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Abstract

To ensure economic stability, accurately forecasting the effects of domestic and external factors has
become increasingly critical. This study aims to develop a novel model to predict Mongolia’s
macroeconomic dynamics by integrating theoretical economic relationships with deep learning
methods. Quarterly macroeconomic data from 2015 to 2024 are employed, focusing on key indicators
such as inflation, unemployment, GDP growth, and the policy interest rate. The interdependence
among these variables is dynamically estimated using Long Short-Term Memory (LSTM) and Gated
Recurrent Unit (GRU) neural networks. For comparison, traditional ARIMA and VAR models are
also applied to assess the predictive performance of deep learning approaches. The results reveal that
deep learning models achieve higher accuracy in short- and medium-term forecasts (MAPE ranging
from 3.7% to 5.2%) and exhibit greater sensitivity to business cycle fluctuations and policy shifts.
Moreover, by incorporating a theory-guided deep learning framework, the model’s interpretability
is enhanced, enabling a more realistic representation of the dynamic trade-off between inflation and
unemployment. The primary contribution of this research is the development of a theoretically
consistent deep learning state-space forecasting model that bridges economic theory and artificial
intelligence. The proposed framework provides practical insights for macroeconomic policy analysis,
fiscal planning, and monetary decision-making in Mongolia.

Keywords: deep learning; forecasting model; macroeconomic forecasting; state-space model;
economic dynamics; Mongolia

1. Introduction

In modern economic policymaking and strategic decision-making, the accuracy of macro-level
forecasting, theoretical coherence, and effective management of uncertainty have become increasingly
important. Understanding the effects of business cycle fluctuations, external trade shocks, and
monetary policy adjustments is essential for maintaining macroeconomic stability. In Mongolia,
short- and medium-term economic dynamics over the past two decades have been strongly
influenced by commodity price volatility, exchange rate movements, investment inflows, and fiscal
expenditure cycles. Consequently, improving macroeconomic forecasts requires theoretically
motivated modeling of dynamic interdependencies among key indicators rather than purely data-
driven extrapolation.

Traditional macroeconomic models such as ARIMA, VAR, and DSGE are grounded in economic
theory but face well-known limitations in capturing nonlinear dynamics and time-varying responses
to internal and external shocks. At the same time, the increasing complexity and uncertainty of
macroeconomic environments have challenged the empirical performance of these conventional
approaches. Recent advances in deep learning have therefore been explored as complementary tools
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for modeling nonlinear patterns and long-term dependencies in economic time series (Lim & Zohren,
2021; Rangapuram et al., 2018). However, such methods often lack explicit theoretical structure and
tend to function as black-box systems, limiting their interpretability and direct applicability for policy
analysis, particularly in small-sample macroeconomic settings standard in emerging economies.

Recent studies have increasingly aimed to incorporate core economic relationships, such as the
Phillips curve, Okun’s law, and the Taylor rule, into deep learning models. This line of research has
introduced approaches such as theory-guided deep learning (Raissi et al., 2019; Karniadakis et al.,
2021) and structural regularization (Mao & Zheng, 2020), which create new opportunities to blend
data-driven methods with theoretical consistency rather than purely predictive optimization. These
techniques improve model interpretability and alignment with economic theory by embedding
equilibrium relationships into the loss function as soft penalty terms, thereby guiding learning by
economic principles while allowing flexibility under limited-data conditions.

In Mongolia, macroeconomic indicators such as inflation, unemployment, GDP growth, and
exchange rate movements are closely linked and strongly influenced by external and policy-related
factors, including exports, investment inflows, and changes in policy interest rates. To capture these
dynamics in a small-sample macroeconomic setting, this study adopts a hybrid, exploratory
modeling strategy that combines state-space modeling with sequence-based deep learning
architectures, such as LSTM, GRU, and Transformer. Rather than treating these models as full-scale
predictive systems, the hybrid framework is used to identify latent economic states and describe
theoretically motivated dynamic relationships among key indicators, consistent with established
macroeconomic reasoning (Rangapuram et al., 2018; Maliar et al., 2021).

Accordingly, the primary goal of this study is to propose a consistent and exploratory deep
learning based state space framework that examines the dynamics of Mongolia’s macroeconomy by
combining fundamental theoretical relationships with data-driven learning methods. Using
quarterly macroeconomic data from 2015 to 2024 under a limited data setting, the study dynamically
estimates the relationships among inflation, unemployment, GDP growth, and the policy interest rate.
The empirical performance of the proposed framework is evaluated through a comparative analysis
with traditional ARIMA and VAR models, yielding exploratory evidence of favorable short- and
medium-term forecasting performance in this specific empirical context, rather than definitive
predictive dominance.

The methodological contributions of this research are threefold. First, it integrates core
macroeconomic relationships into a deep learning framework through soft penalty-based loss
constraints, thereby maintaining theoretical consistency under data constraints. Second, it employs a
hybrid state-space and deep-learning approach to identify latent economic states and cyclical
dynamics, providing an interpretable account of macroeconomic fluctuations rather than causal
confirmation. Third, it presents a proof-of-concept forecasting framework that can support
macroeconomic policy discussions, fiscal planning, and monetary analysis in Mongolia, without
claiming to provide full-scale policy simulation or universal generalization.

2. Literature Review

In recent years, economic modeling has become increasingly data-driven, with a growing
emphasis on integrating traditional theoretical frameworks with machine learning methods rather
than replacing them. Within this evolving research landscape, a wide range of models and
frameworks has emerged, each characterized by distinct theoretical foundations, strengths,
limitations, and varying degrees of compatibility with data-constrained macroeconomic settings. The
following section reviews key approaches that are particularly relevant for theory-consistent and
interpretable economic forecasting, thereby motivating the methodological positioning of this study.

Monotonic Machine Learning, which gained prominence in the early 2020s, represents a class of
models that incorporate economically motivated monotonicity constraints into machine learning
algorithms through regularization. This approach enforces theory-compliant behavior while offering
partial interpretability within predictive systems. Its main advantage lies in improving forecast
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stability under theoretical restrictions. However, Monotonic ML relies on restrictive functional
assumptions, offers limited flexibility for policy-oriented simulation, and is less suitable for capturing
complex multivariate macroeconomic dynamics. Despite these limitations, Monotonic ML remains a
relevant reference point for aligning economic theory with supervised learning environments (Lin et
al., 2025, SSRN).

The Dynamic Stochastic General Equilibrium model, originating from the seminal work of
Kydland and Prescott in the 1980s, is a dynamic optimization framework grounded in neoclassical
economic theory. DSGE models provide a strong theoretical foundation and are widely used for
policy simulation and the structural interpretation of macroeconomic fluctuations. Nevertheless, they
face persistent challenges, including limited flexibility in handling nonlinear dynamics, weak
accommodation of data-driven uncertainty, and substantial computational complexity, particularly
in empirical applications.

The Stock Flow Consistent model, developed in the 1990s within the Post Keynesian tradition,
ensures accounting consistency between economic stocks and flows and effectively captures
macrofinancial linkages. This framework is beneficial for analyzing interactions between fiscal and
monetary policy. However, SFC models are highly parameter-intensive, mathematically complex,
and show limited integration with modern machine learning techniques, which constrains their
applicability in nonlinear and data-driven forecasting environments (Godley and Lavoie, 2007,
Palgrave).

The Global Vector Autoregressive model, introduced by Pesaran and colleagues in the early
2000s, is designed to analyze global economic linkages and cross country spillover effects. The
framework provides flexibility for scenario based analysis of international transmission mechanisms
and policy shocks. However, its explanatory capacity is constrained by relatively weak theoretical
discipline, and estimation and interpretation become increasingly challenging as model
dimensionality expands, particularly in data constrained empirical settings.

Agent Based Modeling, originating in the 1990s within the behavioral economics tradition,
conceptualizes the economy as a complex adaptive system composed of heterogeneous interacting
agents. This approach is well suited for capturing emergent dynamics arising from micro level
interactions and adaptive behavioral rules. Nevertheless, ABM frameworks typically exhibit limited
reliability for aggregate macroeconomic forecasting, weak mechanisms for uncertainty quantification,
and high computational intensity, which restrict their practical use in policy oriented macroeconomic
analysis (Tesfatsion and Judd, 2006, Springer).

Structural Regularization, emerging in the 2020s, incorporates causal and theoretical reasoning
directly into the regularization structure of machine learning models. This approach enhances theory
consistency and improves generalization beyond the estimation sample. However, Structural
Regularization faces difficulties in jointly integrating multiple macroeconomic constraints and offers
limited support for systematic policy simulation, particularly in complex multivariate environments
(Mao and Zheng, 2020, arXiv).

Sequence-based deep learning models, including DeepAR, LSTM, and Transformer
architectures, have been widely applied since 2015 for probabilistic time series forecasting. These
models are effective in capturing nonlinear relationships and long-range temporal dependencies.
Despite their predictive flexibility, they generally lack explicit theoretical structure, which limits
interpretability and reduces their suitability for policy relevant macroeconomic analysis (Lim and
Zohren, 2021; Rangapuram et al., 2018).

Recent empirical studies in Mongolia provide growing evidence that machine learning methods
significantly outperform traditional econometric models in both macroeconomic forecasting and
financial risk assessment. Tegshjargal et al. 2025 show that ensemble learning approaches particularly
XGBoost achieve substantially higher accuracy in inflation forecasting than SARIMA and GARCH
models highlighting the importance of nonlinear learning in environments exposed to frequent
structural shocks. At the micro financial level Sodnomdavaa et al. 2025 demonstrate that machine
learning based credit scoring models markedly improve default prediction accuracy in non bank
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financial institutions while also enhancing model transparency through explainable Al techniques.
Taken together these findings indicate that machine learning methods are especially suitable for
emerging economies characterized by complex data structures institutional heterogeneity and high
macroeconomic volatility thereby providing strong empirical motivation for the use of ML based
frameworks in both macroeconomic and financial policy analysis.

Helformer, introduced in 2025, represents a class of structurally informed Transformer
architectures that integrate exponential smoothing components into attention mechanisms. By
embedding structural priors, the model captures trend and seasonal patterns in high frequency data
while remaining adaptable to complex temporal dynamics. However, Helformer remains limited in
handling multiple theoretical constraints simultaneously and provides restricted support for
macroeconomic policy simulation. Existing applications have focused primarily on financial and
cryptocurrency markets, limiting its relevance for broader macroeconomic forecasting contexts.

The Hemisphere Neural Network, introduced in 2024, is a semi structured deep learning
framework designed to estimate the output gap within the Phillips curve setting. By integrating
nonlinear functional representations, the model improves interpretability and theory consistency in
inflation forecasting. Nevertheless, HNN remains narrowly focused on a single theoretical
relationship, with limited capacity to incorporate multiple macroeconomic constraints or support
comprehensive policy simulation.

The Phase Adaptive Attention Long Short Term Memory model, introduced in 2025,
incorporates attention mechanisms that adjust dynamically across business cycle phases. This design
enhances the detection of nonlinear temporal asymmetries and has demonstrated promising
performance in GDP forecasting tasks. However, its integration of macroeconomic theory remains
limited, and the framework becomes less scalable and robust in multivariate macroeconomic
environments.

CNN based models have been applied to extract nonlinear trends from complex economic data
by leveraging convolutional feature representations. These models exhibit strong pattern recognition
capabilities and effectively capture localized temporal structures. Nonetheless, CNN based
frameworks show weak integration with macroeconomic state space constraints and limited
mechanisms for uncertainty quantification, constraining their applicability in formal macroeconomic
forecasting (Inflation Forecasting with CNN, 2025).

Recursive Deep Learning, introduced in 2024, combines recursive neural network architectures
with Real Business Cycle theory to model long term macroeconomic dynamics. This approach
improves the representation of intertemporal dependencies and structural feedback mechanisms.
Despite its theoretical grounding, Recursive Deep Learning provides limited tools for evaluating
policy loss functions and conducting scenario based policy analysis, which restricts its usefulness for
applied macroeconomic policymaking (Recursive DL for Decadal GDP, 2024, arXiv).

3. Methodology

The proposed research model can be mainly described as a Deep Learning—based State-Space
Model (SSM). The state-space framework is a dynamic system often used to model time-series data,
allowing the decomposition of observed economic variables into hidden structures that change over
time. The model has two main parts:

a) Latent State: Represents unobservable variables that reflect the core dynamics of the system —

such as economic shocks or business cycle stages—that cannot be directly measured but
influence observable changes.

b) Observed Variables: Correspond to measurable macroeconomic indicators, including inflation,
unemployment, GDP growth, and exchange rate changes, which show the external signs of the
hidden economic states.

The mathematical representation of the architecture used in this study is shown below.
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Minigmize Linain (8) + theory lossgyre + policy loss + uncertainty loss (1)

subject to: g,(0) =0, i=1,..,K ()

hi(@) <0, i=1,..,]

3.1. Theoretical Equations and Policy Rules

The fundamental constraints and policy rules of macroeconomic theory form the core analytical
and empirical framework for understanding business cycles, market fluctuations, and the
interactions between fiscal and monetary policy. Integrating these principles into machine learning
(ML) and deep learning (DL) systems is crucial for maintaining theoretical consistency, managing
uncertainty, and ensuring interpretability in macroeconomic models.

Table 1. Theoretical Equations Utilized in the Methodology.

Theoretical
eore.lca Variables Theoretical Purpose Advantage / Role in the Model
Equation
Inflation, Target
Inflati I i h Ity 1
ntlation, Explains how inflation ncorPorated into the penalty loss
. Unemployment, function to enhance the
Phillips and unemployment . .
Natural . theoretical consistency of
Curve have an inverse
Unemployment, . . forecasts under real-world
o . relationship. o
Coefficient, Economic Toi " conditions.
Shock To incorporate
into the penalty

D ibes the i
GDP Growth, Change escribes the inverse loss function ~ Helps minimize overfitting and

) relationship between .
Okun’s Lawin Unemployment P enhances generalization in data-

(percent), Coefficient GDP growth and driven models.
unemployment.
Policy Interest Rate, =~ Connects the policy rate Improves forecast clarity and
Taylor Rule Inflation, Target to inflation and fiscal aligns model responses with
Inflation, Fiscal Deficit balance macroeconomic policy logic.

3.2. Data and Experimental Design

3.2.1. Data Sources, Frequency, and Preprocessing

The dataset used in this study includes three major macroeconomic indicators of Mongolia: (i)
the inflation rate (percentage change compared to the same quarter of the previous year), (ii) the real
quarterly growth rate of Gross Domestic Product (GDP) (percentage change compared to the same
quarter of the previous year), and (iii) the exchange rate of the Mongolian Togrdg against the U.S.
dollar (MNT/USD) (percentage change compared to the same quarter of the previous year). These
indicators were chosen because they play a vital role in representing Mongolia's overall
macroeconomic dynamics and serve as the primary input variables in the forecast model. All data
were sourced from the official database of the National Statistics Office of Mongolia (NSO).

Frequency and Coverage: The dataset spans Q1 2015 to Q4 2024, totaling 40 quarterly
observations. Since both inflation and GDP are reported quarterly, monthly exchange rate data were
averaged into quarterly values to maintain consistency across variables.

Additionally, supply-side and external shock indicators were included as binary dummy
variables (0 or 1) based on qualitative assessments from the IMF Country Reports and the Bank of
Mongolia’s Inflation Review. These binary variables indicate whether structural or policy-related
shocks affect inflation and macroeconomic dynamics.
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Seasonality and Stationarity Characteristics: Seasonal patterns were identified in both the
inflation and GDP series. However, to determine whether the proposed model can internally capture
seasonal structures through its latent state representation, no explicit seasonal adjustment was
applied. In other words, specific latent neurons within the model were allowed to learn seasonal
frequencies automatically, a property previously noted as an advantage of deep learning—based
models such as DeepAR, which can automatically detect seasonality.

To address non-stationarity, the level series were differenced to achieve stationarity. For
example, the first difference of the logarithm of the exchange rate indicates the rate of change in the
exchange rate and exhibits stationary behavior. Inflation and GDP growth were already expressed as
percentage rates and are therefore considered stationary by definition.

Training—Validation-Testing Split: The dataset was divided into three chronological subsets.

e  Training set: 2015Q1-20210Q4
e  Testing set: 2022Q1-20220Q4
e  Validation set: 2023Q1-2024Q4

The last 12 observations, spanning 3 years, were set aside as unseen test data to evaluate the
model’s generalization. Model hyperparameters and weights were optimized on the validation set
by minimizing the total loss. Afterward, the model was retrained on the combined training and
validation datasets, and its final performance was assessed on the independent test set.

Figure 1 shows the decrease in training and validation errors before the main forecasting
analysis. As seen in the graph, the Transformer model has the largest drop in both training and
validation loss, indicating better convergence. This suggests that the Transformer architecture
provides the best predictive performance among the models tested. Conversely, the LSTM model
shows relatively higher loss values, which contributed to the increased overall error seen in the

Hybrid model.
Table 2. Sample of the Dataset.
date inflation unemployment gdp_growth exchange_rate
2015-1Q 0.09 0.074 0.783055156 1.372712289
2015-2Q 0.08 0.078 1.338679575 1.44261401
2015-3Q 0.06 0.063 1.064218779 1.381228451
2015-4Q 0.02 0.083 0.979355433 1.351380719
2016-1Q 0.01 0.116 0.740660344 1.301613132
2016-2Q 0.02 0.104 1.360756276 1.341903236
2016-3Q 0.00 0.094 0.995313949 1.44145711
2016-4Q 0.01 0.086 1.109529387 1.601116992
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Training and Validation Losses
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Figure 1. Training and Validation Loss.

4. Results

The forecasting results from the Deep Learning-based State-Space Model (DL-SSM) were
compared with those from the VARX-Ridge model, as shown in Figure 1. Both models were trained
on data from 2015 to 2023, and forecasts were made for the validation year (2024) and the forecasting
horizon (2025).

The error metrics—Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE)—
showed values of 0.0093 and 0.0122 for inflation, 0.0123 and 0.0136 for unemployment, 0.0952 and
0.1159 for GDP growth, and 0.0207 and 0.0268 for the exchange rate, respectively. These results
suggest that the proposed model produced forecasts closely aligned with the actual data,
demonstrating low deviation across all variables.

Both inflation and unemployment forecasts closely matched the observed values, whereas GDP
growth and exchange rate projections exhibited greater variability. This is likely due to these
indicators being more sensitive to external and internal shocks. Notably, the current model does not
include exogenous variables such as coal, copper, and steel price indices, nor global geopolitical or
financial shocks, such as the U.S.—China trade conflict, the Russia—Ukraine crisis, and stock market
volatility, which could strengthen the model's robustness and explanatory power.

Figure 2 shows quarterly forecasts for four main macroeconomic indicators of Mongolia—
exchange rate, GDP growth, inflation, and unemployment—for 2025, along with their baseline and
confidence intervals. The results indicate that the LSTM, Transformer, and Hybrid models produce
similar forecasts, all outperforming the benchmark VARX model. First, inflation is expected to rise
modestly throughout 2025. While the VARX model predicts slightly higher inflation levels than the
deep learning models, the other three architectures offer similar results, showing a quarterly growth
rate between 5% and 8% compared to the previous quarter. Second, the unemployment rate is
forecast to decline steadily during 2025. Although the LSTM model displays greater volatility in its
predictions, the consistently low inflation rate suggests a stable labor market, with unemployment
likely fluctuating between 8.9% and 8.2%, indicating gradual improvement in employment
conditions. Third, GDP growth is projected to start at 1.03% in Q1 2025, slightly increase to 1.06% in
Q2, dip temporarily to 1.03% in Q3, and then recover to 1.07% in Q4. These quarterly changes remain
within the model’s confidence interval, signaling cyclical but steady growth momentum. Fourth, the
exchange rate (MNT/USD) is forecast to appreciate slightly early in 2025, with moderate increases in
Q1 and Q2, followed by a stronger upward movement in Q3. The wider confidence interval in Q3
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indicates a higher likelihood of a short-term spike, whereas a gradual upward trend is expected for
the remainder of the year.
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Figure 2. Forecasts of Key Macroeconomic Indicators for 2025 with Confidence Intervals.

Overall, these results indicate that Mongolia’s economy in 2025 is likely to see stable growth,
moderate inflation, a gradual drop in unemployment, and a slightly weakening currency. However,
the relatively wide gap between the p10 and p90 confidence intervals underscores the influence of
external uncertainties and policy rate changes, which can generate volatility in key macroeconomic
indicators.

5. Conclusionw

This study presents a novel state-space deep learning model that combines economic theory
with deep learning techniques to provide a more realistic and interpretable approach to forecasting
Mongolia’s macroeconomic trends. Using quarterly macroeconomic data from 2015-2024, the model
captures the relationships among key indicators—such as inflation, unemployment, GDP growth,
and the exchange rate—while incorporating theoretical links from the Phillips curve, Okun’s law,
and the Taylor rule. This integration ensures consistency with economic theory and enhances the
forecasting method's explanatory power.

Empirical results show that deep learning-based models, particularly those employing
Transformer and LSTM architectures within a state-space framework, outperform traditional ARIMA
and VAR models in short- and medium-term forecasting accuracy, with MAPEs of 3.7-5.2%. These
results confirm that the proposed model is more responsive to shifts in the business cycle, policy
changes, and external shocks. Additionally, including a theory-guided penalty loss allows the model
to gently constrain relationships such as inflation-unemployment and policy rate—output gap links,
thereby improving interpretability and boosting theoretical consistency, marking a significant
methodological advance.
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The model’s forecasts for 2025 indicate a moderate depreciation of the exchange rate, inflation
rising within the 6-8% range, a gradual decline in unemployment, and sustained medium-level GDP
growth. These results suggest that Mongolia’s economy is likely to undergo steady recovery
throughout 2025, while highlighting the importance of monitoring external uncertainties —including
export prices, global demand, and capital flows—that could impact macroeconomic stability and
policy effectiveness.

This study makes three key contributions at both theoretical and practical levels:

e Innovation in Theoretical Integration: By incorporating fundamental macroeconomic equations
into the deep learning architecture through a penalty loss mechanism, the study creates a theory-
consistent and interpretable Al framework for macroeconomic forecasting.

e  Quantification of Uncertainty: Using probabilistic forecasting and confidence intervals, the
model allows for quantitative assessment of uncertainty caused by external shocks and policy
changes, thus enhancing the robustness of macroeconomic predictions.

e Policy Decision Support: By systematically connecting indicators such as business cycle
dynamics, the inflation—unemployment trade-off, and policy rate adjustments, the model offers
a practical tool to improve coordination between fiscal and monetary policy decisions.

Therefore, the findings of this research significantly contribute to scientific policymaking in
Mongolia, particularly by improving fiscal-monetary coherence, enhancing high-accuracy
macroeconomic forecasting, and reducing external uncertainty in policy decisions. Future research
should build on this framework by incorporating trade, financial flows, and industrial cycle data into
an expanded hybrid model, thereby improving the rigor and explanatory power of national economic
forecasts.

Appendix A Diagram of the Research Model
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Appendix B. Residual Time Series of Inflation from the Trained VARX Model

Inflation residuals over time (in-sample design window)
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Appendix C. Validation of Inflation Forecasts from the VARX Model
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Table 3. Summary of Reviewed Literature.
L/DL
Model / . Theoretical Basis / . M ﬂ)' Reviewed
Period . Advantages Limitations Integration
Framework Architecture . Source
Potential
ML + Economic Focused only on
monotonicity Theory-compliant ML monotonic Yes
Monotonic ML 2020s (theoretinil ‘with .parFial cons'traints; W(?ak (Supervised, Lin et al.
monotonic explainability; improves  policy scenario artial) (2025), SSRN
relationship as forecasting accuracy  design; lacks multi- P
regularization) constraint flexibility
Neoclassical Strong theoretical Weak in data-driven
dynamic foundation; effective for uncertainty; limited in Kydland &
DSGE 1980s optimization policy simulation; ~ nonlinear dynamics; No Prescott
(equilibrium-based, explains Pareto-efficient ~computationally (1982), JSTOR
technology shocks) fluctuations intensive
tock-fl 1
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consistent, Post- . . mathematical Godley &
i linkage; suitable for L. X
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e policy simulation . .
equilibrium nonlinear extensions
Weak constraints;
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Global VAR g 5 interpretability; Pesaran et al.
GVAR 2000s global spillovers and . No )
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Causal + ML (causal Theory-regularized ML; constraint simulation;

1 Yes (Partial, Zh
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Effective for visual and
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Model trend extraction . uncertainty with CNN
nonlinear macro trends P
quantification (2025)
Strong in capturing . . Recursive DL
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