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ABSTRACT

Monetary policy plays a central role in influencing macroeconomic stability, particularly through transmission
mechanisms that affect inflation, output, and consumption patterns. Among these channels, the exchange rate
channel has gained significant attention due to increasing globalization and financial integration. Changes in
interest rates and monetary policy stance often lead to currency appreciation or depreciation, which in turn affects
import prices, export competitiveness, and overall price levels within an economy. This dynamic interaction
directly influences household purchasing power, especially in economies heavily reliant on imported goods and
services. This study evaluates the effectiveness of monetary policy transmission through exchange rate channels
and examines its impact on household purchasing power. By integrating macroeconomic modeling and empirical
analysis, the research investigates how exchange rate fluctuations mediate policy effects on consumption and cost
of living. The analysis further explores the role of inflation pass-through, wage adjustments, and price rigidities
in shaping household welfare outcomes. The findings highlight that exchange rate volatility significantly affects
real income and consumption capacity, with disproportionate impacts across income groups. The study
underscores the importance of coordinated monetary and fiscal policies to stabilize exchange rates and protect
household welfare in both developed and emerging economies.
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1. INTRODUCTION
1.1 Background and Motivation
Monetary policy plays a central role in maintaining macroeconomic stability by influencing inflation, interest
rates, and overall economic growth [1]. Central banks utilize various policy instruments, including interest rate
adjustments and liquidity management, to regulate economic activity and stabilize price levels [2]. In open
economies, the exchange rate channel represents a critical transmission mechanism through which monetary
policy affects domestic economic conditions [3]. Changes in interest rates influence capital flows and currency
values, thereby affecting import prices, export competitiveness, and inflation dynamics [4].
Fluctuations in exchange rates have direct implications for household welfare, particularly in economies that are
highly dependent on imports for essential goods and services [5]. Currency depreciation often leads to increased
import costs, which are transmitted to consumers through higher prices, reducing purchasing power and living
standards [6]. Conversely, currency appreciation can moderate inflationary pressures but may negatively impact
export-driven sectors [7].
Recent advancements in machine learning (ML) have introduced new opportunities for modeling complex
macroeconomic relationships that are often nonlinear and dynamic in nature [8]. ML techniques enable the
analysis of large-scale economic data, capturing hidden patterns and interactions that traditional econometric
models may overlook, thereby improving predictive accuracy and policy evaluation [9].
1.2 Problem Statement
Traditional econometric models used in monetary policy analysis are often based on linear assumptions that fail
to capture the complexity of real-world economic systems [3]. These models typically rely on simplified
relationships between variables, which may not adequately represent nonlinear interactions and structural changes
in open economies [6]. As a result, their predictive performance and policy relevance can be limited, particularly
during periods of economic volatility [1].
The exchange rate transmission mechanism is inherently dynamic and influenced by multiple interacting factors,
including global financial conditions, domestic policy decisions, and market expectations [8]. Linear models
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struggle to capture these multidimensional relationships, leading to potential inaccuracies in estimating the impact
of monetary policy on inflation and household welfare [4]. This highlights the need for advanced modeling
approaches that can account for nonlinearities and temporal dependencies [9].

1.3 Research Aim and Objectives

This study aims to develop a machine learning-based framework for modeling the exchange rate transmission
mechanism and its impact on household welfare in open economies [2]. The primary objective is to capture
nonlinear and dynamic relationships between monetary policy variables, exchange rates, and inflation outcomes
using advanced predictive techniques [7].

Specific objectives include constructing a hybrid modeling approach that integrates machine learning algorithms
with traditional econometric insights to enhance analytical robustness [5]. The study also seeks to quantify the
effects of exchange rate fluctuations on household purchasing power by analyzing consumption patterns and price
changes [3]. Additionally, it aims to evaluate the predictive performance of the proposed framework using
statistical validation methods and comparative benchmarking [8].

Through these objectives, the research intends to provide a more comprehensive understanding of monetary policy
transmission and its socio-economic implications [6].

1.4 Contributions

This study contributes to the literature by introducing a hybrid machine learning—econometric pipeline for
analyzing exchange rate transmission and its effects on household welfare [4]. The proposed framework integrates
advanced predictive modeling techniques with macroeconomic theory to improve the accuracy and interpretability
of policy analysis [9].

Furthermore, the research provides a detailed assessment of household purchasing power in response to exchange
rate fluctuations, offering valuable insights for policymakers and stakeholders [1]. By incorporating robust
statistical validation and benchmarking approaches, the study enhances the reliability and applicability of machine
learning models in macroeconomic analysis [7].

2. LITERATURE REVIEW
2.1 Monetary Policy Transmission Mechanisms
Monetary policy transmission mechanisms describe the processes through which central bank actions influence
macroeconomic variables such as inflation, output, and employment [7]. Among the primary channels are the
interest rate, credit, and exchange rate channels, each playing a distinct role in shaping economic outcomes [8].
The interest rate channel operates through adjustments in policy rates, which influence borrowing costs,
investment decisions, and consumption patterns across the economy [9]. Lower interest rates typically stimulate
economic activity by encouraging borrowing and spending, while higher rates tend to dampen demand and control
inflationary pressures [10].
The credit channel complements the interest rate mechanism by affecting the availability and cost of credit through
financial intermediaries [11]. Changes in monetary policy can alter banks’ lending capacity and risk-taking
behavior, thereby influencing access to financing for households and firms [12]. Meanwhile, the exchange rate
channel is particularly significant in open economies, where currency fluctuations affect trade balances, import
prices, and competitiveness [13].
These transmission channels are interconnected and often operate simultaneously, creating complex dynamics that
influence macroeconomic stability. Understanding these mechanisms is essential for evaluating the effectiveness
of monetary policy interventions and their broader economic implications [7].
2.2 Exchange Rate Channel and Purchasing Power
The exchange rate channel plays a critical role in determining how monetary policy affects domestic price levels
and household welfare in open economies [8]. Exchange rate fluctuations influence the cost of imported goods
and services, thereby affecting inflation through what is commonly referred to as exchange rate pass-through [9].
When a domestic currency depreciates, import prices rise, leading to increased production costs and higher
consumer prices, which directly reduce household purchasing power [10].
The degree of pass-through varies across economies depending on factors such as market structure, trade
openness, and monetary policy credibility [11]. In highly import-dependent economies, exchange rate movements
have a more pronounced impact on inflation and consumption patterns [12]. This, in turn, affects real income and
welfare, particularly for low- and middle-income households that spend a larger proportion of their income on
essential goods [13].
Conversely, currency appreciation can reduce import costs and moderate inflation, potentially improving
purchasing power, although it may adversely affect export competitiveness and economic growth [7]. The
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interaction between exchange rates, inflation, and household consumption highlights the importance of accurately
modeling transmission mechanisms to inform effective policy decisions [8].

2.3 Machine Learning in Macroeconomic Forecasting

The application of machine learning in macroeconomic forecasting has gained significant attention due to its
ability to model complex, nonlinear relationships within economic data [9]. Traditional econometric models often
rely on predefined functional forms and assumptions, which may not adequately capture dynamic interactions
among macroeconomic variables [10]. In contrast, machine learning algorithms can learn patterns directly from
data, enabling more flexible and accurate forecasting [11].

In the context of inflation prediction, ML models such as random forests, gradient boosting, and neural networks
have demonstrated superior performance compared to conventional approaches by capturing nonlinear
dependencies and high-dimensional interactions [12]. Similarly, machine learning techniques have been applied
to exchange rate modeling, where they can account for complex interactions between domestic and global
economic indicators [13].

These models also benefit from the ability to process large datasets and incorporate diverse sources of information,
including financial markets, macroeconomic indicators, and sentiment data [7]. However, challenges such as
interpretability, overfitting, and data quality remain important considerations when applying ML in
macroeconomic contexts [8]. Despite these challenges, machine learning continues to offer promising
advancements in improving forecasting accuracy and policy analysis [9].

2.4 Research Gap

Despite the growing use of machine learning in macroeconomic forecasting, a significant research gap remains in
integrating these techniques into welfare-focused policy analysis [10]. Most existing studies prioritize predictive
accuracy without explicitly linking model outputs to household-level outcomes such as purchasing power and
consumption [11]. This limits the practical relevance of machine learning models in informing policy decisions
that directly impact societal welfare [12].

Additionally, current approaches often lack a unified framework that combines macroeconomic modeling with
machine learning techniques in a coherent and interpretable manner [13]. The absence of such integration makes
it difficult to translate predictive insights into actionable policy recommendations, particularly in complex and
dynamic economic environments [7].

Furthermore, limited attention has been given to incorporating explainability and statistical validation into ML-
based macroeconomic models, which is essential for ensuring transparency and reliability [8]. Addressing these
gaps requires the development of hybrid frameworks that integrate machine learning with traditional economic
theory while explicitly focusing on welfare outcomes [9]. Such an approach would enhance the applicability of
predictive analytics in policy design and contribute to more informed and inclusive economic decision-making
[10].

3. PROPOSED FRAMEWORK OVERVIEW
3.1 System Architecture
The proposed system architecture is designed to model the transmission of monetary policy through the exchange
rate channel and its subsequent impact on household welfare using an integrated machine learning framework
[12]. The architecture follows a structured pipeline consisting of data acquisition, preprocessing, machine learning
modeling, and policy interpretation layers, as illustrated in Figure 1 [13]. Initially, macroeconomic and household-
level data are collected from multiple sources, ensuring comprehensive coverage of relevant variables across
countries and time periods [14].
In the preprocessing stage, raw data undergo cleaning, transformation, and feature engineering to enhance quality
and consistency for modeling purposes [15]. This stage is critical for addressing issues such as missing values,
scaling disparities, and temporal inconsistencies in economic data [16]. The processed dataset is then input into
the machine learning module, where predictive models are trained to capture nonlinear relationships between
monetary policy variables, exchange rates, and household outcomes [17].
The final stage focuses on policy interpretation, where model outputs are translated into insights relevant for
policymakers, particularly regarding inflation dynamics and household purchasing power [18]. As shown in
Figure 1, this layer integrates predictive outputs with decision-support mechanisms, enabling actionable policy
recommendations. This architecture emphasizes scalability, interpretability, and adaptability, allowing
deployment across diverse economic contexts while maintaining analytical rigor [19].
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Figure 1: Multi-Stage Machine Learning Architecture for Modeling Exchange Rate Transmission and

Household Welfare Dynamics in Open Economies

Data Data Machine Learning Eval.llﬁm & Policy Decision
Acquisition Preprocessing E Models Interpretation Support System
|
M ivF/ world Bank Lagged Variables -

M|5yrg Data Random Forest J MAE / RMSE /R2 Exchange Rate
Handling XT-k Pass Through

TR ceneat Bank -) ] Lo Tansfomation > Inflation i?‘(?t: XGBoost .)O Rolling Validation @ Inflation lmp“l =il III'

Expectations ‘

R Household Inflation |

-
Sia Real Income o1 Meural Networks @Foobm:nus Testing Household P
rveys J Adjustroent e v B weirae Impact

- Dashboard

d - ing & Tuning
Interest Rate, Income O Adjustment Normalization ® Real-Time Manitaring

@ SHAP Explainability

Figure 1: Multi-Stage Machine Learning Architecture for Modeling Exchange Rate Transmission and
Household Welfare Dynamics in Open Economies

3.2 Workflow Description

The workflow of the proposed framework follows a systematic process that ensures efficient data handling and
model development [20]. It begins with data ingestion, where macroeconomic and household-level data are
collected from various sources and integrated into a unified dataset [12]. This is followed by data transformation,
which includes cleaning, normalization, and feature engineering to prepare the data for analysis [13].

The transformed dataset is then used in the training phase, where machine learning models are developed to learn
patterns and relationships between variables such as exchange rates, inflation, and household consumption [14].
Model evaluation is subsequently performed using appropriate performance metrics to assess predictive accuracy
and generalization capabilities [15].

The workflow also incorporates iterative feedback mechanisms, allowing continuous refinement of models based
on evaluation results and updated data inputs, thereby ensuring adaptability and robustness in dynamic economic
environments [16].

3.3 Cross-Country and Household-Level Applicability

The proposed framework is designed to be applicable across multiple countries and adaptable to different
household-level contexts, enabling comprehensive analysis of monetary policy transmission mechanisms [17]. By
incorporating panel data structures that capture variations across countries and time periods, the framework allows
for cross-country comparisons and identification of heterogeneous policy effects [18].

At the household level, the framework integrates microeconomic data such as income and consumption patterns
to assess the distributional impact of exchange rate fluctuations [19]. This enables a more granular understanding
of how monetary policy affects different segments of the population, particularly vulnerable groups [20].

The adaptability of the framework ensures that it can accommodate variations in data availability, economic
structures, and policy environments across countries. This flexibility enhances its relevance for both developed
and developing economies, making it a valuable tool for policymakers seeking to design inclusive and effective
monetary policies [12].

4. DATA ACQUISITION AND PREPROCESSING

4.1 Data Sources and Collection

Data acquisition is a fundamental component of the proposed framework, as the quality and comprehensiveness
of data directly influence model performance and policy insights [13]. In this study, data is collected from
reputable international and national sources, including the International Monetary Fund (IMF), the World Bank,
central banks, and household survey datasets [14]. These sources provide reliable and standardized
macroeconomic indicators and micro-level household data across multiple countries and time periods [15].

Key variables considered in this analysis include exchange rates, interest rates, consumer price indices (CPI),
import prices, and household income and consumption levels [16]. Exchange rate data capture currency
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fluctuations that influence trade and inflation dynamics, while interest rates reflect monetary policy stance and
financial conditions [17]. CPI serves as a primary indicator of inflation, and import prices provide insights into
cost transmission mechanisms in open economies [18]. Household income and consumption data enable the
assessment of purchasing power and welfare impacts [19].
To enhance analytical robustness, data is collected at different frequencies, including monthly, quarterly, and
annual intervals, depending on availability and relevance [20]. The integration of macroeconomic and
microeconomic data ensures a comprehensive representation of economic dynamics, enabling more accurate
modeling of monetary policy transmission and its effects on household welfare [12].
Equation 1: Log Transformation

y' =In(y)
Logarithmic transformation is applied to economic variables to stabilize variance and reduce skewness,
particularly in datasets with exponential growth patterns. It also enables interpretation of changes in percentage
terms, which is essential in macroeconomic analysis where relative changes are more meaningful than absolute
values [13].
4.2 Data Cleaning and Transformation
Data cleaning and transformation are essential for ensuring the reliability and consistency of the dataset used in
machine learning models [ 14]. Missing values, which are common in macroeconomic and household survey data,
are addressed using imputation techniques such as mean substitution, interpolation, or model-based methods
depending on the nature of the data [15]. These approaches help preserve data integrity while minimizing bias
introduced by incomplete observations [16].
Inflation-adjusted values are computed to ensure comparability across time periods, particularly for variables such
as income and consumption that are affected by price changes [17]. This adjustment involves deflating nominal
values using appropriate price indices, thereby reflecting real purchasing power [18]. Seasonal adjustment
techniques are also applied to remove periodic fluctuations in economic data, enabling clearer identification of
underlying trends [19].
Transformation processes further include scaling and normalization to ensure that variables are on comparable
scales, improving model convergence and stability [20]. These steps collectively enhance data quality and ensure
that the dataset is suitable for accurate and robust machine learning analysis [12].
4.3 Data Integration
Data integration involves combining datasets from multiple sources into a unified structure that supports
comprehensive analysis [13]. In this study, a panel dataset is constructed, capturing observations across countries,
time periods, and household units [14]. This multidimensional structure enables the analysis of both
macroeconomic trends and micro-level impacts, providing a holistic view of monetary policy transmission [15].
Time alignment is a critical aspect of data integration, as variables collected at different frequencies must be
synchronized to ensure consistency [16]. Techniques such as interpolation and aggregation are used to align data
across time intervals, enabling meaningful comparisons and analysis [17].
The integrated dataset is structured to facilitate machine learning modeling, ensuring that all relevant variables
are properly aligned and accessible [18]. This approach enhances the ability to capture dynamic relationships
between macroeconomic variables and household outcomes, improving the overall effectiveness of the predictive
analytics framework [19].
4.4 Exploratory Data Analysis (EDA)
Exploratory Data Analysis (EDA) is conducted to understand the structure, distribution, and relationships within
the dataset before model development [20]. Descriptive statistics such as mean, median, and standard deviation
are computed to summarize key characteristics of the data, as presented in Table 1, which provides an overview
of dataset variables and their statistical properties [12].
Visualization techniques, including time-series plots and scatter diagrams, are used to examine relationships
between exchange rates and household purchasing power, as well as to identify trends and anomalies. As
illustrated in Figure 2, the temporal evolution of exchange rates alongside purchasing power reveals key patterns,
including periods of volatility and structural shifts, while also highlighting potential outliers that may influence
model performance [13]. Outlier detection methods further help identify extreme values that may distort model
training and affect predictive accuracy [14].
Correlation analysis is performed to assess the strength and direction of relationships between variables, guiding
feature selection and model development [15]. EDA also helps identify data imbalances and inconsistencies,
which can be addressed through preprocessing techniques to improve data quality and model robustness [16].
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By providing a comprehensive understanding of the dataset, EDA supports informed decision-making in
subsequent stages of the machine learning pipeline, ensuring that models are built on reliable and well-structured
data [17]. The combined insights from Figure 2 and Table 1 strengthen the analytical foundation for modeling
exchange rate transmission and its impact on household welfare.

Figure 2: Exchange Rate vs Household Purcasling Power Trends & Outliers
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Figure 2: Exchange Rate vs Household Purchasing Power Trends & Outliers
Table 1: Descriptive Statistics and Variable Definitions for Macroeconomic and Household-Level Dataset
Std.

Variable Description Unit |Mean Dev. Min | Max | Data Source
Exchange Rate Nominal exchange rate (local -\ 41115 45| 872 |08 30[128.60| IMF/ Central
currency per USD) Bank
Interest Rate Central bank policy interest rate % | 7.85 | 2.15 |3.50(12.00| Central Bank
CPI (Inflation) | Consumer Price Index (base year -\ 1104 20/ 635 [95.10[118.90| World Bank
normalized)
Import Price Index | Cost of imported goods and services [Index|107.80] 7.10 [96.50[{121.30 IMF
Household Income | Average household nominal income [USD |2,850| 640 |1,450]4,200 Hé);lrsjil;sld
Realhl;lccz)liizhold Inflation-adjusted household income |USD | 2,450 520 |1,300({3,600| Computed
Househol'd Average householq consumption UsD|2.120] 480 [1.200]3.200 Household
Consumption expenditure Surveys

Purchasing Power Real consumption capacity index |Index|100.00| 5.85 [88.20[110.50] Computed

Index
Lagged Exchange . .
Rate Exchange rate at time (t—1) Index|111.90| 8.65 (97.80|127.90 Derived
Inflation . . . 0
Expectations Expected inflation (rolling average) | % | 6.95 | 1.85 [3.20|10.80| Computed
Trade Openness Ratio of imports + exports to GDP | % [54.30( 9.20 |38.00{72.50 World Bank
Household Size Average number of individuals per Countl 4.6 12 5 3 Household
household Surveys
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5. FEATURE ENGINEERING
5.1 Feature Extraction
Feature extraction is tailored to explicitly capture the transmission dynamics of monetary policy through the
exchange rate channel and its welfare implications at the household level [18]. In this study, lagged exchange rate
variables are constructed to model delayed pass-through effects from currency fluctuations to domestic prices and
consumption. Empirical evidence suggests that exchange rate movements affect inflation and purchasing power
with time lags due to pricing rigidities and supply chain adjustments, making temporal features essential for
accurate modeling [19].
In addition, inflation expectations are incorporated as forward-looking variables derived from rolling averages of
past inflation or survey-based proxies, capturing adaptive and rational expectations embedded in economic
behavior [20]. These expectations influence consumption smoothing decisions and price-setting mechanisms,
thereby linking macroeconomic policy to household welfare outcomes [21]. Real income indicators are also
computed by deflating nominal household income with CPI, ensuring that purchasing power is measured in real
terms rather than nominal fluctuations [22].
Equation 2: Lag Variable
Xt—k
The lag operator x;_introduces temporal dependency by shifting observations backward by kperiods, enabling
the model to capture dynamic adjustment processes inherent in exchange rate pass-through and consumption
responses [23]. This formulation aligns with distributed lag models in macroeconomics while allowing nonlinear
ML-based extensions [24].
5.2 Feature Scaling
Feature scaling is critical in this context due to the heterogeneity of macroeconomic variables, which differ
significantly in magnitude and measurement units, such as exchange rates, percentage inflation, and income levels
[19]. Without scaling, variables with larger numeric ranges can dominate the optimization process, particularly in
gradient-based algorithms, leading to biased parameter estimation [20].
Equation 3: Min-Max Scaling
' X = Xmin

X = Tmin
Xmax ~ Xmin
Min-Max scaling linearly transforms each feature into a bounded interval, preserving relative distances while
ensuring numerical stability during training [21]. In this study, scaling is applied after log transformation and
inflation adjustment to maintain economic interpretability while improving convergence speed and model stability
[22]. This is particularly important when combining macro-level and micro-level variables within a unified
learning framework [23].
5.3 Feature Selection
Feature selection is designed to isolate the most economically meaningful drivers of exchange rate transmission
and household welfare while minimizing multicollinearity and overfitting [24]. Initially, correlation analysis is
conducted to quantify linear relationships between explanatory variables and target outcomes such as real
consumption and inflation. Variables exhibiting high multicollinearity, particularly among macroeconomic
indicators, are carefully evaluated to avoid redundancy and instability in model estimation [18].
Beyond correlation filtering, LASSO regularization is employed to perform embedded feature selection within
the learning process. This approach is particularly suitable for high-dimensional macroeconomic datasets where
many predictors may have weak or overlapping explanatory power [19]. By imposing an L1 penalty, LASSO
shrinks less significant coefficients toward zero, effectively removing irrelevant variables while retaining key
drivers of economic dynamics [20].
Equation 4: LASSO

min Y (y —XB)>+ A 1B |

The optimization objective balances model fit and sparsity, where the regularization parameter Acontrols the trade-
off between minimizing prediction error and enforcing parsimony [21]. As Aincreases, the model becomes more
selective, reducing variance at the expense of potential bias [22]. This is particularly useful in macroeconomic
modeling, where over-parameterization can obscure interpretability and reduce predictive robustness [23].

The combined use of correlation screening and LASSO ensures that selected features are both statistically
significant and economically interpretable, strengthening the overall predictive framework [24].

5.4 Dimensionality Reduction
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Dimensionality reduction is applied to address the high dimensionality arising from lagged variables, interaction
terms, and multi-country panel data structures [18]. Principal Component Analysis (PCA) is utilized to transform
correlated macroeconomic indicators into orthogonal components that capture the majority of variance while
eliminating redundancy [19]. PCA is particularly effective in this study because macroeconomic variables such as
interest rates, inflation, and exchange rates are often highly correlated due to underlying economic linkages [20].
By projecting the data onto a lower-dimensional subspace, PCA reduces noise and enhances signal extraction,
improving model generalization and computational efficiency [21]. Additionally, dimensionality reduction
facilitates visualization of complex relationships between exchange rates and household welfare indicators,
enabling clearer interpretation of model inputs. As illustrated in Figure 3(b), the correlation heatmap highlights
strong interdependencies among macroeconomic variables, justifying the need for dimensionality reduction, while
Figure 3(a) presents SHAP-based feature importance, demonstrating how reduced feature space retains the most
influential predictors in the model [22].

The retained principal components are selected based on explained variance thresholds, ensuring that critical
economic information is preserved while reducing model complexity [23]. Overall, dimensionality reduction
complements feature selection by providing a compact and informative representation of the data, enhancing both
model performance and interpretability in analyzing monetary policy transmission mechanisms [24].

Figure 3: Feature Importance (a) SHAP (b) Correlation Heatmap)
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Figure 3: Feature Importance ((a) SHAP (b) Correlation Heatmap)

6. MACHINE LEARNING MODEL DEVELOPMENT

6.1 Model Selection Strategy

Model selection in this study is guided by the need to accurately estimate continuous outcomes related to
household purchasing power, which are inherently influenced by nonlinear macroeconomic interactions [23].
Regression-based models are therefore prioritized, as they enable the prediction of continuous variables such as
real consumption, inflation-adjusted income, and purchasing power indices [24]. Unlike classification tasks, the
objective here is to quantify the magnitude of economic effects rather than assign discrete categories, making
regression approaches more appropriate for policy analysis [25].

A key consideration in model selection is the trade-off between interpretability and predictive performance.
Traditional econometric models, such as linear regression, offer high interpretability but are limited in capturing
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nonlinear relationships and interaction effects [26]. In contrast, machine learning models such as ensemble
methods and neural networks provide superior predictive accuracy by modeling complex dependencies, though
they often lack transparency [27].
This study adopts a hybrid approach, leveraging interpretable models for baseline comparison while employing
advanced machine learning algorithms to improve predictive performance [28]. This balance ensures that the
resulting framework remains both analytically robust and policy-relevant, enabling meaningful interpretation of
exchange rate transmission effects on household welfare [29].
6.2 Training Phase
The training phase is designed to capture temporal and structural dependencies inherent in macroeconomic data
while ensuring reliable model generalization [30]. The dataset is first partitioned into training and testing subsets
to evaluate predictive performance on unseen data.
Equation 5: Train-Test Split
D = Dirain Y Diest) Derain N Diest = @
This formulation ensures that the training set D;,4,is used for parameter estimation, while the testing set
Dieseprovides an unbiased evaluation of model performance [23]. Given the time-dependent nature of
macroeconomic variables, a time-series split is implemented instead of random sampling, preserving
chronological order and preventing data leakage from future observations into the training set [24]. This approach
is critical for modeling exchange rate transmission, where past values influence future outcomes [25].
In addition, stratified sampling techniques are adapted to ensure balanced representation across countries and
income groups within the dataset [26]. This is particularly important in panel data settings, where disparities across
economies and household segments can bias model learning if not properly accounted for [27].
Model training involves minimizing a loss function that quantifies the discrepancy between predicted and actual
values.
Equation 6: Loss Function (MSE)
1 n
MSE=2D (=90
The Mean Squared Error (MSE) is derived from least squares estimation, where the objective is to minimize the
sum of squared residuals between observed values y;and predictions ¥;[28]. The squared term ensures
differentiability and penalizes larger errors more heavily, making it suitable for continuous outcome prediction
[29]. Importantly, MSE is a convex function with respect to model parameters, guaranteeing a unique global
minimum under standard assumptions, which facilitates efficient optimization [30].
During training, model parameters are iteratively updated to minimize this loss, ensuring convergence toward
optimal predictive performance while capturing the underlying economic relationships in the data [23].
6.3 Model Algorithms
The study employs a combination of machine learning algorithms to capture the complex and nonlinear dynamics
of exchange rate transmission and household welfare [24]. Random Forest is utilized as a baseline ensemble
method due to its robustness and ability to handle nonlinear relationships without requiring extensive parameter
tuning [25]. By aggregating multiple decision trees built on bootstrapped samples, Random Forest reduces
variance and improves generalization performance, making it suitable for heterogeneous macroeconomic datasets
[26].
XGBoost (Extreme Gradient Boosting) is incorporated as a more advanced ensemble technique that sequentially
builds models by correcting the errors of previous iterations [27]. It introduces regularization terms to control
model complexity, thereby reducing overfitting and enhancing predictive accuracy [28]. XGBoost is particularly
effective in handling structured data and capturing interactions between macroeconomic variables such as
exchange rates, inflation, and income levels [29].
Neural networks are also employed to model highly nonlinear relationships and interactions within the dataset
[30]. These models consist of multiple layers of interconnected neurons that learn hierarchical representations of
data through backpropagation [23]. Neural networks are particularly useful in capturing complex temporal
patterns and cross-variable dependencies in panel data [24].
Equation 7: Gradient Descent
6 =6-aVvj()
Gradient descent is used to optimize model parameters by iteratively updating them in the direction of the negative
gradient of the loss function [25]. The learning rate acontrols the step size, ensuring convergence while avoiding
overshooting the minimum [26]. This optimization process is fundamental to training both neural networks and
other differentiable models [27].
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6.4 Hyperparameter Optimization

Hyperparameter optimization is conducted to enhance model performance by identifying optimal configurations
for parameters that are not learned during training [28]. Grid search is initially employed to systematically evaluate
combinations of hyperparameters, such as tree depth, learning rate, and number of estimators, across predefined
ranges [29]. Although exhaustive, this method can be computationally expensive, particularly for complex models
and large datasets [30].

To address this limitation, Bayesian optimization is utilized as a more efficient alternative, leveraging probabilistic
models to guide the search process toward promising regions of the parameter space [23]. This approach reduces
computational cost while achieving high-quality solutions, making it suitable for large-scale macroeconomic
modeling [24].

The effectiveness of hyperparameter tuning is reflected in improved convergence behavior and reduced training
loss over iterations, as illustrated in Figure 4, where optimized models exhibit smoother and faster convergence
compared to non-optimized configurations. Hyperparameter tuning significantly improves model generalization
and predictive accuracy, ensuring that the selected models perform optimally across different data conditions and
scenarios [25].

Figure 4: Model Training Curve (Loss vs Epochs)
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Figure 4: Model Training Curve (Loss vs Epochs)

7. MODEL EVALUATION AND STATISTICAL VALIDATION
7.1 Performance Metrics
Evaluating model performance in this study requires metrics that accurately capture prediction errors in
continuous economic variables such as household purchasing power and real consumption [28]. Mean Absolute
Error (MAE) is used as a primary metric due to its interpretability and robustness in measuring average prediction
deviations in the same units as the target variable [29].
Equation 8: Mean Absolute Error

1
MAE = =¥ 1yi =3 |
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MAE computes the average absolute difference between observed values y;and predicted values y;, providing a
direct measure of prediction accuracy without disproportionately penalizing extreme errors [30]. This makes it
particularly suitable for economic data, where outliers may arise due to shocks or structural breaks [31].

In addition to MAE, Root Mean Squared Error (RMSE) is employed to capture the magnitude of larger prediction
errors by squaring deviations before averaging and taking the square root [32]. RMSE is more sensitive to large
errors, making it useful for assessing model performance under extreme economic conditions [33]. The coefficient
of determination, R?, is also used to measure the proportion of variance in the dependent variable explained by
the model, providing an indication of explanatory power [34].

Together, these metrics offer a comprehensive evaluation of model performance, balancing interpretability,
sensitivity to error magnitude, and explanatory strength, thereby ensuring reliable assessment of predictive
accuracy in macroeconomic applications [35].

7.2 Statistical Validation

Statistical validation is essential for assessing the stability and reliability of model predictions across different
economic conditions and datasets [28]. One of the key measures used in this study is mean deviation, which
evaluates the average absolute deviation of observations from their mean, providing insights into dispersion and
consistency [29].

1
MD =-) ;= X
" | x; —x |

Mean deviation is particularly useful in macroeconomic analysis as it is less sensitive to extreme values compared
to variance-based measures, offering a more stable representation of variability in economic data [30]. Standard
deviation is also computed to quantify the spread of data around the mean, providing a measure of volatility in
both input variables and model predictions [31]. A lower standard deviation indicates more consistent predictions,
while higher values suggest greater uncertainty and variability [32].

Confidence intervals are employed to quantify the uncertainty associated with model estimates, providing a
probabilistic range within which the true value is expected to lie [33]. These intervals are derived using statistical
inference techniques and are critical for policy analysis, as they allow decision-makers to assess the reliability of
predictions under uncertainty [34].

By combining mean deviation, standard deviation, and confidence intervals, the validation process ensures that
the model is not only accurate but also stable and reliable across varying economic conditions, enhancing its
suitability for policy applications [35].

7.3 Cross-Validation

Cross-validation is implemented to evaluate the generalization capability of the model in a time-dependent
macroeconomic context [28]. Unlike traditional k-fold methods, this study employs rolling window validation,
which is more appropriate for time-series data where temporal ordering must be preserved [29].

In rolling window validation, the model is trained on a fixed window of historical data and tested on subsequent
observations, with the window progressively shifting forward over time [30]. This approach simulates real-world
forecasting scenarios, where models are trained on past data to predict future outcomes [31]. It also allows for the
assessment of model performance under changing economic conditions, capturing structural shifts and temporal
dynamics [32].

Rolling validation reduces the risk of data leakage and provides a more realistic evaluation of predictive
performance compared to random sampling methods [33]. It is particularly effective in analyzing exchange rate
transmission, where lag effects and temporal dependencies play a crucial role [34].

By incorporating rolling window validation, the study ensures that the model remains robust and reliable in
dynamic economic environments [35].

7.4 Benchmark Comparison

To assess the effectiveness of the proposed machine learning models, their performance is compared with
traditional econometric approaches such as Vector Autoregression (VAR) and Error Correction Models (ECM)
[28]. These models are widely used in macroeconomic analysis for capturing linear relationships and long-run
equilibrium dynamics [29].

The comparison focuses on predictive accuracy, robustness, and ability to capture nonlinear interactions between
variables [30]. Results indicate that machine learning models outperform traditional approaches in handling
complex and high-dimensional datasets while providing more accurate predictions of household purchasing power
[31].
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Table 2: Comparative Performance of Machine Learning and Econometric Models for Exchange Rate
Transmission and Household Welfare Prediction

Mean - . . . Policy
MTod:l Model N]IEA Rl]\g/ls R? | Deviatio Interpretabilit Noglln::l?:;t Cogllpg(t)zsl:wn Applicabilit
Econometri Llnea.r 2.85] 3.40 0.7 2.10 High Low Low Moderate
c Regression 8
Econometri VAR (Vector 0.8
c Autoregressio | 2.65| 3.20 1 1.95 Moderate Low Moderate High
n)
Econometri ECM (Error 0.8
Correction (2.50| 3.05 | 1.88 High Low Moderate High
c 3
Model)
ML Random 1.95] 2.45 0.8 1.55 Moderate High Moderate High
Forest 9
ML XGBoost |1.70( 2.10 059 1.35 Moderate | Very High High Very High
Neural 0.9 . . .
ML Network 1.85] 2.25 ) 1.48 Low Very High High High
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8. POLICY IMPACT AND DECISION FRAMEWORK
8.1 Translating Predictions into Policy Insights
The translation of predictive model outputs into actionable policy insights is a critical step in bridging the gap
between data analysis and economic decision-making [32]. In this study, model predictions are used to estimate
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exchange rate elasticity, which measures the responsiveness of inflation and household purchasing power to
currency fluctuations [33].

By quantifying elasticity, policymakers can assess the extent to which exchange rate changes affect domestic
prices and consumption patterns, enabling more informed monetary policy decisions [34]. Additionally, the
framework evaluates welfare impacts by analyzing changes in real income and consumption levels across different
household groups [35].

This approach allows policymakers to identify vulnerable populations and design targeted interventions to
mitigate adverse effects of currency volatility, thereby enhancing economic stability and social welfare [28].

8.2 Real-Time Policy Monitoring

Real-time policy monitoring systems are essential for tracking economic indicators and responding promptly to
emerging trends [29]. The integration of machine learning models with real-time data streams enables the
development of dynamic dashboards that provide continuous updates on inflation, exchange rates, and household
cost-of-living metrics [30].

These dashboards allow policymakers to monitor key indicators and assess the immediate impact of policy
changes, facilitating timely adjustments to monetary strategies [31]. Household cost-of-living tracking systems
further enhance this capability by providing granular insights into consumption patterns and purchasing power
across different income groups [32].

The use of real-time analytics improves responsiveness and reduces the lag between policy implementation and
observable outcomes, enabling more effective management of economic fluctuations [33].

8.3 Explainable AI (XAI)

Explainable Al (XAI) techniques are integrated into the framework to enhance transparency and interpretability
of machine learning models in policy applications [34]. Methods such as SHAP (Shapley Additive Explanations)
are used to quantify the contribution of individual features to model predictions, providing insights into the drivers
of exchange rate transmission and household welfare outcomes [35]. As illustrated in Figure 6, the decision
support system incorporates explainability modules that link model outputs to policy-relevant indicators, enabling
clearer interpretation of predictive results.

By decomposing model predictions into feature-level contributions, SHAP enables policymakers to understand
how variables such as exchange rates, inflation, and income influence predicted outcomes [28]. This improves
trust in model outputs and facilitates informed decision-making [29]. The visualization of these contributions
within the decision support architecture, as shown in Figure 6, further enhances interpretability by presenting
complex model relationships in an accessible format.

XAI also supports model validation and debugging by identifying potential biases and inconsistencies in
predictions, ensuring that models adhere to ethical and regulatory standards [30]. The integration of explainability
into predictive analytics frameworks enhances both transparency and accountability, making machine learning
models more suitable for policy applications [31].
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Figure 6: Multi-Layer Decision Support Architecture Integrating Macroeconomic Indicators
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9. COMPARATIVE ANALYSIS AND DISCUSSION
9.1 Model Comparison
A comparative evaluation between machine learning (ML) models and traditional econometric approaches such
as Vector Autoregression (VAR) and Error Correction Models (ECM) reveals important differences in predictive
capability and analytical flexibility [36]. Econometric models are grounded in economic theory and are effective
in capturing linear relationships and long-run equilibrium dynamics between variables such as exchange rates,
inflation, and income [37]. However, their reliance on predefined functional forms limits their ability to model
complex nonlinear interactions and structural shifts commonly observed in open economies [38].
In contrast, ML models such as Random Forest, XGBoost, and Neural Networks demonstrate superior
performance in capturing nonlinear dependencies and high-dimensional relationships within macroeconomic and
household-level data [39]. These models adaptively learn patterns from data without strict assumptions, enabling
improved prediction of purchasing power dynamics under varying economic conditions [40]. However, this
flexibility often comes at the cost of reduced interpretability, which is critical in policy-oriented analysis [36].
The comparison indicates that while econometric models remain valuable for theoretical interpretation, ML
models provide enhanced predictive accuracy and robustness, making them more suitable for data-driven policy
analysis when complemented with explainability techniques [37].
9.2 Robustness Analysis
Robustness analysis is conducted to assess the stability of model predictions under different economic shock
scenarios, such as sudden exchange rate depreciation, inflation spikes, or external financial disturbances [38].
These scenarios are simulated by introducing controlled perturbations into key variables and evaluating the
resulting changes in model outputs [39].
The results show that machine learning models, particularly ensemble methods, maintain relatively stable
performance under moderate shocks due to their ability to aggregate multiple decision paths and reduce variance
[40]. However, extreme shocks can still lead to deviations in predictions, highlighting the importance of
incorporating stress-testing mechanisms into the modeling framework [36].
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Robustness is further evaluated using variance and error dispersion metrics, ensuring that models remain reliable
across different economic conditions and policy environments [37].
9.3 Sensitivity Analysis
Sensitivity analysis examines how variations in input features affect model predictions, providing insights into
the relative importance of economic variables [38]. In this study, sensitivity is assessed by systematically varying
key inputs such as exchange rates, interest rates, and inflation levels, and observing their impact on predicted
household purchasing power [39].
The analysis reveals that exchange rate fluctuations have the most significant influence on model outputs,
followed by inflation and real income variables [40]. This confirms the central role of the exchange rate channel
in monetary policy transmission and its direct effect on household welfare [36].
Sensitivity analysis also highlights nonlinear interactions between variables, emphasizing the importance of
advanced modeling techniques in capturing these dynamics [37]. These insights support more targeted and
effective policy interventions by identifying the most critical drivers of economic outcomes [38].

Table 3: Sensitivity and Robustness Analysis of Machine Learning Models under Exchange Rate Shock

Scenarios
Mean . P
Scenario Shock Model |[MAE[RMSE|R? | Deviation | Frediction - \Sensitivity Rank
Description (MD) Stability (%) | (Key Driver)
Baseline | O shock (normal | Random | | o5l 5 35l 91| | 45 96.5 Exchange Rate
conditions) Forest
Baseline No shocl.<.(normal XGBoost |1.62| 2.05 0.94 1.28 97.8 Exchange Rate
conditions)
Baseline No shocl.<.(normal Neural 1.74 | 2.18 10.92 1.36 95.9 Exchange Rate
conditions) Network
[}
Mild Shock| "> 70 exchange rate| Random | ) 615 6519 gl 1 60 93.4 Exchange Rate
depreciation Forest
. +5% exchange rate
Mild Shock .S XGBoost | 1.88 | 2.40 [0.91 1.45 95.2 Exchange Rate
depreciation
V)
Mild Shock|"> 70 exchangerate| Neural ) )51 ) 5g15 a9l | 53 93.9 Exchange Rate
depreciation Network
0,
Moderate | +10% exchange | Random |, s 30 19 sl 95 89.7 CPI
Shock rate depreciation | Forest
0,
Moderate | +10% exchange | yp. 1230 2.85 [0.88]  1.72 91.5 Pl
Shock | rate depreciation
Moderate | +10% exchange | Neural
Shock rate depreciation | Network 2501 3.05 10.86 1.84 902 CPI
0,
Severe | +20% exchange | Random | 5 45\ 4 10 1978 2.60 82.3 Inflation
Shock rate depreciation | Forest
0,
Severe | +20% exchange | v 13,05 | 3.65 [0.82 235 85.7 Inflation
Shock rate depreciation
Severe +20% exchange Neural .
Shock | rate depreciation | Network 3.30 | 3.95 |0.80 2.48 83.9 Inflation

10. CHALLENGES, LIMITATIONS, AND FUTURE WORK

Despite the promising results achieved through the integration of machine learning into macroeconomic policy
analysis, several challenges and limitations remain [39]. One major limitation is the presence of data gaps in
household survey datasets, particularly in developing economies where data collection is often irregular or
incomplete [40]. These gaps can introduce bias and reduce the reliability of model predictions, necessitating the
use of imputation and data augmentation techniques [36].

Another critical challenge is the presence of structural breaks in macroeconomic data, caused by events such as
financial crises, policy regime changes, or external shocks [37]. These breaks can disrupt historical relationships
between variables, making it difficult for models to generalize across different time periods [38]. Addressing this
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issue requires the incorporation of adaptive learning techniques and regime-switching models that can account for
changing economic conditions [39].

Interpretability remains a significant concern, particularly for complex machine learning models that operate as
black-box systems [40]. While techniques such as SHAP and feature importance analysis improve transparency,
achieving a balance between predictive accuracy and interpretability remains an ongoing challenge [36].

Future research should focus on improving data availability and quality, developing models capable of handling
structural changes, and enhancing explainability to support policy decision-making [37]. Additionally, integrating
real-time data streams and expanding cross-country analysis can further strengthen the applicability and impact
of machine learning in monetary policy research [38].

11. CONCLUSION
This study demonstrates that machine learning significantly enhances the modeling of monetary policy
transmission, particularly through the exchange rate channel and its effects on household welfare. By integrating
nonlinear learning algorithms with macroeconomic and household-level data, the proposed framework captures
complex dynamic relationships that are often overlooked by traditional econometric models. The inclusion of lag
structures, real income adjustments, and inflation expectations enables a more realistic representation of how
exchange rate movements propagate through the economy and affect purchasing power. As a result, machine
learning models provide more accurate and robust predictions of household welfare outcomes, especially in
environments characterized by volatility and structural complexity.
The findings have strong policy implications, as they offer a data-driven foundation for evaluating the
distributional effects of monetary policy. Policymakers can leverage these insights to better understand how
exchange rate fluctuations influence inflation and household consumption across different income groups. This
enables the design of more targeted and inclusive policy interventions aimed at mitigating adverse welfare
impacts, particularly for vulnerable populations. Furthermore, the integration of predictive analytics into policy
frameworks supports more proactive and adaptive decision-making in response to evolving economic conditions.
Future research should focus on expanding the scope of the framework by incorporating higher-frequency data,
improving model interpretability, and addressing structural breaks in macroeconomic relationships. Additionally,
the integration of real-time monitoring systems and cross-country comparative analysis can further enhance the
applicability and effectiveness of machine learning in monetary policy design and evaluation.
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