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Abstract:  
 

Forecasting the level of gross domestic product (GDP) growth accurately and 

interpretably is important in fiscal planning and economic policy. Linear econometric 

models build on nonlinear dependencies and hidden structures that are likely to be 

missed by traditional econometric models when applied to high-dimensional 

macroeconomic data. This paper explains the machine learning model to predict the 

quarterly U.S. GDP growth based on 41 macroeconomic indicators, founded on the 

available Kaggle dataset, U.S. Macroeconomic Factors and Growth. Four supervised 

models were trained and tested (Linear Regression, Random Forest, XGBoost, and 

LightGBM). Compared with the more complex ensemble models, the best-performing 

algorithm was Linear Regression (RMSE = 0.2005, R square = 0.9959, MAPE = 

4.72%). SHapley Additive exPlanations (SHAP) were included in the assessment to 

guarantee the pursuit of transparency in model behaviour. The findings named federal 

surplus/ deficit, bond yields, and per capita GDP growth as major predictors that are 

macroeconomic drivers. SHAP summary and dependence plots were used to determine 

how these indicators affected predictions during the various economic cycles. In 

addition, feature separability was realised as binary classification of economic 

expansion versus contraction, which obtained an AUC of 1.00 across models. The 

research adds an interpretable and reproducible pipeline to the real-time forecasting of 

the economy and the long-term adaptation of explainable AI to macroeconomic 

modelling. The magnitude of these insights in planning in the public sector, policy 

formulation in the central bank, and financial system stability is directly applicable. 

 

1. Introduction 
 

Adequate economic forecasting has led to 

competence in effective policy planning, 

investment choices, and macro-granular 

governance. The possibility of accurately predicting 

GDP growth is essential in complicated and 

interrelated economic conditions, as is the case in 

the United States. Policy makers in institutions like 

the Federal Reserve and the U.S. Treasury use 

forward-looking models to determine how to act on 

interest rates, fiscal stimulus, and employment 

policies [1]. However, classical econometric 

models have been playing catch-up with the 

dimensions, size, and non-linearity of the current 

economic data as the global economy's systems 

become more volatile. 

Traditional models, including ARIMA (Auto-

Regressive Integrated Moving Average) and Vector 

Autoregression (VAR), have been around for a long 

http://dergipark.org.tr/en/pub/ijcesen
http://www.ijcesen.com
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time to help forecast macroeconomics [2]. 

Although these methods have offered a basic 

understanding, they are subject to considerable 

drawbacks in processing high numbers of 

correlated indicators and describing non-linear 

relationships among them. They are so rigid that 

their predictions are faulty, especially when a 

sudden economic change, such as changes caused 

by the 2008 financial crisis or the COVID-19 

pandemic [3]. Moreover, the models are based on 

the stationary assumption and tend to overlook 

exogenous shocks and interactions, and thus are 

insufficient for the needs of modern economic 

forecasting. 

The introduction of machine learning (ML) and 

explainable artificial intelligence (XAI) has 

provided new opportunities to address these 

challenges. The task of ML algorithms is to find 

complicated patterns in complicated data that do 

not need strict a priori assumptions regarding data 

distributions or relations among variables [4]. 

Complex dependencies between macroeconomic 

indicators can often be detected using methods such 

as Random Forests, Gradient Boosted Trees (e.g., 

XGBoost), and neural networks, leading to more 

accurate predictions. In addition to these predictive 

tools, explainability mechanisms (e.g., SHAP 

(SHapley Additive exPlanations)) and LIME (Local 

Interpretable Model-agnostic Explanations) provide 

transparency regarding how the models work so 

that stakeholders can gain insight into the economic 

reasons made by the model regarding a specific 

prediction [5]. This set of explainability and 

performance makes ML and XAI extremely 

promising substitutes for classical models in critical 

areas, such as national economic forecasting. 

Although ML in principle and XAI have come a 

long way, the majority of applications in the field 

of economics undertaken so far are highly 

theoretical or still find their scope on the micro-

level, in the credit scoring, fraud detection, or asset 

prices. Integrating machine learning to 

macroeconomic forecasts, especially the modelling 

of the GDP growth with high-dimensional data, 

appears to be a gap evident in the existing literature 

[6]. Most of the available studies are based on 

narrowly selected characteristics or aggregate them 

annually, ignoring the dynamics of the short term, 

which need to be considered in policy 

interventions. 

Besides, the interpretability aspect is frequently 

ignored even when ML is used. Such models can be 

highly accurate, yet they cannot be used to explain 

what indicators are being used to make the 

predictions, causing mistrust among economists, 

regulators, and policymakers [7]. Such a lack of 

transparency presents a serious impediment to real-

world adoption. Moreover, only a few of them 

provide experimental evidence regarding different 

economic regimes, normal, crisis, and post-crisis 

periods, therefore, limiting the external validity of 

their models [8]. Hence, an urgent demand exists 

for a unified, explainable, and experimentally 

validated predictive framework specific to 

macroeconomic growth forecasting in the United 

States. 

The main task of this research is to build a model 

that can accurately predict the U.S. GDP growth 

with the help of 41 macroeconomic indicators 

collected in a curated Kaggle dataset, which is 

interpretable. These indicators involve some key 

variables in the unemployment rate, consumer price 

index (CPI), interest rates, manufacturing output, 

money supply, and retail sales. As a part of this 

research, the optimal idea is to use a mixture of 

supervised ML algorithms, XGBoost, Random 

Forest, and LightGBM, to enhance quarterly GDP 

forecast accuracies. 

The second goal is the integration of SHAP and 

LIME in the modelling pipeline to make the 

findings transparent and easily interpretable. Such 

tools will help develop a comprehensive 

comprehension of the role of each indicator in 

particular projections, especially during the critical 

moments, such as recession or boom. The paper 

shall also focus on how the model behaves under 

various phases of the economy, whether feature 

significance and predicting abilities change with 

time. The last objective is to provide actionable 

solutions that may inform economic policy making 

and strategic planning. 

The study presents several contributions. To begin 

with, it provides a real-time forecasting model that 

can explain the growth of the U.S. GDP using a 

solid and broad package of macroeconomic 

indicators. This cannot be done with traditional 

models because this method can scale on both 

features and can adjust where there are structural 

breaks in the economy. Second, the pioneer work 

integrates the complete Kaggle information, 

including 41 quarterly macroeconomic factors and 

growth indicators, within SHAP and LIME 

explanations in macroeconomic modelling. 

Third, explainable AI is used to ensure that the 

predictions of the models are not black boxed. 

Rather, economic participants can trace 

presumptions to essential pointers, like interest 

rates or inflation, thus serving as a proponent of 

faith and openness. Finally, the paper allows for 

ranking macroeconomic drivers as a policy-relevant 

issue since it differs which variable plays the most 

important role in which economic conditions. This 

enables a timely response to economic shocks and 

more emphatic policy formulation. 
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The rest of the paper is structured in the following 

way. In section 2, the literature review is discussed 

in detail. It includes the description of traditional 

econometric methods of forecasting, as well as 

modern ML-based models, and the emerging area 

of explainable AI in economics. Section 3 reflects 

on the materials and methods with data set 

characteristics, preprocessing techniques, the ML 

models involved and the XAI tool adopted. The 

experimental results are discussed in Section 4, 

which provides performance measures and an 

interpretability analysis. Section 5 addresses the 

implications of the findings about the previous 

literature and real-life applications. The study 

finishes in section 6 and maps out the scope of 

future research. Supporting elements, including 

acknowledgements, author contributions, data 

availability, and references, accompany the main 

sections. 

2. Literature Review 

2.1 Traditional Forecasting Approaches 

Auto-Regressive Integrated Moving Average 

(ARIMA) model and Vector Autoregression (VAR) 

model are known to be the pillar models of 

forecasting macroeconomic trends, and were 

initially adopted in analysing trends and as a 

standard approach. The ARIMA models are 

appreciated because they are easy to use in 

analysing time-series data, as they capture 

autoregressive and moving average components. 

They are, however, very sensitive to assumptions of 

linearity and stationarity, which in most cases fail 

to account for the complexity and dynamic nature 

of macroeconomic systems. About accelerating 

GDP forecasting in the U.S., ARIMA reasonably 

works in a stable environment, but fails to predict 

effectively in a shocked or intervened environment 

because it cannot respond effectively to sudden 

changes or take into account exogenous variables 

associated with the economic condition [9].VAR 

models are a step up since they enable the 

interaction of several time-series variables and can 

detect the feedback loop between macroeconomic 

indicators (inflation, unemployment, and GDP). 

Although an increased level of flexibility 

characterises VAR models, they get 

computationally demanding and less reliable with 

an enhanced number of variables [10]. In addition, 

they are prone to biased estimates and tend to be 

inordinately sensitive to multicollinearity, which 

frequently arises in high-dimensional economic 

data.One more recent type of economic-based 

forecasting tool is the Dynamic Stochastic General 

Equilibrium (DSGE) models. Such models can be 

used to model the behaviour of economic actors in 

the face of uncertainty, and they can be used to 

simulate policy [11]. However, the strict structural 

assumptions and calibration problems render them 

less applicable in real-time forecasts. More to the 

point, the said traditional models often do not take 

advantage of the huge quantity of freely available 

economic data and do not account for non-linear 

relationships in complex systems [12]. Therefore, 

they are still restricted in coping with 

macroeconomic environments' escalating size, 

dimension, and uncertainty. 

2.2 Machine Learning in Macroeconomics 

Machine learning (ML) has been an alternative to 

classical econometric models due to the recent 

boom in computers and data. In contrast to their 

conventional sources, ML algorithms are adept at 

identifying intricate, non-linear dependencies in 

multi-dimensional data with no parametric 

suppositions required [13]. This renders them 

especially applicable in macroeconomic 

predictions, in which dependencies of features and 

latent patterns tend to elude the standard 

methods.Some papers have been devoted to using 

ML models on macroeconomic data. Logistic 

regressions have been applied to GDP and 

unemployment predictions with relatively high 

accuracy levels since they are resistant to 

overfitting and deal with large input feature sets 

[14]. Gradient Boosting Machines (GBMs), 

specifically XGBoost and LightGBM, have become 

popular in economic modelling because of their 

higher predictive abilities, ease of utilising 

individualised loss functions, and ability to manage 

missing data.Newer approaches to economic time-

series analysis using deep learning models such as 

Long Short-Term Memory (LSTM) networks, 

which handle sequential dependencies, have also 

been extended to economics [15]. LSTM models 

can implicitly learn time lags and feedback and 

represent long-range repeated phenomena. 

Nonetheless, they are highly limited in 

interpretability, especially where they are applied in 

areas that are policy-oriented and where model 

interpretability is of great concern [16].Although 

convincing, the majority of the ML applications in 

macroeconomics may be viewed as additionally 

emphasising enhancing predictors' precision as 

opposed to model explainability [17]. Many studies 

continue to approach the models as black boxes and 

do not give us a clear understanding of the 

significance of the role that single economic 

indicators play. This makes them less useful to 

decision-makers who need to provide justifiable 

and clear evidence to support some intervention. 
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2.3 Explainable Machine Learning 

Transparency requirements in predictive modelling 

have spawned the related field of explainable 

artificial intelligence (XAI), whose purpose is to 

provide the internal processes of complex models to 

humans in an understandable form [18]. 

Explainability is not optional, but mandatory, in 

cases where decisions impacted by them might 

have significant ramifications, like in the field and 

scenarios of finance, healthcare, and legal systems. 

Regulators, stakeholders and analysts will need the 

models to not only apply the correct prediction, but 

also give explanations that are comprehensible as to 

why they have arrived at that prediction [19].The 

two most popular XAI tools are SHapley Additive 

exPlanations (SHAP) and Local Interpretable 

Model-agnostic Explanations (LIME). SHAP uses 

the cooperative game theory to determine how each 

feature contributes to a particular prediction and 

provides global (i.e., across all predictions) and 

local (i.e., per observation) information [20]. Due to 

its steady and mathematically based composure, it 

is especially applicable to the audit of model 

behaviour. Granular interpretability is on the other 

hand, is achieved by LIME, which approximates 

local models of the complex model through more 

straightforward or interpretable models.One can 

consider the use of explainable ML, which has 

gained notable use in banking and credit risk cases; 

the reasons why a loan is either accepted or rejected 

are of utmost importance. Model explanations assist 

institutions in complying with rules and regulations 

and increasing trust among users in fraud detection. 

Nonetheless, the application of XAI in 

macroeconomic predictions, particularly in GDP 

growth, is less common [17]. Although a series of 

recent works have started to consider the 

importance of the features in forecasting using ML, 

including some built on annual data or limited 

indicator usage, they tend not to take maximum 

advantage of tools, such as SHAP or LIME. 

Moreover, few studies have tried to assess the 

dynamics of explainability over variable economic 

states, including a downturn or rebound, which is 

vital when constructing reliable and trusted models 

of forecasting [21]. 

2.4 Gaps 

As the research on machine learning and 

explainability increases, multiple essential gaps 

cannot be found in the literature. To begin with, 

high-resolution, quarterly forecasting: a 

combination of big data and explainable ML is 

noticeably lacking [22]. Most studies have only a 

few features or consolidate data annually, hence 

overlooking the short-term variations critical to 

prompt policy decisions. The Kaggle dataset, 

composed of 41 quarterly macroeconomic 

indicators, is a scarcely utilised and valuable data 

source that can improve the granularity and 

responsiveness of forecasting models.Furthermore, 

there is a lack of experimental revalidation across 

economic regimes. Most benchmarking models 

break using train-test splits (which are defined at a 

fixed point in time) without addressing the biases 

that may be caused by economic periods. 

Moreover, the exchange between interpretability 

and policy relevance is not given enough attention. 

SHAP and LIME offer relevant ways of 

discovering feature significance, but minimal works 

transform such findings into meaningful economic 

implications [23]. A useful model can predict GDP 

growth and determine which variables (e.g., interest 

rates, consumer sentiment, and money supply) are 

most significant in different macroeconomic 

conditions.In addition, reproducible pipelines 

publicly available are necessary to run 

macroeconomic modelling, combining it with 

machine learning and explainability [24]. Most 

existing work is not transparent regarding code 

access and thus cannot be used or adapted in the 

future. Closing these gaps involves an elaborate 

system that integrates high-frequency macro, 

advanced ML predictive models, the ability of 

explainable models, and verification in various 

time-varying settings, which has been the aim of 

the current study. 

3. Materials and Methods 

3.1 Dataset Overview 

The data used in the paper analysis is the open-

source dataset on the Kaggle platform named U.S. 

Macroeconomic Factors and Growth. It comprises 

such quarterly macroeconomic indicators of the 

United States, which have a broad temporal 

presence extending from the first half of the 1990s 

until 2023. The vast amount of data represents a 

wide range of economic variables that affect the 

national output and productivity, which is why it is 

qualified to predict the future of Gross Domestic 

Product (GDP) growth in the U.S.These data 

consist of 41 variables conventionally regarded as 

their key determinants in macroeconomic analysis. 

Some of them include the fundamental economic 

indicators like inflation, unemployment rate, the 

Consumer Price Index (CPI), retail sales, and 

industrial production. More than that, there is a set 

of monetary and financial variables, including the 

Federal Funds Rate, money supply aggregates, and 
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bond yields. Other signals reflect consumer activity 

(e.g., orders of durable goods), global trade (e.g. 

trade in goods) and market mood. The real GDP 

growth rate, reported quarterly, will be employed as 

a target variable upon which modelling is done. 

This dataset is extensive to the extent that the high-

dimensional predictive model constructed can 

simultaneously be granular and comprehensive, 

facilitating economic modelling objectives using 

big data.Since the dataset has a quarterly sampling 

rate and incorporates several business cycles, such 

as the 2008 financial crisis, the 2020 COVID-19 

recession, and the following recovery, it gives an 

excellent opportunity to construct robust and easily 

generalizable forecasting models. Notably, the time 

resolution in the dataset provides the ability to 

identify the short-run changes in economic impulse, 

which are critical to the responsiveness of policies. 

3.2 Preprocessing and Feature Engineering 

The raw macroeconomic data are usually 

inconsistent, have gaps, and are non-stationary in 

nature. They need to be smoothed before being 

input to the machine learning models. Conducting 

this study required a stringent preprocessing 

pipeline so that the quality of the data and ability to 

model it would be optimised.First, the imputation 

was made on missing values by forward fill, linear 

extrapolation techniques, and temporal integrity 

was maintained. Any variables with a lot of missing 

data or those that are not consistent in appearance 

were omitted to promote clarity in the analysis. 

Then, the Augmented Dickey-Fuller (ADF) 

stationarity test was applied to every time series. 

Non-stationary variables such as CPI or money 

supply were either differenced or log-differenced to 

ensure that the statistical properties do not change. 

Such transformations are necessary in time-series 

modelling to prevent spurious correlations and bias 

of error terms.A major positive of this work is that 

it is well engineered regarding features. Economic 

indicators were constructed with lagged 

characteristics to accommodate the lagged impact 

of variables on GDP growth. In particular, 1-quarter 

(1Q), 2-quarter (2Q), and 4-quarter (4Q) lags were 

produced. This would allow the model to obtain 

time-series dependence between economic input 

and output response. In addition, rolling average 

(e.g., 4-quarter rolling average of unemployment) 

and year-over-year percentage changes (e.g., 1YoY 

CPI) were calculated to get the dynamics of trend 

and seasonal variations.After the feature set was 

complete, it was scaled with either the MinMax 

Scaler or the Standard Scaler, depending on 

whether the given model is sensitive to differences 

in magnitude. The usual tree-based models 

(Random Forest and XGBoost) are usually scale-

invariant. In contrast, the baselines, linear 

regression, and neural models should be normalised 

once to achieve a consistent convergence. The end 

feature set included more than 200 engineered 

features in the form of raw and change variables 

over time so that the machine learning models can 

extract highly valuable information about the past 

in terms of economic behaviour. 

3.3 Machine Learning Models 

A set of supervised machine learning algorithms 

with optional parameters was trained to forecast the 

quarterly growth rate of real GDP. Four models, 

linear regression, random forest, XGBoost, and 

LightGBM, were selected to demonstrate a range of 

complexity and interpretability.Linear Regression 

was the model of the baseline nature, as it is 

transparent and explainable, and it would give a 

comparison with more complicated techniques. 

Random Forest was selected due to its resistance to 

overfitting and capability of working with high-

dimensional information, which makes it an 

effective exploratory variable tool. The gradient 

boosting frameworks like XGBoost and LightGBM 

were used, as they offer the highest accuracy, and 

they could work with sparse, structured data 

containing missing values. Such models are 

especially helpful in modelling non-linear 

interactions between features and are also highly 

accurate at a moderate computational 

expense.Macroeconomic data was time-based, 

hence necessitating a time-sensitive method of 

validation. Therefore, the walk-forward validation 

methodology was chosen. The data were separated 

into two sets, the training and the testing sessions, 

which resemble real-life forecasting purposes. In 

every walk-forward iteration, models were trained 

on the data up to the current quarter and applied to 

the following quarter. This procedure assists in 

measuring the generalizability of all models and 

provides them with the resilience to data leakage, a 

typical hazard in time-series forecasting.Grid 

search and five-fold cross-validation were used to 

optimise hyperparameters on the training set for 

each model. They were evaluated on their 

performance on the set of tests every quarter of the 

forecast window. The trained models next went 

through the explainability pipeline, where results on 

feature attribution were analysed. 

3.4 Explainability Framework 

To ensure that the model predictions were accurate 

and explainable, two advanced explainability tools, 
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SHAP and LIME, were employed as part of the 

analytical workflow. These tools gave global and 

local information regarding the correlations 

between features and GDP growth projections.The 

main instrument of the global interpretability of the 

model was SHAP (SHapley Additive exPlanations). 

SHAP then estimates the importance of the inputs 

to each model prediction by computing Shapley 

values of every feature. It can be used to build the 

summary plots, the dependence plots and the 

waterfall charts to explain the inner mechanics of 

otherwise black-box models like the XGBoost or 

LightGBM. The additivity and consistency nature 

of SHAP makes it particularly useful in checking 

model logic and identifying the key 

macroeconomic factors behind growth.To check the 

reliability of SHAP explanations at a single 

instance level, LIME (Local Interpretable Model-

agnostic Explanations) was applied. To further 

validate the SHAP results, local surrogate models 

(LIME) were generated on a set of quarters, 

particularly those that are economically volatile, 

like the recession in 2008 or the crash in 2020 

because of COVID-19, and provide a sanity check 

to predictive modelling. The nature of this two-

explanation game makes it reliable and open to 

public scrutiny, and it curtails the fear that usually 

arises when applying machine learning to 

economics.The interpretability results were plotted 

over several quarters to observe whether the feature 

importance varied under different economic 

regimes. This gave a greater understanding of the 

time dynamics of major variables and their 

contribution to GDP growth prediction. 

3.5 Evaluation Metrics 

Several statistical measures were employed to 

approach the test of predictive performance with 

each model rigorously. Root Mean Square Error 

(RMSE) and MAE were used to estimate the 

average distance between the actual and the 

predicted GDP. When the difference values are 

large, RMSE imposes larger penalties. The 

Coefficient of Determination (R2) determined the 

percentage of variance in GDP growth that the 

model explained. The three measures gave a 

broader insight into the goodness of fit and 

accuracy.Also, Mean Absolute Percentage Error 

(MAPE) was calculated to understand prediction 

errors regarding their relative amount. MAPE can 

be used to compare the performance between 

periods with varied GDP volatility levels. 

Moreover, to evaluate the integrity of the 

explainability tools, SHAP consistency was tracked 

within various periods. The differences in the 

feature importance ranking were measured in terms 

of the feature contribution delta, which assisted in 

assessing the time consistency of the 

explanations.Combined, these two evaluation 

techniques ensured that models were accurate, 

interpretable, and stable in various economic 

conditions. This rigour of experiments contributes 

to implementing such models in real-time economic 

decision-making. 

 

Figure 1:  Proposed System Framework 

Figure 1 demonstrates a well-organised pipeline of 

explainable GDP growth forecasting. It starts with 

Kaggle macroeconomic data, goes through 

preprocessing and feature engineering, and finally 

trains various machine learning models. SHAP 

analysis examines the output of models, and the 

ROC curves evaluate the classification 

performance. The final outputs support policy 

decisions. 

4. Experimental Results and Analysis 

4.1 Model Performance 

In this study, the researcher has compared four 

machine learning models, including Linear 

Regression, Random Forest, XGBoost and 

LightGBM, regarding their correlation abilities 

within the context of predicting quarterly U.S. GDP 

growth, using 41 macroeconomic indicators, as the 

Kaggle U.S. Macroeconomic Factors and Growth 

dataset suggests. The metric to be used in the 

evaluation are the following RMSE (Root Mean 

Squared Error), MAE (Mean Absolute Error), R 

square  (coefficient of determination) and MAPE 

(Mean Absolute Percentage Error) as a set of 

criteria to gather a complete picture of the model 

accuracy, stability, and interpretability under 

economic conditions. Linear Regression became 

the most accurate model, reporting RMSE of 0.20, 

MAE of 0.12, R square of 0.996, and 4.72% of 

MAPE. This performance is surprising because the 

macroeconomics data is linear according to the pre- 
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Table 1. Model Evaluation Metrics for GDP Growth 

/Forecasting 

Model RMSE MAE R² MAPE 

(%) 

Linear 

Regression 

0.2005 0.1158 0.9959 4.72 

Random 

Forest 

2.5948 1.1479 0.3120 24.41 

XGBoost 2.6369 1.1056 0.2894 22.64 

LightGBM 2.8068 1.4265 0.1949 40.38 

processed and standardised data. The model 

appeared to be relatively stable regarding behaviour 

during high and low volatility periods. However, it 

is still possible to see that linear relationships 

prevailed in GDP dynamics during both indicators 

and time in consideration (Table 1).Ensemble 

model- Random Forest and XGBoost produced a 

relatively high RMSE and MAE value, with 

XGBoost showing an RMSE value of 2.64 and R 

square value of 0.29 and Random Forest closely 

behind with an RMSE value of 2.59 and R square 

value of 0.31. It was, historically, believed that 

these models have predictive strength, but it 

seemed that these models tend to overfit to the 

training samples because of the limited number of 

quarterly samples and possible redundancy in any 

lagged or correlated indicators. The LightGBM 

model had the highest RMSE and the lowest score 

of 2.81, MAE of 1.43, and the MAPE of over 40% 

indicating that the boosting mechanism could not 

adjust to the training environment ideally due to the 

existence of multicollinearity and the size of the 

test set, which was relatively small.The 

comparative performance table confirms that 

simple models can be better than more complex 

ones in structured macroeconomic problems, where 

interpretability and data regularity are of concern. 

Further, the reliability of linear regression as a 

predictor implies a high signal-to-noise ratio in the 

chosen features, indicating the importance of wise 

preprocessing and domain-based feature 

engineering. 

 

Figure 2: ROC Curve 

Figure 2 demonstrates that the AUC values of all 

four models (Logistic Regression, Random Forest, 

XGBoost, and LightGBM) were perfect (equal to 

1.00) and, accordingly, all four models perfectly 

classified the direction of the economic growth 

(expansion or contraction). No false negatives or 

false positives in the test set indicates that the 

separability of the classes is high in each of the 

models. However, this high accuracy can imply that 

there might be overfitting, particularly in the case 

of a small dataset or unevenly distributed classes. 

Proper cross-validation or out-of-sample testing is 

advised to verify generalizability. 

4.2 Feature Impact and Stability 

To make a model more interpretable and 

transparent in its decision-making, SHAP (SHapley 

Additive exPlanations) was applied to the model 

with the highest accuracy, XGBoost. The features 

which possessed the highest marginal effect on the 

prediction of GDP growth, in terms of the SHAP 

summary plot (see Figure 3) were pointed out. The 

most relevant variable proved to be Gross Domestic 

Product (Growth) as a lag-based regressor and as a 

time point, on the one hand, and a temporal 

indicator, on the other hand. This confirms GDP 

autocorrelation, which is a solid econometric 

understanding. 

 

Figure 3: SHAP Summary plot 

The other leading contributors were 5-Year High 

Quality Market (HQM) Corporate Bond Par Yield, 

Federal Surplus or deficit (Growth), and Gross 

Domestic Product per capita (Growth). These 

indicators were always in high-contribution zones, 

which enabled them to predict performance during 

various economic cycles. Among other factors that 

contributed significantly were Corporate Profits 

After Tax, Retail Trade Advance Sales and Federal 

Debt as Percentage of GDP (Growth), which were 

cyclical factors on the rise, and this shows an 

indication of how sensitive the model is based on 

variables.The SHAP values appear well distributed 

symmetrically, with both the high and the low 

values either adding or subtracting on a positive or 
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negative basis, depending on the economic 

condition. This was specifically evident in 

bidirectional relationships such as the Employment 

Cost Index (Growth) and Mortgage Rates, which 

are likely to serve as a barometer of consumer and 

investment confidence.Interestingly, certain 

traditionally notable indicators, such as the 

Unemployment Rate, did not rank among the most 

noticeable drivers, maybe because of their retardant 

impact or interplay with other factors in the model. 

Generally, SHAP offered much insight into an 

interpretation of the role of features transparently, 

which justified the incorporation of many facets of 

the economy (fiscal perspective, monetary 

perspective, labour perspective, housing 

perspective, and investment perspective) into the 

GDP forecasting model. 

4.3 Explainability Across Economic Cycles 

The SHAP analysis also allowed the assessment of 

a drift of feature importance in economic stages. 

For instance, in recessionary quarters such as the 

2008 financial crisis and the 2020 pandemic-

induced decline, properties like Corporate Profits 

After Tax and Federal Debt as a Percent of GDP 

were more explanatory. Conversely, when there are 

no drastic economic movements or the economy is 

recovering, variables such as Retail Sales, Personal 

Savings, and Labour Force Participation play a 

greater role.This time variation is consistent with 

the macroeconomic theory; fiscal health and 

behaviour during recession tend to be lead 

indicators, whereas consumer behaviour takes over 

during upswing periods. The nature of time-

sensitive feature attribution can be appreciated by 

policymakers most of all, as it enables them to 

update the reasoning behind their economic 

responses on the most timely and effective 

variables.Also, the comparably steady SHAP value 

of Bond Yields and Mortgage Rates through all the 

quarters substantiates their structural motivations as 

opposed to the cyclically predominant determiner. 

These observations support the advantage of 

applying SHAP to interpretation and selecting 

leading indicators in various macroeconomic 

regimes. 

4.4 Reproducibility and Practical Use 

The whole modelling and analysis chain was 

thought to be easily deployed, implementable and 

reproducible. The Kaggle dataset used is publicly 

available, and the code was run and tested in 

Google Colab using standard open-source Python 

libraries. The simple linear form of the most 

effective model makes it easy to incorporate into 

real-time dashboards so that economic advisors and 

policy institutions can predict short-term GDP 

changes with justifiable reasons.It's actual vs 

predicted plot (see Figure 4) shows the correlation 

of linear regression forecasts with real GDP 

growth. The model also captured directional 

adjustments, such as contractions and rebounds, 

with minimum margins of error. The model proved 

sufficiently robust during data shock because it 

underestimated the extreme change but came back 

into step in subsequent quarters, especially when a 

sharp economic downturn occurred due to the 

pandemic. 

 

Figure 4: Actual Vs Predicted 

The findings indicate that simple but powerful 

models coupled with good feature curation and 

preprocessing are likely to surpass more complex 

architectures when used in quarterly 

macroeconomic direction assignments. 

Furthermore, the explanations of SHAP make the 

models interpretable, which provides economic 

decision-makers with actionable information and an 

explanation of observed tendencies. 

5. Discussion 

5.1 Interpretation of Key Findings 

This study found that machine learning models can 

do so, and can discover hidden, non-trivial 

relationships that elude more conventional 

econometric methods, strongly indicating that in 

such cases, machine learning tools can make 

discoveries and draw conclusions that more 

conventional econometric methods cannot. Relying 

on the fact that Linear Regression continues to 

perform well compared with the robust nature of 

XGBoost and Random Forest, it is clear to note that 

both linear and nonlinear models can utilise large 

and multivariate quarterly data to predict GDP 

growth. It is also interesting to note that the 

effective incorporation of SHAP to post-hoc model 

interpretation provides excellent value addition 

since it can change opaque ML prediction outcomes 
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to transparent and explainable outcomes [25].SHAP 

summary plots showed that the main fiscal and 

financial variables, including federal 

surplus/deficit, bond yields, retail sales, and GDP 

per capita, consistently contributed to the 

development of predictions. Such understanding is 

in line with the macroeconomic theory, and it 

shows how explainable AI (XAI) can be used to 

test model decisions against known economic 

theory [26] This increases confidence and faith 

among other users, such as policymakers, 

economists, and financial analysts, who do not 

generally trust black-box algorithms. Identifying 

individual prediction logic with SHAP in place 

offers an essential resource for accountable ML 

applications in a macroeconomic situation. 

5.2 Comparison with Previous Work 

Compared to previous studies that applied either in 

comparison to previous research studies that have 

used any of the statistical or machine learning 

models in economic forecasting, this research 

makes tremendous improvements in accuracy and 

interpretability. Linear versions of recent models, 

such as the ARIMA and VAR, in addition to being 

functional in their capability to capture linear trends 

and autocorrelations, are not large-scale enough and 

feature-rich enough to be applicable in high-

dimensional macroeconomic systems. The previous 

study by Soybilgen and Yazgan (2021) proved the 

efficacy of decision trees and neural networks in 

GDP forecasting, but they failed to consider 

explainability, an essential aspect of a real-life 

adoption [27]. Inclusion of XAI tools such as 

SHAP and LIME makes up for that deficit in this 

paper. Although individual solutions XAI have 

experienced increased popularity in areas like 

healthcare or credit risk prediction [29], their use in 

macroeconomic time series predictions, especially 

in quarterly frequency, is underrepresented. This 

paper is the first to accomplish that by having 

accurate and explainable quarterly GDP predictions 

based on 41 macroeconomic indicators. The 

capability to find time-specific factors, e.g., the pre-

eminence of federal debts and the savings of the 

people in the case of recession, is a significant 

extension of the earlier work and presents an 

opportunity to macroeconomists to put more relief 

into adopting AI with more interpretative accuracy. 

5.3 Limitations 

Although useful, the study has various limitations 

that should be identified. First, the model's 

characteristics include being applicable in a batch 

mode, making predictions based on historical data, 

and having no real-time deployment possibilities. 

Though this can be used in retrospective analysis 

and policy simulation, it must be updated 

continuously and connected to economic 

dashboards or API-enabled applications to be used 

in a decision-making system.Second, only 

structured, published macroeconomic indicators are 

used to construct the dataset, and unstructured or 

sentiment data are not considered. Negative or 

positive NewsLight conditions, market 

expectations, or geopolitical happenings are the 

factors that are likely to affect the GDP growth, but 

would not fit this model. The addition of such data 

would add to the richness of the forecasts and 

decrease the lag that might be observed in 

traditional economic reporting [28]. 

Finally, SHAP also offers robust local and global 

interpretation but fails to explain the underlying 

deep causal links between variables and the time 

dynamics (structural breaks) that drive a certain 

economic change. Therefore, to reach a conclusion 

using SHAP, the decision must be seen as 

correlational instead of causal, especially when 

applying it in policy-sensitive scenarios. 

5.4 Future Research 

This work may be extended in future studies where 

text-based and sentiment-based predictors, like 

social media consumer confidence indices or 

economic news feeds, are included.  

Machines such as BERT or FinBERT might be 

deployed to query macroeconomic sentiment 

indicators, which, when combined with more 

conventional structured indicators, can be expected 

to enhance the accuracy of short-term predictions 

during turbulent times.Second, this study replicated 

the model to other economies (e.g., the EU, Japan, 

and the emerging markets), which might prove the 

model's generalizability. The fiscal dynamics of 

each region and policy framework are individual, 

and a comparative analysis would provide wider 

horizons regarding global macroeconomic 

modelling with AI.  

Finally, API integrations with platforms such as 

FRED or OECD would provide the opportunity to 

automate the model, which would be ready to 

deploy on the dashboard in real time. Such Systems 

with live SHAP dashboards would be able to 

provide day-to-day and explainable economic 

surveillance and advice to central banks, ministries, 

and financial institutions.  
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6. Conclusion 

This paper has shown that it is possible to develop 

an explainable machine-learning model to predict 

the growth of the U.S. GDP based on broadly 

detailed quarterly macroeconomic data. Although it 

is not surprising that a simpler baseline should do 

better than more complex techniques, surprisingly, 

linear regression was more accurate and stable than 

the combination of any ensemble model in testing. 

XGBoost or the Random Forest models were 

slightly less fundamental and had higher pattern 

detection power, and worked similarly with the 

SHAP model to be interpreted.The addition of 

SHAP-based interpretability to macroeconomic 

forecasting is not only a step forward in the current 

understanding of AI, but in the field of economics 

as well. The macroeconomic theory of the features 

of macroeconomic indicators, i.e., the significance 

of fiscal surplus/deficit, interest rates, and retail 

sales, can be discussed as one of the key findings, 

but one must also note the capability of SHAP to 

provide transparent feature attributions. Also, the 

ROC curve values of classification (economic 

expansion vs contraction) obtained perfect AUC 

scores, demonstrating economic regimes' 

separability according to machine-learned signals. 

Overall, the given research proves that interpretable 

ML can be useful in economic policy and can 

provide both accuracy and trust. Future research 

directions on AI should focus on real-time 

applications, applications across countries, and 

integration with other data sources to develop a 

comprehensive, adaptive economic forecasting tool. 
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