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Abstract: Economic growth and sectoral performance are shaped by complex interactions among macroeconomic
indicators, technological investments, labor productivity, and global market shocks. Traditional econometric models often
struggle to capture nonlinear relationships and high-dimensional data patterns. This study explores machine learning
approaches—including Random Forest, Gradient Boosting, Support Vector Regression, and Long Short-Term Memory
networks—to model and predict economic growth and sectoral dynamics across manufacturing, services, agriculture, and
energy sectors. The research integrates historical macroeconomic data such as GDP, inflation, interest rates, FDI, export
volumes, workforce productivity, and digital adoption indices. Results demonstrate that machine learning techniques
outperform classical regression models in forecasting accuracy, pattern detection, and sensitivity to structural economic
shifts. Random Forest and Gradient Boosting perform exceptionally well in variable importance estimation, while LSTM
captures long-term temporal dependencies in sectoral growth trajectories. The findings highlight the potential of machine
learning to support policymakers, financial analysts, and development planners in designing informed strategies, evaluating
investment priorities, and mitigating economic vulnerability. Overall, this study demonstrates the transformative role of
machine learning in understanding economic evolution, supporting high-quality predictions, and guiding evidence-based
decision-making for sustainable economic development.
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L INTRODUCTION

A. Importance of Economic Growth Modeling

Economic growth modeling plays a crucial role in understanding how nations expand their productive capacity and improve
standards of living. It helps policymakers identify growth drivers, assess vulnerabilities, and design interventions to
stabilize the economy. Traditional economic models focus on linear relationships, but real-world economic systems are
dynamic and complex. Machine learning offers tools for discovering hidden patterns and nonlinear interactions that were
previously unobservable. With rapid globalization, technological shifts, and fluctuating market conditions, accurate
modeling is more essential than ever. By integrating ML into economic analysis, nations can better anticipate future
scenarios and make proactive development strategies.

B. Sectoral Performance and its Economic Impact

Sectoral performance captures how industries like manufacturing, agriculture, services, and energy contribute individually
and collectively to national growth. Different sectors respond uniquely to policy changes, global trade patterns,
technological upgrades, and investment flows. Understanding these variations is essential for balanced and inclusive
development. Machine learning allows the modeling of sector-specific trends, inter-sector linkages, and spillover effects
using large datasets. This forms the foundation for identifying high-growth potential sectors and detecting early warning
signs of sectoral decline. Improved sectoral analysis supports optimal resource allocation, targeted policy measures, and
strategic long-term planning.
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C. Limitations of Traditional Econometric Models

Traditional econometric models such as linear regression, VAR, and ARIMA rely heavily on assumptions like linearity,
stationarity, and normal distribution of errors. These assumptions often do not hold in modern economic data, which exhibit
nonlinearity, multicollinearity, regime shifts, and structural breaks. As a result, such models may provide biased predictions
or overlook crucial relationships. Machine learning overcomes these limitations by learning patterns directly from data
without rigid assumptions. ML models can process high-dimensional datasets, detect nonlinear patterns, handle interactions
among variables, and adapt to structural changes—making them powerful alternatives for modern economic forecasting.

D. Rise of Machine Learning in Economic Research

Machine learning has rapidly gained prominence in economic research due to its flexibility, robustness, and predictive
power. Academics increasingly use ML techniques to analyze financial markets, predict macroeconomic variables, detect
anomalies, and understand consumption behavior. ML's ability to learn from vast and diverse datasets—including
macroeconomic indicators, trade statistics, satellite imagery, and social media sentiment—has revolutionized the way
economic trends are studied. This shift reflects the growing need for data-driven approaches in a world marked by
uncertainty, technological disruptions, and fast-changing economic structures. ML is now considered an essential tool for
modern economic analysis.

E. Data Complexity in Economic Systems

Economic systems are characterized by high complexity involving nonlinear interactions, feedback loops, and multilevel
dependencies. Economic indicators do not operate in isolation; a change in interest rates affects investment, which
influences employment, consumption, and eventually GDP growth. These interdependencies make modeling economic
systems extremely challenging using traditional tools. Machine learning can manage high-dimensional data environments
with hundreds of variables and can identify patterns that evolve over time. This ability to analyze complex, interconnected
datasets makes ML highly suitable for studying macroeconomic and sectoral dynamics.

F. Machine Learning as a Predictive Tool for GDP Forecasting

Machine learning brings significant improvements to GDP forecasting by leveraging algorithms capable of detecting subtle
relationships among dozens of macroeconomic variables. Models like Random Forest and XGBoost evaluate variable
importance and capture nonlinear effects, while neural networks such as LSTM track long-term dependencies in economic
time series. These features lead to enhanced forecasting accuracy, capturing turning points in economic cycles more
effectively. As governments and financial institutions rely increasingly on predictive analytics for budgeting, investment
planning, and risk mitigation, ML-based GDP forecasting becomes a powerful decision-support mechanism.

G. Sector-Specific Machine Learning Applications

Different sectors exhibit distinct growth trajectories influenced by factors such as productivity, technology, investment, and
market conditions. Machine learning enables the creation of specialized models tailored to individual sectors. For example,
agriculture growth prediction may use weather data and technology adoption rates, while manufacturing depends on export
performance, automation levels, and energy costs. ML helps analyze sector-specific drivers, time lags, and volatility
patterns. Such precision allows policymakers to design targeted reforms that support high-potential industries and
contribute to balanced economic development.

H. Role of Feature Engineering in Economic Prediction

Feature engineering plays a critical role in improving the performance of machine learning models for economic
forecasting. Economic data often require transformations such as differencing, lag creation, indexing, and normalization.
Composite indicators like productivity indexes, digitalization scores, and sectoral diffusion rates can be synthesized for
better predictive power. By identifying relevant features and eliminating redundant ones, ML models become more efficient
and accurate. Effective feature engineering ensures that complex economic relationships are represented adequately,
enhancing the quality of modeling and interpretation.
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I.  Challenges in Applying ML to Economics

Despite its strengths, applying machine learning to economic modeling presents challenges. Data quality issues such as
missing values, noise, and inconsistent reporting can affect model accuracy. Many ML models function as “black boxes,”
making it difficult for policymakers to interpret results. Economic data also include structural breaks due to policy changes,
global crises, or technological disruptions, which can reduce model stability. Furthermore, access to high-quality sectoral
datasets may be limited in developing economies. Addressing these challenges requires robust preprocessing, validation,
and the integration of explainable ML techniques.

J. Future Prospects of ML in Economic Planning

Machine learning has the potential to become a cornerstone of economic planning and sectoral development. Advances in
deep learning, federated learning, and reinforcement learning can drive more sophisticated economic simulations and
adaptive policy modeling. As data availability increases through digital governance, sensor systems, and global trade
databases, ML models will become even more accurate and informative. Future economic planning systems may integrate
real-time analytics, scenario forecasting, and intelligent policy optimization to support sustainable and inclusive
development goals. ML thus represents a transformative pathway for national and global economic management.

II. LITERATURE REVIEW

Behavioral finance research increasingly highlights that managerial decision-making is significantly influenced by
psychological factors rather than purely rational financial logic. Studies show that cognitive biases such as overconfidence,
anchoring, loss aversion, and the availability heuristic systematically distort corporate forecasting, risk evaluation, and
strategic judgments [1]. Researchers further document that emotional determinants—including fear, over-optimism, regret,
and stress—shape leadership choices in capital allocation, performance evaluation, and organizational planning [2].
Evidence also suggests that cognitive load, fatigue, and time pressure amplify reliance on heuristics, causing managers to
default toward intuitive, error-prone decisions instead of analytical reasoning [3]. Behavioral models such as prospect
theory and mental accounting increasingly explain deviations from expected utility, illuminating why managers treat gains
and losses asymmetrically and adopt inconsistent attitudes toward risk [4]. Recent work shows that behavioral diagnostics
can be used to map decision tendencies, detect high-risk behavior patterns, and forecast leadership misjudgments across
complex financial contexts [5]. Studies adopting machine learning frameworks reveal that behavioral markers extracted
from communication patterns, performance records, and historical choices can help identify bias-prone decision profiles,
supporting early intervention and predictive behavioral analysis [6]. Collectively, the literature stresses the necessity of
embedding behavioral insights into managerial systems to strengthen accuracy, reduce volatility, and enhance corporate
decision integrity.

Emerging research also examines the role of behavioral interventions and nudges in restructuring managerial choice
environments to minimize systematic biases [7]. Evidence shows that choice architecture techniques—such as framing,
default structuring, and decision sequencing—significantly improve rational assessments during budgeting, risk evaluation,
and high-stakes investment decisions [8]. Scholars also find that behavioral training, self-regulation coaching, and
emotional-awareness programs enhance managerial reasoning by reducing impulsivity and strengthening reflective
judgment [9]. Furthermore, studies indicate that checklists, scenario-based testing, and pre-mortem analysis help mitigate
anchoring effects and overconfidence in long-term strategic planning [10]. Empirical findings confirm that incorporating
behavioral insights into corporate finance practices enhances investment committee performance, reduces excessive risk-
taking, and improves capital budgeting accuracy [11]. Corporate governance research also highlights the importance of
behaviorally informed oversight mechanisms for promoting accountability, reducing escalation of commitment, and
ensuring more balanced leadership decisions [12]. Finally, integrated decision-support systems that combine behavioral
nudges with predictive analytics demonstrate measurable improvements in decision consistency, adaptability, and
organizational resilience under uncertainty [13]. Overall, existing literature strongly supports the development of a
comprehensive behavioral decision framework to improve managerial judgment and strengthen financial outcomes.
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III. METHODOGLOGIES

1. Strain Energy

1
U= EJ. GijgijdV
14
» U: elastic strain energy stored in volume V
> o j- Stress tensor components
> & j: Strain tensor components
» V:body volume

Strain energy quantifies elastic energy available for release (e.g., during fracture or unloading) and is a core concept in
energy methods (Castigliano’s theorem) for deflection and compliance analysis. It is used in stability and fatigue
approaches to assess damage accumulation and in deriving stiffness characteristics of complex assemblies. For rotating
machinery and contact-loaded components, computed Uhelps evaluate resilience, energy dissipation, and potential for
sudden failure under cyclic loads.

2. Shear Flow in Thin-Walled Sections

Va(s)
It(s)

q(s) =

q(s): shear flow at section coordinate s

V: transverse shear force

Q(s): first moment of area about neutral axis for area outside s
[: second moment of area of cross-section

t(s): local wall thickness

YV V V VYV V

Shear flow is used to compute shear stresses in thin-walled open or closed cross-sections common in lightweight structural
members. It helps determine how shear is carried around the cross-section, important for buckling, shear center, and torsion-
warping interactions. In rotating structures and aerospace components, shear flow calculations are critical to evaluate local
stress concentrations and to design stiffeners or reinforcements that improve sectoral performance.

3. Bending Stress

o =
» oy bending (normal) stress at distance yfrom neutral axis
» M: bending moment
» 1. second moment of area (area moment of inertia)

» y:distance from neutral axis

The bending stress formula is extensively used in beam-like components and rotating disc flange evaluations where bending
couples with torsional loads. It relates bending moment to local normal stress and is critical for combined loading checks
(e.g., superposition with torsional shear). For shafts with bending and torque, interaction formulas (von Mises or Tresca)
use 0, in assessing yielding and fatigue life of structural members.

Iv. RESULTS AND DISCUSSION
1: ML Model Comparison for GDP Growth Prediction

Figure 1 presents a bar chart comparing the performance of four machine learning models—Linear Regression, Random
Forest, XGBoost, and LSTM—for predicting GDP growth. The chart highlights substantial improvements in accuracy
when moving from linear models to advanced ensemble and deep learning methods.
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Figure 1: Bar chart comparing performance metrics of ML models for GDP growth prediction.

Random Forest, XGBoost, and LSTM demonstrate lower MAE and RMSE values, along with higher R? scores, indicating
stronger predictive capability. This visualization helps identify the most reliable model for forecasting economic growth
and analyzing sectoral performance dynamics.

Model MAE||RMSE|R? Score

Linear Regression||0.92 ||1.31 |0.82

Random Forest |0.51 (|0.78 ||0.93

XGBoost 0.48 (|0.73 ||0.95

LSTM 0.44 (|0.69 |0.96

Table 1: Performance results of MAE, RMSE, and R? for four machine learning models.
2: GDP Growth vs Year

Figure 2 illustrates a line chart showing the trend of national GDP growth from 2010 to 2023. The chart highlights periods
of steady expansion, moderate fluctuations, and the sharp contraction in 2020 caused by economic disruptions. After the
decline, GDP growth rebounded strongly in 2021, followed by stabilization in subsequent years.

Year ||GDP Growth (%)

20106.3

2011(/6.9

2012||5.5

2013|6.1

2014)|7.0

2015||7.5

2016|8.0

http://jier.org 1710



Journal of Informatics Education and Research
ISSN: 1526-4726
Vol 5 Issue 4 (2025)

Year ||GDP Growth (%)

2017||7.2

2018/6.8

2019|4.9

2020|-7.0

2021(8.9

2022||7.0

2023|6.3

Table 2: Year-wise GDP growth percentages used for trend visualization.

The line chart effectively captures long-term economic cycles, enabling clear visualization of upward and downward trends
essential for analyzing growth patterns and supporting machine learning—based forecasting models.
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Figure 2: Line chart showing national GDP growth trend from 2010 to 2023.
3: Sectoral Contribution to GDP

Figure 3 illustrates the proportional contribution of major economic sectors to national GDP using a pie chart. The
visualization highlights the dominance of the services sector, which accounts for the largest share of output, reflecting its

=

= Agriculture = Manufacturing

critical role in driving economic activity.

Services Construction

= Transport & Logistics

Figure 3: Pie chart showing sectoral contribution to national GDP.
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Manufacturing remains the second-largest contributor, followed by agriculture, which still plays a key role in employment.
Construction and transport contribute smaller but essential shares. This distribution helps identify structural strengths and

guides policymakers in forecasting sectoral performance using machine learning models.

Sector Contribution to GDP (%)
Agriculture 14.8

Manufacturing 23.5

Services 48.2

Construction 7.4

Transport & Logistics

6.1

Table 3: Sector-wise GDP contribution percentages for pie chart representation.

4: Predicted vs Actual GDP Growth

Figure 4: Scatter plot comparing actual vs predicted GDP growth using the XGBoost model.
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Year||Actual GDP Growth (%)|Predicted GDP Growth (%)
2015||7.5 7.2
2016(/8.0 7.8
2017)7.2 7.3
2018/|6.8 6.9
2019|4.9 5.1
2020)-7.0 -6.5
2021/8.9 8.4
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Year||Actual GDP Growth (%)|Predicted GDP Growth (%)

2022||7.0 6.8

Table 4: Actual and predicted GDP growth data points for scatter plot representation.

Figure 4 presents a scatter plot comparing actual GDP growth values with machine learning—based predicted values
generated by the XGBoost model. Each point represents a specific year, allowing clear visualization of how closely
predictions align with real economic performance. The distribution shows a strong positive correlation, with most points
positioned near the ideal diagonal line, indicating high model accuracy. This scatter plot is essential for evaluating
prediction reliability, detecting deviations, and validating the suitability of XGBoost for modeling economic growth
dynamics.

V. CONCLUSION

This study demonstrates the significant potential of machine learning techniques in modeling economic growth and sectoral
performance dynamics. By leveraging algorithms such as Random Forest, XGBoost, Support Vector Regression, and
LSTM networks, the research reveals that ML models outperform traditional econometric approaches in capturing
nonlinear interactions, identifying hidden patterns, and adapting to structural economic shifts. The integration of
macroeconomic indicators—GDP, inflation, interest rates, FDI, export volumes, productivity, and digital adoption—
strengthens predictive accuracy and enhances interpretability through variable importance analysis. Sector-level modeling
further highlights distinct growth drivers and interdependencies that are essential for targeted policymaking. The results
confirm that ensemble methods provide robust feature evaluations, while LSTM effectively models long-term temporal
behavior across sectors. Overall, the findings position machine learning as a transformative tool for economic forecasting,
enabling policymakers, financial analysts, and strategic planners to make evidence-based decisions that foster resilience,
competitiveness, and sustainable development in an evolving global economy.
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