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Abstract

Inflation forecasting is one of the most important issues for the
economies of countries, As the existing literature suggests, hybrid
models will bring better prediction accuracy due to attention to both
linear and non-linear dimensions. Furthermore, the use of ARDL
model can include lags of other variables in tandem with having linear
features. It should also be noted that LSTM models have a forgetting
gate due to their non-linear estimation characteristics, and they can
incorporate data with very distant lags in the model. Therefore, the
combination of these two models can significantly improve the
prediction accuracy. Accordingly, attempts have been made in the
current study to compare ARDL, NARX, LSTM and ARDL-D-LSTM
models with one another and to introduce a suitable model for
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predicting Iran's monthly inflation rate in the short-term and long-term
time horizon. After estimating the monthly inflation rate of Iran in the
period of 4/21/2005 to 8/22/2018 and testing the model on the data for
the period of 9/22/2018 to 12/21/ 2020 it was found that the NARX
model and the ARDL-D-LSTM hybrid model performed well
respectively for short-term time horizon and the long-term horizon
according to the RMSE criteria.

1. Introduction

Researchers always seek to select a model that minimizes the prediction
error to forecast the future of economic variables accurately, which is
crucial for properly effective management. Among the various
economic variables, inflation rate is of utmost importance in evaluating
macroeconomic performance. Data analysis methods can be classified
into structural and non-structural approaches. Considering the non
linearity of macroeconomic indicators due to the shocks caused by
economic cycles, it is often more effective to estimate these indicators
with non-linear models. Hence, relying solely on linear models to make
predictions may not yield completely accurate results when modeling
economic policies. Numerous studies have emphasized the importance
of developing models that can capture both linear and non-linear
aspects of time series data. The present study aimed to compare
different modeling approaches for forecasting the inflation rate.
Specifically, the study focused on the following models:
Autoregressive Distributed Lag (ARDL) as a linear and structural
model, Nonlinear Autoregressive Exogenous (NARX) as a non-linear
and structural model, Long Short-Term Memory (LSTM) as a non-
linear and non-structural model, and ARDL-D-LSTM as a hybrid
model that incorporates both linear and non-linear components and is
theoretically supported by the inflation rate. The study also relied on
other macroeconomic variables. The ARDL model was used because it
allows for the inclusion of economic variables in forecasting inflation.
The research actually paid special attention to the theoretical
foundations of inflation and other economic variables.
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2. Materials and Methods

In the econometric literature, non-structural models were the first
approach used to predict the inflation rate. These models were
originally presented in the form of simple linear differential equations
in the 1920s, providing a robust framework for modeling and
forecasting various economic variables. The development of the
Autoregressive Moving Average (ARMA) model in the mid-20th
century further expanded the toolkit of non-structural forecasting
models for time series data. Subsequently, in 1955, the system of
simultaneous equations was introduced for predicting inflation. In the
late 1970s, criticism of the system of simultaneous equations by Lucas
in 1976 led to a decline in prediction based on Keynesian structural
models. In response to this criticism, two approaches emerged. The
first approach aimed to improve the accuracy of the system of
simultaneous equations by incorporating the hypothesis of rational
expectations. The second approach focused on developing non-linear
models to better capture the complexities of data. Later on, neural
network models became a powerful tool in various scientific fields,
including economics. These models are now commonly used to
forecast key economic variables such as inflation, economic growth,
stock index, taxes, etc. To improve the accuracy of these forecasts, a
combination of methods is often employed. Showing a better
forecasting performance, combined or hybrid models are generally
more practical, economical, and useful than a single model.

3. Results and Discussion

In this study, individual linear and non-linear models were analyzed,
followed by the analysis of the hybrid model. Economic theories were
used in the case of ARDL and NARX. The method of each econometric
model and artificial neural network were used to obtain coefficients and
weights for the models. Concerning non-structural models, a Vanilla
LSTM model was used. Finally, in the case of hybrid models, the
research developed the ARDL-D-LSTM model by nonlinearly
estimating the disturbance components of the ARDL-D. Applying the
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Hodrick-Prescott filter in the linear estimation of ARDL was effective
in capturing the unique characteristics of Iran’s inflation, including the
sudden and excessive shifts in the equilibrium point of the model. The
stability of the coefficients in ARDL was assessed through the CUSUM
and CUSUMSQ statistics. All time series used in the seasonal and
monthly modeling were valid, and suitable conditions were met for
fitting the models. After estimating and forecasting the monthly
inflation through the RMSE criterion, the study evaluated the
performance of ARDL-D, NARX, LSTM, and ARDL-D-LSTM models
for short-term (3-6 months) and long-term (12—24 months) horizons.
The NARX model showed good performance in short-term forecasting
of Iran’s monthly inflation, while the ARDL-D-LSTM model
performed well in long-term forecasting.

4. Conclusion

Incorporating the theoretical foundations of the inflation variable is
essential in accurately predicting the inflation rate. In this respect, four
influential variables were included in the model: 1) growth of the
volume of liquidity, 2) growth of the monthly exchange rate, 3) growth
of government debt to the central bank, and 4) growth of gross
domestic income.

The ARDL and NARX models, which were developed based on the
selected variables, as well as ARDL-D-LSTM, demonstrated good
performance in predicting inflation. For other economic indicators
with high volatility, such as those related to the investment sector
(e.g., stock market index, asset prices, and risk forecasting), the
ARDL-D-LSTM model could potentially be used. Considering the
various types of linear and non-linear models and optimization
algorithms, there are still many high-performance hybrid methods that
researchers can use to enhance the accuracy of economic forecasting.
This opens up opportunities for future research in this field.
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