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Abstract 

Forecasting the Gross Domestic Product (GDP) has long been a problem in economic analysis, 

particularly for governments, analysts, and organizations that want to predict macroeconomic 

changes. For the creation of policies, investment planning, evaluations of economic stability, and 

long-term strategic decision-making, precise GDP forecasts are essential. By creating a strong, AI-

driven time series forecasting framework that uses historical data and macroeconomic variables to 

anticipate GDP at the national level, this study tackles these issues. This report presents a 

comprehensive analysis of advanced forecasting techniques aimed at improving the accuracy and 

efficiency of GDP predictions across diverse global economies. The study leverages a curated 

collection of open-source datasets, including annual GDP data, inflation rates, trade balances, and 

employment statistics, spanning multiple decades and regions. The primary objective of this 

project is to design an automated data pipeline capable of processing varied and often inconsistent 

economic data formats while building a scalable, deep learning model tailored for time-series 

forecasting. 

 The methodology centers on the use of Long Short-Term Memory (LSTM) neural networks, 

chosen for their ability to model long-term dependencies in sequential data. The model was trained 

using a 10-year historical input sequence, optimized through extensive hyperparameter tuning, and 

evaluated using established regression metrics: Root Mean Squared Error (RMSE), Mean Absolute 

Error (MAE), and R-squared (R²). Feature engineering techniques were applied to enhance 

performance, including the creation of lag variables, log transformations, and scaling operations. 

Baseline models such as ARIMA, Linear Regression, and Random Forest were implemented for 

comparison, providing a comprehensive performance benchmark. Through iterative 
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experimentation and validation—including time-series cross-validation—the LSTM model 

demonstrated superior performance in forecasting GDP trends. The model outperformed 

traditional approaches in predictive accuracy, particularly in countries with stable historical data, 

and showed strong generalizability across varied economic contexts. Visual and quantitative 

evaluations revealed that the model effectively captured both linear growth and cyclical economic 

patterns, offering valuable insights into macroeconomic behavior. 

Key findings of this study include the importance of lag-based features, the limitations of non-

temporal models for long-range forecasting, and the benefits of automating the data preprocessing 

pipeline to handle fragmented and multi-source data efficiently. Lower accuracy in nations with 

irregular reporting or during times of economic shocks were among the limitations that were also 

noted. In practical terms, this experiment shows how AI and machine learning may improve 

economic forecasting tools. The framework makes it possible to make more informed judgments 

on financial planning, corporate strategy, and economic policy by lowering the human labor 

required for data processing and increasing forecast dependability. 
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Introduction 

In an era where global economic trends are increasingly data-driven, the ability to forecast 

key economic indicators such as Gross Domestic Product (GDP) is critical for informed 

policymaking, financial planning, and investment strategy. Gross Domestic Product (GDP) is a 

key indicator of a country’s economic performance, influencing policy decisions, investment 

strategies, and global economic outlooks. However, forecasting GDP remains a complex challenge 

due to the dynamic nature of economies, the influence of external shocks (e.g., pandemics, 

financial crises), and the fragmented, inconsistent structure of economic data across countries and 

time periods.  

This project aims to address these challenges by developing an AI-driven data pipeline that 

automates the processing and analysis of historical GDP and macroeconomic data to forecast 

future GDP values. The specific objectives include creating a single data pipeline that can combine 

and preprocess extensive economic statistics from several sources, engineering relevant features 

that lower noise and improve model performance. Constructing and refining a deep learning model 

to increase the accuracy of GDP forecasting, specifically a Long Short-Term Memory (LSTM) 

network and comparing the performance of the model to baseline models using metrics like R2, 

MAE, and RMSE. Making sure the approach is scalable and computationally effective for 

application in actual forecasting situations. 

 

GDP is a core indicator of economic health, influencing national policy, investment 

strategies, and international financial planning. Accurate forecasting not only helps governments 



    5 
 

   
 

and businesses prepare for the future but also enhances the ability to respond proactively to 

economic shifts. By integrating machine learning with automated data preparation, this study 

contributes to the growing field of AI-powered economic forecasting. It offers a robust framework 

that can be adapted for various countries and data conditions, paving the way for more efficient, 

accurate, and scalable forecasting systems. 

Literature Review 

Although precise GDP forecasting is essential for economic planning, it is still a difficult 

and developing problem in econometrics and data science. Because of their ease of use and 

interpretability, traditional models like linear regression and ARIMA have long been employed to 

forecast GDP. However, these models make assumptions about linearity and stationarity, which 

are frequently broken in macroeconomic data from the actual world. Furthermore, they have 

trouble capturing abrupt structural changes brought on by world events such as pandemics, 

geopolitical crises, or economic recessions (Box et al., 2015; Asteriou & Hall, 2015). 

Another limitation in the existing literature is the lack of emphasis on the complexities of 

economic data preparation. The substantial difficulties of combining information from many 

sources, dealing with missing values, and guaranteeing consistency across time and geographies 

are often overlooked in studies that presume access to clean, well-structured data (OpenStax, 2023; 

Kotsiantis et al., 2006). In addition to consuming time and money, these manual preprocessing 

activities make forecasting models less scalable and reproducible in real-world applications. 

The emergence of machine learning has introduced more powerful alternatives for GDP 

forecasting. Models such as Random Forest (Breiman, 2001), XGBoost (Chen & Guestrin, 2016), 

and Long Short-Term Memory (LSTM) networks (Zhang et al., 1998) have demonstrated an 
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improved ability to handle nonlinear patterns and complex interactions. In particular, LSTM 

networks have shown strong performance in time-series tasks due to their capacity to retain long-

term dependencies (Brownlee, 2020). Despite their advantages, many applications of LSTM 

models in economic forecasting are limited to specific countries or indicators, reducing their 

generalizability. 

Furthermore, few studies integrate end-to-end solutions that combine data cleaning, feature 

engineering, and deep learning into a unified pipeline. Most research isolates the modeling phase 

from data preparation, leaving a critical gap between theoretical performance and real-world 

applicability. This project addresses that gap by proposing a scalable, automated pipeline for GDP 

forecasting that can process inconsistent macroeconomic data from multiple countries and apply 

LSTM modeling techniques in a reproducible manner. 

This project directly addresses these gaps by: Developing a fully automated AI-driven data 

pipeline to clean, integrate, and transform inconsistent GDP and macroeconomic data from open 

sources. Implementing an LSTM neural network tailored to model long-term economic trends 

across multiple countries and decades of data. Comparing the LSTM model’s performance with 

traditional forecasting approaches (ARIMA, Random Forest, Linear Regression), highlighting 

both accuracy gains and scalability improvements and performing comprehensive feature 

engineering to enhance model interpretability and predictive power.  

By uniting modern deep learning techniques with real-world data engineering challenges, 

this study provides a scalable, practical solution that improves upon limitations in both the 

modeling and preparation stages of GDP forecasting research. 

The literature review reveals a growing trend toward integrated forecasting frameworks 

that leverage the strengths of traditional statistical models, machine learning algorithms, and deep 
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learning architectures. In the context of GDP prediction, researchers are increasingly exploring 

models like ARIMA for short-term trends, Random Forests for nonlinear relationships, and LSTM 

networks for capturing long-term temporal dependencies. There is also a clear shift toward 

incorporating diverse macroeconomic indicators and contextual variables—such as trade balances, 

inflation rates, and employment figures—to improve model accuracy and robustness.  This project 

addresses that challenge by combining automated data preprocessing with a deep learning-based 

forecasting model, aiming to provide accurate, adaptable, and real-world-ready predictions that 

support economic analysis and policy planning. 

 

 

Methodology 

The Methodology of this project which aims to develop an AI-driven data pipeline capable 

of automating the cleaning, processing, and forecasting of GDP values using historical economic 

datasets. The process incorporates multiple stages: data preprocessing, feature engineering, model 

selection and training, evaluation, and refinement. 

Research Design 

This study focuses on time-series prediction utilizing AI-driven models and employs a 

quantitative, experimental research design. Building a fully automated data pipeline that prepares 

raw macroeconomic data and uses it to anticipate GDP for different countries is the main goal of 

the study. To evaluate and contrast their efficacy in economic forecasting, the design combines 

sophisticated deep learning methods (particularly LSTM networks) with conventional statistical 

models. 
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The following are the goals of the study: to create a prediction algorithm that can use 

historical data to forecast GDP. To assess the model's performance with methods based on statistics 

and machine learning also, maximize the pipeline's computational efficiency and accuracy. The 

design follows a four-stage process: 

1. Data Collection and Integration 

2. Data Preprocessing and Feature Engineering 

3. Model Development and Training 

4. Model Evaluation and Error Analysis 

This approach aligns with prior research emphasizing the importance of both accurate 

forecasting and scalable data engineering (OpenStax, 2023; Kotsiantis et al., 2006). 

 

Data Collection and Process 

Data sources 

Historical GDP and macroeconomic indicators were sourced from publicly available 

datasets, primarily on Kaggle. These included: 

o Annual GDP values per country from 1980 to 2022. 

o Supplementary macroeconomic features such as: Inflation rates, Trade balances, 

Employment and population data (when available) 

Data Integration and Acquisition 

Datasets were downloaded in CSV format and programmatically integrated using Python. 

Country names were standardized, and datasets were joined using “country” and “year” as 
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composite keys. Aggregated regions (e.g., "EU Total") were removed to avoid duplication and 

misleading values. 

The final dataset consisted of over 200 countries with varying levels of data completeness, 

requiring flexible preprocessing strategies. 

Data Preprocessing 

Prior to modeling, the pretreatment step guarantees data consistency and quality: 

• Data Integration: To produce a single dataset, several CSV files were combined by year 

and nation. 

• Missing Values: GDP values were either forward filled or set to zero depending on the 

availability of neighboring data points. Other missing features were imputed using column 

means or dropped if sparsity exceeded 40%. 

• Normalization: Logarithmic transformation was applied to GDP to manage right-skewed 

distributions. Z-score normalization was applied to continuous predictors. 

• Outlier Handling: Outliers were identified using boxplots and interquartile range (IQR) 

filters and reviewed contextually. 

1. Transformation: To make sure the variables were compatible with machine learning 

models, they were transformed using standardization and logarithmic scaling. 

• Sampling and Discretization: To increase efficiency without sacrificing representativeness, 

huge datasets (>1.5 GB) were sampled, and data reduction techniques were employed to 

minimize memory usage.  

Feature Engineering 

To enhance model performance, additional economic indicators were incorporated: 
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• The trade balance, unemployment rate, and inflation rate are new features. 

• Temporal Features: To take into consideration temporal dependencies, used lag variables 

(such as the GDP from the prior year). 

• Lag Features: GDP values for the prior 1 to 5 years were added to account for temporal 

dependency. 

• Growth Rate: Calculated as year-over-year percentage change in GDP. 

• Derived Macroeconomic Indicators: Features such as GDP per capita and inflation-

adjusted trade balances were engineered to provide additional context. 

This structured feature engineering approach was inspired by methods highlighted in Brownlee 

(2020) and Zhang et al. (1998). 

Exploratory Data Analysis (EDA) 

To comprehend the distribution and structure of the data, EDA approaches were used: 

• Boxplots and histograms are used to show the GDP distribution across time. 

• To find anomalous values, use outlier analysis. 

• Identifying trends by highlighting global economic variations with year-by-year GDP 

statistics. 

Model assumptions and selection were influenced by the right-skewed GDP distribution 

that was found to vary significantly over time and between nations. 

Analysis Approach 

The GDP for the next year was predicted using a hybrid strategy that used statistics and 

machine learning algorithms. 

Statistical models  
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• Linear time-series trends are modeled using ARIMA (Autoregressive Integrated Moving 

Average). The Dickey-Fuller tests were employed to evaluate stationarity, and the Akaike 

Information Criterion (AIC) was utilized to maximize model order. 

• Linear Regression utilized as a reference model. Regularization techniques were used to 

address multicollinearity and non-stationarity, which had an impact on performance (Ridge 

and Lasso).  

Machine Learning models 

• Random Forest Regression was chosen because of its capacity to handle high-dimensional 

data and capture nonlinear relationships. To maximize model depth and split criteria, 

hyperparameter tweaking (Grid and Random Search) and recursive feature elimination 

(RFE) were used. 

• Long Short-Term Memory Networks, or LSTMs, are suggested for use in the future to 

better describe longer-term temporal dynamics and handle sequential data dependencies. 

Software and Tools: 

Python: Core programming language 

Libraries: 

pandas, numpy : for data manipulation 

scikit-learn, xgboost : for machine learning 

statsmodels, tensorflow, keras :  for statistical and deep learning models 

matplotlib, seaborn : for visualization 
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Evaluation Metrics  

The following metrics were employed to evaluate the model's performance: 

• The average prediction error is measured by the mean absolute error, or MAE. 

• Larger errors are penalized more severely by Mean Squared Error (MSE). 

• Mean Squared Relative Error (MSRE) Measures the average of the squared relative errors 

between predicted and actual values, offering a scale-independent metric useful for 

comparing performance across datasets with varying magnitudes. 

• SHAP (Shapley Additive Explanations) was used to enhance model interpretability for the 

Random Forest models, and cross-validation was carried out to guarantee the 

generalizability of the results. 

Model Implementation and Evaluation 

Implementing a predictive model intended to forecast a nation's Gross Domestic Product 

(GDP) using historical data was the project's last phase. Following an evaluation of several 

machine learning and statistical models (such as Random Forest, Linear Regression, and ARIMA), 

the Long Short-Term Memory (LSTM) network was chosen due to its exceptional capacity to 

identify temporal relationships in sequential economic data. 

Model Analysis 

The ARIMA model was well-suited for identifying and forecasting short-term linear trends 

in economic data. It performed reliably under stable conditions but showed reduced accuracy 

during periods of high volatility or structural shifts in the economy. While effective at capturing 

autoregressive and moving average components, ARIMA lacked the flexibility needed to model 

complex nonlinear patterns or sudden economic disruptions.  
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Random Forest Regression provided strong predictive performance on non-sequential 

features, making it a valuable tool for capturing complex, nonlinear relationships within the 

macroeconomic dataset. However, because it does not inherently model time-based dependencies, 

it was less effective for forecasting temporal trends. Despite this limitation, its robustness to 

outliers and ability to handle high-dimensional data made it a useful component of the model 

comparison. 

Linear Regression was used as a baseline due to its simplicity and interpretability. However, 

the model faced challenges in handling the intricacies of macroeconomic data, such as 

multicollinearity among predictors and violations of key regression assumptions. These issues 

limited its predictive power and stability, particularly in the presence of dynamic or interdependent 

economic indicators. 

LSTM Model Approach 

The core forecasting model implemented in this study was a Long Short-Term Memory 

(LSTM) neural network, selected for its proven ability to capture long-term dependencies in 

sequential data, which is essential for time-series prediction tasks like GDP forecasting (Zhang, 

Patuwo, & Hu, 1998). The LSTM architecture was designed using the TensorFlow framework 

with the Keras API in Python. Initially, the model accepted a 10-year historical GDP sequence as 

input, which was later extended to 20 years to improve temporal pattern recognition. The LSTM 

layer consisted of 100 to 150 units, with hyperparameter tuning performed to identify the most 

effective configuration. To prevent overfitting, dropout regularization was applied with rates 

ranging from 0.2 to 0.4. A dense output layer followed the LSTM layer to produce the final GDP 

prediction for the target year. The model was trained using the Adam optimizer, chosen for its 

adaptive learning rate and efficiency in large-scale deep learning tasks. The learning rate was 
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initially set at 0.001 and adjusted during experimentation. Training was conducted over multiple 

epochs (up to 300 in some runs), with batch sizes varied to find optimal convergence rates. This 

LSTM model was deployed on a dedicated GPU-equipped server to handle the computational 

demands of training on large, multi-country datasets. Through iterative tuning and evaluation, the 

LSTM network demonstrated strong capability in modeling both the short-term fluctuations and 

long-term economic trends necessary for accurate GDP forecasting. 

Findings and Results 

The final model, built using a Long Short-Term Memory (LSTM) network, was evaluated 

on multiple countries' historical GDP datasets. Evaluation was based on metrics such as Root Mean 

Squared Error (RMSE), Mean Absolute Error (MAE), and R-squared (R²). 

Model Evalution Metrics (Selected Countries) 

Country RMSE MAE R² Score 

United States 523.42 312.88 0.94 

Germany 201.10 125.74 0.91 

Brazil 342.77 198.45 0.87 

India 311.59 172.32 0.89 

South Africa 214.44 147.01 0.84 
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Fig 1. Predicted GDP with 10 sequence length, 100 LSTM units, and a learning rate of 0.001 

 

Fig 2. RMSE of each country for LSTM training. Lower score is better. Starting hyperparameters 

produced similar LSTM results compared to regular regression.   

Discussion 
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The LSTM model outperformed baseline models (ARIMA, Random Forest, Linear 

Regression) in capturing GDP trends across multiple countries. It produced more accurate 

estimates because of its capacity to identify long-term connections and sequential patterns, 

particularly for nations with reliable historical data. 

However, several limitations were identified: 

• Data Gaps: Accuracy was worse in nations with incomplete or erratic data (such as 

emerging markets). 

• Managing Volatility: The model had trouble in years when there were major world 

economic shocks (like 2008). 

• Limitations of the Feature: Only macroeconomic indicators were employed. Robustness 

could be increased by including global economic data, commodities prices, and political 

stability indices. 

• Model Complexity: LSTM necessitates a large amount of tweaking and processing power. 

In certain situations, simpler models such as Random Forest performed similarly, 

particularly when using static features. 

Conclusion 

This project successfully developed a predictive modeling framework for forecasting GDP 

using AI-driven automation. The LSTM model was appropriate for real-world economic 

forecasting applications because of its high accuracy and potent explanatory power. The model 

proved to be a useful instrument for economic forecasting due to its high prediction accuracy and 

cross-national generalizability. The project offers a strong basis for future improvements, such as 

the incorporation of real-time indicators and more sophisticated deep learning architectures, 

despite restrictions like data gaps and economic volatility. 
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• Key Contributions: 

A comprehensive data pipeline was created to process economic data. 

LSTM was chosen as the most successful model after several models were implemented 

and assessed. 

Demonstrated generalizability and scalability across a range of nations and economic 

environments. 
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