF lies primarily in its ability to capture non-linear relationships, inter-variable 
interactions, and structural breaks that frequently occur in the economy, particularly 
during periods of crisis or policy transitions. The MRF approach allows for separating 
economic conditions into distinct regimes, enabling the model to adjust its prediction 
patterns to the prevailing economic context. This explains why MRF was able to adjust 
GDP forecasts more rapidly in response to a 20% decline in digital transaction activity, 
correcting the projected GDP growth 0.3% earlier than traditional models. These 
findings are consistent with Coulombe (2024); Magubane (2025), who demonstrated 
that MRF outperforms linear models in conditions of high volatility and structural 
changes, as linear models tend to be rigid in responding to regime shifts. 

For the inflation indicator, random forests achieved the best performance, with a 
mean absolute percentage error (MAPE) of 2.9%, substantially lower than that of 
traditional models (MAPE = 4.1%). The superiority of Random Forest in predicting 
inflation can be attributed to its ability to integrate multiple information sources, 
including real-time and unstructured data, and to capture complex interactions among 
economic variables. Feature importance analysis indicates that economic news 
sentiment scores have a significant impact on inflation forecasts, underscoring the role 
of expectations shaped by media coverage and public perception in price dynamics. 
These findings support the results of Marcellino et al (2003); Borraz & Mello (2025), 
who emphasized that expectations and publicly available information heavily influence 
inflation. By integrating text-based and sentiment data, ML models can detect early 
signals of inflationary pressures before they are reflected in official price data, thereby 
improving both the accuracy and timeliness of predictions. 

For the unemployment indicator, support vector regression (SVR) and MRF 
achieved the lowest root mean squared errors (RMSEs) of 0.36% and 0.34%, 
respectively, substantially lower than traditional models (RMSE = 0.54%). The strength 
of SVR lies in its ability to model non-linear relationships with high generalisation, 
particularly when the data exhibit complex patterns. However, the number of 
observations is relatively limited. In this study, mobility indices emerged as among the 
most important predictors of changes in unemployment, indicating that population 
movement and daily economic activities serve as early indicators of labour market 
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conditions. These findings are consistent with recent studies showing that high-
frequency mobility data can reflect real-time labor market dynamics, especially during 
periods of economic disruption, such as crises or mobility restrictions (Spelta & 
Pagnottoni, 2021; Ten et al., 2024). 

The differences in performance across ML algorithms indicate that no single 
model excels across all macroeconomic indicators. MRF outperforms random forests in 
predicting GDP and unemployment by capturing structural changes and inter-variable 
interactions. In contrast, random forests are more effective for inflation forecasts 
because they can integrate heterogeneous data and public expectations. SVR 
demonstrates strong predictive power for unemployment, particularly for short-term 
fluctuations and labour market volatility. These findings reinforce the literature’s 
argument that the choice of ML algorithm should be tailored to the characteristics of the 
variable being predicted (Noroozi et al., 2023). The multi-model approach employed in 
this study enables a more comprehensive evaluation and supports the research 
objective of developing a flexible, adaptive macroeconomic forecasting framework 
(Maruthi et al., 2025). 

Overall, the performance evaluation of ML algorithms in this study demonstrates 
that ML-based approaches can overcome the limitations of traditional econometric 
models, particularly in addressing nonlinearity, volatility, and structural changes in the 
economy. These results directly support the research objective of evaluating the 
effectiveness of various ML algorithms in predicting key economic indicators, while also 
confirming that integrating big data and ML is an effective strategy for improving the 
accuracy and relevance of macroeconomic forecasting. 
 
Advantages of ML-based multi-indicator approach 

This study develops a multi-indicator forecasting framework based on machine 
learning (ML) capable of simultaneously predicting gross domestic product (GDP), 
inflation, and unemployment within a single integrated system. This approach is 
fundamentally different from most previous studies, which typically focus on a single 
economic indicator or short-term forecasts. The results indicate that the multi-indicator 
approach not only improves the prediction accuracy of each variable but also enables 
the model to capture dynamic interactions among interrelated macroeconomic 
indicators. 

Theoretically, macroeconomic indicators such as GDP, inflation, and 
unemployment do not exist in isolation but interact through various economic 
mechanisms, including the relationship between economic growth and labor absorption, 
as well as the interaction between demand pressures and inflation (Girdzijauskas et al., 
2022; Muhammad, 2023; Shiferaw, 2023). Traditional econometric models often 
represent these relationships separately or through rigid structural assumptions. In 
contrast, a multi-indicator ML approach allows the model to learn these relationships in 
a data-driven manner, without explicitly specifying functional forms or causal links. This 
provides greater flexibility in capturing complex and evolving economic dynamics. 

The empirical results of this study indicate that models such as the 
macroeconomic random forest (MRF) can leverage cross-indicator information to 
improve both the stability and accuracy of predictions. For example, changes in digital 
transaction data and news sentiment not only affect GDP forecasts but also provide early 
signals of inflationary pressures and labor market conditions. By processing all 
indicators within a single framework, ML models can identify common patterns and 
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non-linear interdependencies among economic variables that are often overlooked in 
single-indicator approaches. 

These findings extend the results of Ather et al. (2025); Patsiarikas et al. (2025), 
who demonstrated the superiority of ML algorithms in improving the accuracy of 
macroeconomic variable predictions, but whose applications were limited to single-
indicator forecasts. Similarly, Richardson et al. (2021); Soybilgen & Yazgan (2021) 
highlighted the advantages of ML in nowcasting GDP using real-time data, yet their 
approach did not integrate simultaneous predictions of other macroeconomic 
indicators. Accordingly, this study addresses this research gap by demonstrating that 
integrating big data and ML can develop a more comprehensive and holistic 
macroeconomic forecasting system. 

Another advantage of the multi-indicator approach is its ability to enhance the 
consistency of predictions across variables. In traditional approaches, forecasts of GDP, 
inflation, and unemployment generated by separate models are often economically 
inconsistent, for example, high predicted economic growth coinciding with an 
unrealistically rising unemployment rate. The multi-indicator ML approach allows the 
model to adjust its predictions to remain aligned with plausible economic dynamics, as 
all indicators are learned simultaneously within a single system. Furthermore, this 
approach has proven to be more adaptive to economic volatility and shocks. When 
sudden changes occur in specific variables, such as spikes in energy prices or declines in 
mobility activity, their impact can be immediately reflected in the forecasts of all 
relevant indicators (Dokas et al., 2023). This enhances the model's practical utility in 
policy-making contexts, where decision-makers require a comprehensive view of 
economic conditions rather than isolated single-indicator forecasts. 

Overall, the multi-indicator ML-based forecasting approach developed in this 
study makes a significant contribution both methodologically and empirically. This 
approach not only enhances prediction accuracy but also deepens our understanding of 
the interrelationships among macroeconomic indicators in a complex, dynamic 
economic environment. Accordingly, the study supports the objective of developing an 
integrated, adaptive, and policy-relevant macroeconomic forecasting framework that 
can inform economic planning and decision-making amid global uncertainty. 
 
Model responsiveness to volatility and economic shocks 

The sensitivity analysis in this study indicates that machine learning (ML) 
models, particularly the macroeconomic random forest (MRF) and support vector 
regression (SVR), exhibit a much higher responsiveness to economic volatility and 
shocks than traditional econometric models. When interest rates change, energy prices 
fluctuate, or digital transaction volumes surge, ML models can quickly and 
proportionally adjust forecasts of macroeconomic indicators. In contrast, traditional 
models tend to lag in adjusting predictions due to their strong reliance on historical 
patterns and the assumption of stable linear relationships among variables. 

Methodologically, this responsiveness advantage stems from ML algorithms’ 
ability to learn nonlinear patterns and complex interactions among economic variables 
(Kyriazos & Poga, 2024). Models such as the macroeconomic random forest (MRF) can 
partition the data space into distinct economic regimes  enabling the model’s responses 
to shocks to be context-specific and adaptive. When exogenous variables undergo 
sudden changes, such as spikes in energy prices or monetary policy tightening, MRF can 
rapidly adjust the prediction structure without explicitly re-estimating the entire model, 
as is required in traditional econometric approaches. 
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These findings are consistent with Coulombe (2024); Zhang & Bian (2025), who 
demonstrated that the macroeconomic random forest (MRF) excels at capturing 
structural breaks and non-linearities in macroeconomic data, particularly during 
periods of crisis or policy transitions. In the context of this study, this advantage is 
reflected in M F’s ability to respond to sharp declines in digital transactions and 
changes in mobility indices, which are immediately reflected in adjustments to forecasts 
of GDP and unemployment. This indicates that ML models can leverage early signals 
from real-time data to anticipate the impact of economic shocks before they are 
reflected in official indicators. 

In support vector regression (SVR), its high responsiveness to volatility primarily 
stems from its ability to construct flexible optimal margins when modelling non-linear 
relationships. SVR is particularly effective in capturing short-term fluctuations and 
sudden changes in economic variables, as reflected in forecasts of the unemployment 
rate. These findings are consistent with those of Ather et al. (2025); Kayral et al. (2025), 
who demonstrated that SVR performs exceptionally well under volatile, unstable data 
conditions, especially when combined with high-frequency indicators. 

Furthermore, integrating big data into ML models enhances responsiveness to 
economic shocks. Real-time data, such as digital transactions, mobility indices, and 
energy consumption, enable the model to detect changes in economic activity almost in 
real time. This supports the findings of Soybilgen & Yazgan (2021), who showed that 
using high-frequency data significantly improves a model’s ability to respond to short-
term economic shocks, particularly for GDP nowcasting. Accordingly, this study extends 
the literature by demonstrating that high responsiveness applies not only to a single 
indicator but also within a multi-indicator forecasting framework. 

In contrast, the limitations of traditional econometric models become 
increasingly apparent under unstable economic conditions. Linear models with fixed 
parameters generally assume constant relationships among variables over time, making 
it difficult to capture structural changes and the economy’s dynamic behavior. Their 
reliance on low-frequency historical data also delays the detection of economic shocks. 
These findings are consistent with criticisms in the modern macroeconomic literature, 
which highlight the limitations of traditional models in addressing global uncertainty 
and volatility (David & Veronesi, 2022). 

Overall, the findings of this study underscore that high responsiveness to 
economic volatility and shocks is a key advantage of ML-based forecasting approaches. 
By leveraging big data and adaptive algorithms, ML models can deliver faster, more 
accurates, and more relevant predictions amid dynamic economic conditions. These 
results directly support the research objective of developing a macroeconomic 
forecasting framework that is not only statistically accurate but also robust and 
responsive to rapid economic changes, thereby offering significant practical value for 
policy-making and economic planning. 
 
Conclusions 

The integration of big data and machine learning (ML) algorithms significantly 
enhances the accuracy and responsiveness of macroeconomic indicator forecasting 
compared to traditional econometric approaches. The use of heterogeneous data, 
including historical, real-time, and unstructured data, has been shown to capture non-
linear, high-frequency economic dynamics influenced by public expectations. These 
aspects are not fully reflected in conventional macroeconomic data. Empirical results 
indicate that ML algorithms, particularly macroeconomic random forests (MRF), random 
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forests, and support vector regression (SVR), produce lower prediction errors for GDP, 
inflation, and unemployment while demonstrating greater adaptability to economic 
volatility and shocks. Moreover, the development of a multi-indicator forecasting 
framework enables more consistent and integrated predictions across macroeconomic 
variables  thereby increasing the model’s practical relevance for policy-making and 
economic planning. In conclusion, this study confirms that big data and machine 
learning constitute a critical foundation for developing macroeconomic forecasting 
systems that are more accurate, adaptive, and aligned with the complexities of the 
modern economy. 

The integration of big data and machine learning (ML) can serve as a strategic 
approach to enhancing the quality of macroeconomic forecasting for policymakers, 
researchers, and market participants. Improved accuracy and responsiveness in 
predicting GDP, inflation, and unemployment indicators enable the formulation of more 
anticipatory fiscal and monetary policies, while reducing delays in responding to 
economic shocks. Methodologically, these findings support a shift away from reliance on 
traditional econometric models toward a data-driven approach that is better able to 
accommodate nonlinearity, volatility, and structural changes in the economy. In practice, 
the multi-indicator ML-based forecasting framework developed in this study can serve 
as a decision-support system for real-time economic monitoring, risk mitigation, and 
more effective economic planning amid the increasing complexity of modern economic 
dynamics. 

This study has several limitations that warrant careful consideration. It relies on 
the quality and availability of big data, which may contain noise, representation biases, 
and consistency issues across sources, particularly in unstructured data such as news 
articles and social media. Although machine learning (ML) models demonstrate superior 
predictive performance, their limited transparency limits causal interpretation of 
economic variables. The study primarily focuses on evaluating prediction accuracy and 
does not thoroughly examine the policy implications of using ML models under various 
economic scenarios. Accordingly, future research is recommended to develop more 
robust big data cleaning and validation methods, integrate explainable AI (XAI) 
techniques to enhance model interpretability, and expand analyses through policy 
simulations and cross-country or crisis-period testing to improve the generalizability 
and practical utility of macroeconomic forecasting models. 
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