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ABSTRACT

The CPI attempts to quantify the overall price levels of goods and services in an economy
and to measure the purchasing power of a respective country's currency unit. The CPI is
used in the calculation of many key economic indicators that require country's unit of
currency measures, including estimates of income, earnings, productivity, output, and
poverty. Thailand's CPI shows an upward trend. This study designed to forecasts the CPI
of Thailand. Monthly CPI data of Thailand for the period of May 2012 to October 2021
were obtained from the International Monitory Fund (IMF) database. Auto-Regressive
Distributed Lag Model (ARDLM), Double Exponential Smoothing (DES), and
Autoregressive Integrated Moving Average (ARIMA) models were tested to forecast the
CPI of Thailand. Auto Correlation Function (ACF), Anderson Darling test and Ljung-
Box Q (LBQ) test were applied to test the model assumptions. The relative and absolute
measurements of errors were applied to assess the forecasting ability of the model.
Results of the study revealed that the ARDLM with lags 1 and 2 is the most suitable
model to forecast the CPI of Thailand. The future values of the CPI can be forecasted by
the value of the last month and the month before. It is strongly recommended to design
more studies on modeling the CPI for other countries furthermore.
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1. INTRODUCTION

1.1 Background of the Study

The average change in the prices over time that consumers pay for a basket of goods and
services of a specific country or a province is measured by the Consumer Price Index
(CPI) (Fernando, 2021). The prices of goods and services are often changed due to the
different dynamic situations within the country. The price changes depending on the
effectiveness of economic policies, changes in government, national policies and various
other factors, including natural disasters.

CPI indicates whether the economy of a country is experiencing inflation, deflation, or
stagflation (Fernando, 2021). Inflation is a general increase in prices and a fall in the
purchasing value of money. It will be further classified as Demand-Pull Inflation and
Cost-Push Inflation (Hall, 2021). Demand-pull inflation, or the increase in aggregate
demand, is categorized by the four sections of the macro economy: households,
businesses, governments, and foreign buyers (Hall, 2021). Cost-push inflation, or the
decrease in the aggregate supply of goods and services stemming from an increase in the
cost of production (Hall, 2021). Deflation is a reduction of the general level of prices of
goods and services in an economy and Stagflation is a situation where the rate of inflation
is high, the rate of economic growth is slowing down, and unemployment remains
consistently high. Changes in the CPI are used to assess price changes associated with
the cost of living (Fernando, 2021).

The CPI covers a variety of individuals with different incomes, including retirees, but
does not include certain populations, such as patients of mental hospitals (Fernando,
2021). The CPI attempts to quantify the overall price levels of goods and services in an
economy and to measure the purchasing power of a respective country's currency unit
(Fernando, 2021). The weighted average of the prices of goods and services that
approximates an individual's consumption patterns is used to calculate CPI (Fernando,
2021).The CPI is used in the calculation of many key economic indicators that require
country's unit of currency measures, including estimates of income, earnings,
productivity, output, and poverty (Kenneth et al, 1999).

Thailand holds the 26" highest GDP in 2021 according to the IMF statistics. Its value is
US$ 538.735 million. The GDP highly influences the CPI under any circumstances.
Thailand's CPI shows an upward trend according to statistics from the International
Monitoring Fund (IMF).

1.2 Research Problem

The increasing behavior of the CPI shows an increasing price of the basket of goods and
services in Thailand. It may lead to inflation. Therefore, it is essential to predict the CPI
of Thailand.
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1.3 Objectives of the Study
To forecast the Consumer Price Index of Thailand

1.4 Significance of the Study

The results of the study give insight into the effectiveness of the economic policies and
their performances. The findings of the study would guide the imposition or revision of
monetary policies, fiscal policies, and other price controlling strategies to increase
consumer confidence in Thailand. The results of the study would be a lighthouse for
investment decisions of local and foreign investors, technology, and other innovations to
gain optimum benefits. For example, the stock prices of the energy sector will increase
due to the rise of energy prices. The share prices of the energy companies will increase
due to inflation (The Investopedia Team, 2021). Homebuilding is another example of
investment decisions. Further, it is a guide to increase the production, including the
substitutes, and create new demand of the consumers. The results of the study would be a
useful guide for financial planning in the public and private sectors. It is essential for the
banking and finance sector in order to keep their investments profitable. The results of
the study would be another guide for the creation and evaluation of monetary policies to
protect their industries. It is another guide to calculate expenditures accurately in business
and minimize the production and overhead cost to increase the profit margin. They can
prepare their potential needs in wage shifts and necessary adjustments in human capital
and resource, downsizing, outsourcing etc.

2. LITERATURE REVIEW

The review of the study focused on CPI modeling research activities. Stochastic models
and soft computing techniques have been applied for the aim.

2.1 Studies Based on Modeling CPI

Konarasinghe (2021-a) has applied Sama Circular Model (SCM), Holt-Winters’ additive
and multiplicative models, and Seasonal Auto-Regressive Integrated Moving Average
(SARIMA) to forecast CPI of USA. Holt-Winters’ additive model is the most suitable
one for the aim. Djami et al (2021) have applied the Auto-Regressive Integrated Moving
Average (ARIMA) model to forecast the CPI of Ambon city of Indonesia. Shinkarenko et
al (2021) have applied ARIMA and Holt-Winters’ to forecast the CPI of Ukraine.
Konarasinghe (2021-b) has applied Double Exponential Smoothing (DES) to forecast the
CPI of the USA. Purbasari et al (2020) have applied ARIMA and Artificial Neural
Network (ANN) to predict the Indonesian CPI. The results of the study revealed that the
ANN outperformed ARIMA. Konarasinghe (2020) has applied Auto-Regressive
Distributed Lag Model (ARDLM) to forecast the CPI of Thailand. Aabeyir (2019) has
applied Simple Exponential Smoothing (SES), DES, and Winters’ additive and
multiplicative models to forecast the CPI of Ghana. The results of this study revealed that
Winters’ multiplicative model performed better than other models.
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Jere et al (2019) have applied Error Correction Model (ECM) and ARIMA to forecast the
CPI of Zambia. The results of the study revealed that ECM is the most suitable for this
purpose. Nyoni (2019-a) has applied ARIMA to forecasting the CPI of Mauritius.
Konarasinghe, W.G.S. (2019-a) has applied the SCM and ARIMA on the forecasting CPI
of India and found that SCM performed better than ARIMA. Nyoni (2019-b) has applied
ARIMA to model the CPI of Germany. Singla et al (2019) have applied Holt-Winters’
additive and SARIMA model to forecast the CPI of India. The performances of both
models were satisfactory level. Sinha et al (2018) have applied Neural Network Models
to forecast the CPI of India. Gjika et al (2018) have applied SARIMA and Multiple
Regression model to forecast the CPI of Albania. The results revealed that SARIMA
outperformed Multiple Regression. Ambukege, et al (2017) have applied Neuro-Fuzzy
modeling for forecasting the CPI of Tanzania. Norbert et al (2016) have applied ARIMA
to model the CPI of Rwanda. Kharimah et al (2015) has applied ARIMA to forecast CPI
of Bandar Lampung City, Indonesia from 2009-2013. Adams et al (2014) have applied
ARIMA to model CPI of Nigeria. Alibuhtto (2014) applied the Vector Auto-Regressive
(VAR) model to predict the Colombo Consumer Price Index (CCPI) of Sri Lanka. Zhang
et al (2013) have applied ARMA to forecast the CPI of China.

The ARIMA was highly applied to model CPI. Besides, SARIMA, ARDLM, ECM, DES,
SCM, SES, VAR, Holt-Winters’ and Multiple Regression were other stochastic models
applied for the aim. Some researchers have applied soft computing approaches. ANN and
the combination of ANN and fuzzy logic were a few of them. They were highly
successful in forecasting CPI. The review of the study revealed that SCM, ECM, Holt-
Winters” and ANN outperformed ARIMA on a few occasions. The model validation and
the verification part was not clear in a few studies.

3. METHODOLOGY

Monthly data of CPI of Thailand for the period of May 2012 to October 2021 were
obtained from the International Monitory Fund (IMF) database. The behavior of the data
series paves the path for the model selection to forecast CPI of Thailand (Konarasinghe,
2016-a; 2016-b); and (Konarasinghe, W.G.S., & Abeynayake, 2014). The data series
could be included seasonal, cyclical, trends, heavy and minor volatility within the
period.(Konarasinghe, W.G.S. & Abeynayake, 2014). The data series would follow an
irregular wave-like pattern with; constant amplitude, increasing amplitude, decreasing
amplitude, or a mix of them due to the various behaviors (Konarasinghe, W.G.S., &
Konarasinghe, 2021). The behavior of the data series is recognized by the ACF and the
time series plots, as done by Konarasinghe, W.G.S., & Abeynayake (2014). As per the
behavior of the data series, ARDLM, DES, and ARIMA models were tested to forecast
the CPI of Thailand. ACF, Anderson Darling test, and Ljung-Box Q (LBQ) test were
applied to test the model assumptions (Konarasinghe, W.G.S., et al, 2015). The
forecasting ability of the model asses by three measurements of errors, as per
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Konarasinghe, (2018; 2016-c; 2015-a; 2015-b).They are; Mean Absolute Percentage
Error (MAPE), Mean Square Error (MSE), and Mean Absolute Deviation (MAD)
Konarasinghe, (2018; 2016-c; 2015-a; 2015-b).

3.1 Auto Regressive Integrated Moving Average (ARIMA)

ARIMA modeling can be used to model many different time series, with or without trend
or seasonal components, and to provide forecasts (Box & Jenkins, 1970); (Box, &
Jenkins, 1976). The model is as follows;

An ARIMA model is given by:
#(B)1-B)"y, = 0(B)s,
Where; ¢(B) =1-¢B—¢,B*...4,B"
6(B)-1-6,B—0,B%.....0,B" (1)

g, =Error term
D = Differencing term

B = Backshift operator (B?Y, =Y, ,)

3.2 Double Exponential Smoothing (DES) Model

This model uses a second smoothing constant, fto separately smoothly the trend
DelLurgio, (1998). DES model further adjusts each smoothed value for the trend of the
previous period before calculating the new smoothed value DelLurgio, (1998). DES
model is implemented using the following equations:

Si=aY, +(L-a)(S,, +b,_,) (2-1)
b, =B(S; —S.,)+(1-pb, (2-2)
Fo.m =S, +bm (2-3)

where
a = level smoothing constant
St = smoothing level at end of period t
S = trend smoothing constant (called Beta)
bt = smoothed trend in period t
m = forecast horizon
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3.3 Auto-Regressive Models and Distributive Lag Model

Theoretically, distributed lags arise when any cause-effect only after a period of time
between one event and another (lag) in time, so that the effect doesn't feel all at once at a
single point in time but is distributed over a period of time. Chen (2010) defines that the
regresses may include lagged values of the predictive variable and current and lagged
values of one or many predictive variables. This type of model included the lagged values
of the predictive variables.

3.3.1 Auto-Regressive (AR) Models

The lagged values of the predictive variable included in AR models. This model included
one or more lagged values Chen (2010); Konarasinghe, W.G.S. (2016); DelLurgio,
(1998). This type of models called Auto—Regressive Model .The Auto Regressive Process
{Y:} of order p has the model;

p
Yo=C+) DY +¢
®3)
3.3.2 Distributed Lag (DL) Models
This type of models included the lagged values of the predictive variables. If the length of
the lag is defined, it is known as ‘Finite Distributed Lag Models’ (Gujarati et al, 2012). If

the length of the lag is undefined or unknown, then it is known as “Infinite Distributed
Lag Models’ (Gujarati et al, 2012).

Yo=a+ By X  + B X, ++ B, X, +U, (4)

3.3.3 Auto Regressive Distributed Lag Model (ARDLM)
These models included lagged values of all predictive variables (Gujarati, et al, 2012).

Y=o+ B X4+ B X, ++ B X+ Xy +AX L+ + A4, X, +U, 5)

4. RESULTS

The analysis contains two main parts:

4.1 Pattern recognition of CPI of Thailand.
4.2 Forecasting CPI of Thailand.

Copyright: © 2022 IMM
ISSN 2719-2407 (Online) 6



4.1 Pattern Recognition of CPI of Thailand
Figure 1 is the time series plot of CPI of Thailand for the period of May 2012 to October

2021. The pattern of the CPI shows increasing and declining trends with minor
fluctuations. After, February 2020 there is a decade till April 2020. Thereafter,
exponential growth has been observed till August 2020. An increasing trend with minor
fluctuations continued afterward.

Figure 1: Time Series Plot of CPI of Thailand
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Figure 2 is the ACF of the CPI. It shows a trend but cannot identify any significant
seasonal behaviors. There are few significant lags, confirmed the weak stationary of the

series.

Figure 2: ACF of CPI Figure 3: Plot of 1% Difference of CPI
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Figure 3 has shown the first difference series of CPI. Figure 2 shows the stationary along
with a few significant spikes. This is suitable to pick and apply the ARDLM and
ARIMA. Besides, DES is another suitable approach for the aim. Hence, ARDLM,
ARIMA, and DES models were selected to forecast the CPI of Thailand by considering
the behaviors of the data set.
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4.2 Forecasting CPI of Thailand
The ARIMA model was tested initially. The results given in Table 1.

Table 1: Model Summary of ARIMA

Model Model Fitting Model Verification
MAPE 0.040658 MAPE 0.276614
ARIMA (1,1,0)
MSE 0.000005 MSE 0.000245
MAD 0.001915 MAD 0.013056
Normality P=0.288
Independence of Residuals | Yes

ARIMA (1,1,0) satisfied all model validation criteria of normality and the independence
of the residuals. This model included 1 autoregressive parameter, with one difference. It
means, the future CPI values can be forecasted by past CPI values. The measurements of
errors were very low under the fitting and verification. Actual vs fits of ARIMA (1,1,0)
are shown in Figure 4. The fits of the CPI follow an analogous pattern of the actual series
with the least deviation. Figure 5is the actual vs. forecast of ARIMA (1,1,0). The
deviation between actual and forecast is satisfactorily low. But, the forecast does not
follow the pattern of the actual series.

Figure 4: Actual vs. Fits of ARIMA Figure 5: Actual vs. Forecast of ARIMA
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DES model was tested after ARIMA with different weights bases on trial and error
method. The model summary of DES is given in Table 2.
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Table 2: Model Summary of DES

Model Model Fitting Model Verification

o (level) 0.904 | MAPE 0.054018 | MAPE 0.151509

y(trend) 0358 "mAD 0.002542 | MAD 0.007157
MSE 0.000012 | MSE 0.000129

Normality P=0.129

Independence | Yes
of Residuals

The fitted DES model of «:0.904 and »:0.358 model satisfied the model validation
criterion of normality and independence of residuals. The model performances are quite
similar to ARIMA model. Actual vs fits of fitted DES are shown in Figure 6. An
analogous pattern of the actual series and fits has been observed with the least deviation.
Figure 7 is the actual vs. forecast of the DES model. The pattern of the forecast does not
follow the pattern of the actual series. But the deviation is less. The behavior of DES and
ARIMA is similar in forecasting the CPI of Thailand.

Figure 6: Actual vs. Fits (DES) Figure 7: Actual vs. Forecast (DES)
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The ARDLM runs with 7 lags. The number of lags is decided from the significant spikes
from ACF in Figure 2. Two lags were significant at the end of the fitting process. The
model summary of ARDLM with lag 1 and 2 is given in Table 3. The fitted ARDLM has
satisfied all validation criterion. The residuals of the model have confirmed the normality
and the independence. The forecasting ability of ARDLM is extremely high. The
measurement of errors was very low under the fitting and verification.
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Table 3: Model Summary of ARDLM

Model Model Fitting Model Verification
MAPE 0.038844 | MAPE | 0.112304
Y, =0.227 +1.325Y, , — 0.373Y,,
MAD 0.001830 | MAD 0.005303
MSE 0.000005 | MSE 0.000059

Normality P=0.216

Independence | Yes
of Residuals

The behavior of the actual CPI values vs fits of ARDLM is shown in Figure 8 and the
actual vs forecast in Figure 9. The pattern of the fits and actual follow an analogous
pattern with the very least deviation. Figure 9 is the actual vs. forecast of ARDLM. The
deviation between actual and forecast is highly satisfactory. An analogous behavior has
been observed between the actual and forecast in Figure 9. The deviation is extremely
low.

Figure 8: Actual vs. Fits (ARDLM) Figure 9: Actual vs. Forecast (ARDLM)
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The model performances of Tables 1, 2, and 3 along with Figures 4,5,6,7,8, and 9 are
good pieces of evidence to suggest ARDLM is more accurate than ARIMA and DES.
The fitted model given below (6). The future behavior of the CPI of Thailand can be
forecast by the value of last month and before.

Y, =0.227 +1.325Y, ; —0.373Y,_, (6)

Model comparison of ARDLM, ARIMA and DES is shown in Figure 10. The model
comparison is another solid evidence to select ARDLM for forecasting CPI of Thailand.
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Figure 10: Model Comparison (ARIMA, ARDLM and DES)
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Figure 10 confirmed the accuracy of the ARDLM than ARIMA and DES. ARIMA shows
an over-estimation behavior, whereas DES shows dissimilar behavior with ARIMA.
Hence, ARDLM is the most suitable model to forecast the CPI of Thailand.

5. CONCLUSION AND RECOMMANDATIONS

The study has tested ARIMA, DES, and ARDLM to forecast the CPI of Thailand. These
models were selected by analyzing the past behavior of the CPI. The performances of all
three models were satisfactory. But, the performance of ARDLM was extremely high. It
was concluded that the ARDLM is the most suitable model to forecast the CPI of
Thailand.

The results of the study were similar to the previous study conducted by Konarasinghe,
(2020). The present behavior of the data series is not supporting to capture the seasonal or
the cyclical behaviors of the CPI of Thailand at this stage. It is recommended to conduct
another study later and capture any seasonal or cyclical behaviors. According to the
literature, ARIMA is the most popular and widely applied model to forecast CPI. But, in
forecasting ARIMA provides a straight line that is not capable to capture the wave-like
pattern of the actual series. Hence, it is recommended to test many techniques and pick
up the most suitable one for the aim. Finally, it is strongly recommended to design more
studies on modeling the CPI of other countries furthermore.
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