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Abstract: Research related to the carbon-emission credit-price prediction model has only considered
the effects of specific indicators, such as coal and oil prices, and only long-term prediction studies
have been conducted. Recently, carbon emission credits have been recognized as investment assets,
such as stocks and real estate. Accordingly, a carbon-emission credit prediction method is needed
to establish an industrial strategy with low risk. In this study, an attempt was made to model
the behavior of market participants in the time series model by analyzing the correlation between
the search query volume data and the Korean Allowance Unit (KAU). Multiple Linear Regression
Analysis (MRA) and Auto-Regressive Integrated Moving Average models were developed. In all
price prediction models, the error of the prediction model at the 4th time was low. In the case of MRA,
the error in the predicted near future price was small, but the error rate increased with increasing
analysis period and prediction time. The error rate of ARIMA was lower than that of MRA, but it
did not show a rapid change. These research findings will be beneficial to investigating and finding
more rigid and reliable methodologies that can be used to predict various important values in similar
fields in the future.

Keywords: K-ETS; MRA; ARIMA; emission credit; time-series data; prediction model

1. Introduction

Increasing concentrations of greenhouse gases directly impact global warming and
climate change and can increase the average surface temperature of the Earth, resulting in
environmental disasters [1]. Accordingly, the European Union emission-trading scheme
(ETS) was implemented in 2005 to reduce greenhouse gases at a minimum cost. In the EU
ETS market, 31 countries, including 28 EU countries, are currently implementing the 4th
period (2021–2030) [2]. During the 4th planning period, the EU plans to speed up emissions
reductions by setting the Linear Reduction Factor at 2.2% and 1.74% in the 3rd period [3,4].
Since the Paris Agreement in December 2015, 196 countries have aimed to submit voluntary
greenhouse gas reduction targets every five years [5,6].

The Act On the Allocation and Trading of Greenhouse gas Employment Permits
started in Korea in 2012, including the Master Plan for the Emissions Trading System
(14 January, hereinafter ‘Master Plan’) and the Allocation Plan (14 September). The KRX
(Korea Exchange located in Seoul, Republic of Korea), a carbon emission exchange market
in Korea, began emission trading in 2015 based on the allocation of emission rights in
Phase I (2015–2017) [7].

In Korea, the number of targeted companies has been increasing during the planning
period. A more than 10% increase in the auction ratio and market function is expected dur-
ing Phase III (2021–2025). Moreover, the scope of industries and the number of participants
have increased, including 3rd parties [8–12].
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In Europe and the United States, where ETS has been operating for more than a decade,
carbon emission credits have been recognized as investment assets, such as stocks and real
estate. Several studies have focused on predicting the carbon emission credits to minimize
the risk and maximize green assets [13–16]. Strategic analysts in manufacturing industries
require short- and long-term predictable carbon emission credits for the preliminary plan.
This can help establish and supplement effective environmental regulatory policies and
enforcement rules as a major indicator [17,18]. Most studies have focused on long-term
predictions rather than short-term ones. As carbon emission credits were highly weighted
in the investment market in the late 2010s, most studies showed long-term predictions based
on only a few indices rather than short-term ones [13–18]. In Korea, forced environmental
regulations against the greenhouse gas volume led to the need for more research on carbon
emission credits in K-ETS. They made the range of related industries wider [19]. The
purpose of the study was to provide investors with reliable information by minimizing the
prediction error [16,20]. Reliable predictions on carbon emission credits are essential for
carbon financial market policy, appropriate prices for carbon credits, and controlling the
carbon market [21,22].

In the case of the construction industry, the introduction of an ETS requires the volume
of carbon emission from construction equipment, which varies along with the productivity
and unit cost, the main indices in a construction plan. A reliable carbon credit via a
dedicated prediction model should be provided based on the construction plan schedule to
make carbon emission information more effective for the construction operation plan. In
Korea, the construction industry plans the operation up to four weeks. The paper presents
an effective short-term prediction based on the weekly unit rather than long-term carbon
trading price prediction and presents a research methodology based on search queries that
shows the overall phenomena and influences of society.

A carbon-emission credit is a fluctuated index in which the value changes according
to specific conditions at the time of measurement, such as the stock market. This study
hypothesized that the carbon-emission credit could be predicted by the combination of
keywords found through Internet search queries. The numerical influence of the selected
keywords describing a specific situation on carbon emission credits is constructed as a
model through MRA. This model is ultimately used as a model to predict the credit-
emission credit. In addition, the validity of the prediction methodology is presented by
applying the ARIMA methodology, which interprets this only with displacement in time,
and numerically comparing the prediction results with each other.

This study follows the framework for the development of the KAU prediction model
in Figure 1. In step 1, the data collection stage, the keyword search index of NAVER, a
portal site in Korea, and the KAU data were used. In steps 3 and 4, two methodologies
were applied. One is MRA for predicting specific index, and the other is ARIMA, a time
series analysis method.
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2. Literature Reviews
2.1. Literature Reviews Relevant to the Prediction of Carbon Emission Credit

Research on carbon emission credit predictions has been conducted since the early
2010s. These studies are meaningful early studies attempting to predict carbon emission
credits in the EUA (European Union Allowance) [13,14,23–27]. In these studies, specific
indicators within one particular temporal range were set as independent variables, and the
relationship with carbon emission credits was presented. After selecting several indicators
that are strongly related to carbon emission credits, such as natural gas, coal, and stocks, a
predictive model was presented through correlation analysis with carbon emission credits,
or MRA due to correlation analysis, and time series analysis considering only the time
trends [13,23,26,28–30].

Since then, many studies have been conducted to predict the non-linear pattern of
carbon emission credits using ANN (Artificial Neural Network) in a hybrid form. Sun, W.
and Huang, C. (2020) predicted carbon emission credits by presenting a hybrid model, in
which the decomposition algorithm and backpropagation neural network (BPNN) were
used in combination. In this study, the time-series data of the trading price was applied as
a training dataset and test dataset, and the difference between predictive value and actual
value was presented through Mean Absolute Percentage Error (MAPE), Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), and goodness of fit (R2) [16]. Hao et al.
(2020) reported the good predictive effectiveness of the developed model by comparing
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the predictive power of the developed hybrid model with individual predictive models,:
general regression neural networks (GRNN), backpropagation neural network (BPNN), and
Extreme Learning Machine WRELM (Weighted Regularized Extreme Learning Machine),
with carbon price time-series data through a hybrid model based on feature selection
and multi-objective optimization algorithm [31]. A previous study developed a weekly
price prediction model for carbon credits using oil price data and derivatives. A hybrid
prediction model based on bridge regression, ANN algorithm, and a genomic algorithm was
constructed to predict and confirm the improved prediction of carbon emission [21]. The
carbon trading price is irregular, complex, and influenced by many microscopic factors [16].
In the case of previous studies, however, the prediction model was influenced by a simple,
specific index representing the market price, such as oil price and coal price. The Certified
Emission Reduction (CER) with direct correlation through EUA and swap transaction
was designated as a variable [17,28]. This study compared the predicted values through
the predictive model and the explanatory power of the model through MAPE, R2, and
RMSE, suggesting that the proposed model is effective, robust, and can predict carbon
prices more accurately [16]. On the other hand, previous studies attempting to analyze
and predict carbon emission credit data using time series data or simple price indicators
did not include microscopic and macroscopic factors that affect the trading prices, such
as market participant behavior. They also have a limitation on the diversity of variables
used in the analysis [32]. Lamphiere et al. [33] suggested quite promising trend prediction
results of the European Union Emissions Trading Scheme futures market based on data of
the Intercontinental Exchange from 2005 to 2019. The study developed an indicator that
can explain the short-term behavior of future behavior. The Fractal Market Hypothesis has
been demonstrated to deduce the likelihood of the market becoming a bear or bull trend.
Therefore, the proposed study attempted to consider the factors affecting the trading price
by increasing the diversity of variables used in the analysis and using multiple variables
considering the behavior of market participants. Recent studies reported that generalized
autoregressive conditional heteroscedasticity (GARCH) models could be effective tools
for understanding the behavior of data, such as the European carbon futures prices and
the three fossil energy prices (coal, natural gas, and Brent oil) [34,35]. Zhang and Sun [34]
conducted a study using GARCH models and compared the effects of different markets on
each other, such as the coal, carbon, and natural gas markets. Wei and Can [35] integrated
Empirical Mode Decomposition (EMD) with GARCH to forecast the carbon price. Wei and
Can analyzed five different pilots and employed eight simulation scenarios. They suggested
an alternative interval of the carbon price benchmark within the targeted boundary of
30 yuan/tCO2 to 50 yuan/tCO2 in China. Zhibin and Shan [36] employed Fractional
Brownian Motion (FBM) and GARCH to predict the carbon option prices in China. The
study stated that GARCH models could compensate for the lack of fixed FBM volatility.
The study analyzed the European Energy Exchange option contracts for price prediction
and employed GARCH to determine the return volatility to be used in FBM for forecasting
prices for the next 60 days. Loperfido [37] indicated the problem of outlier detection
in financial time series data and achieving maximal kurtosis, which is useful for outlier
detection in multivariate datasets. The study showed that in GARCH models, the problem
of kurtosis maximization is simplified to an ordinary eigenvalue problem. On the other
hand, it also makes it very complicated when conducting multivariate GARCH analysis due
to the extremely high number of parameters. Yun et al. [38] suggested a new hybrid model,
NAGARCHSK-GRU, with better accuracy and robustness for forecasting carbon price than
ordinal prediction models. Those recent studies illustrate a branch of the literature using
GARCH and hybrid models for analyzing correlations and predicting carbon emission
prices. Future studies should employ GARCH models for KAU analysis and comparisons
with the method suggested in this paper. This study performed a prediction using search
volume data as a variable considering the behavior of market participants and presented a
carbon trading price model with high predictive power by reflecting the time lag on the
independent variable.
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2.2. Search Queries-Based Prediction

Ginsberg (2009) showed that tracking influenza-like illness in a population is possible
by analyzing the search query data provided by Google using raw data and proposed
predictions of social behavior using search query data [39]. In addition, Da et al. (2011)
and Joseph et al. (2011) showed that the online ticker search intensity could predict future
abnormal stock returns and trading volumes [40,41]. Han et al. (2018a) analyzed the
housing price index using the search volume of search terms related to the housing price
index. They developed a predictive model that showed the statistical significance of web
search volume as a variable in the predictive model [42]. As shown in the literature, the
search volume acts as a social factor that affects the economic trends, and a big data analysis
method using search terms was efficient. It could be applied to the predictive analysis of
this study [39,42–44]. Before applying the methodology, it is necessary to collect appropriate
raw data for analysis, and research on how to collect data should be conducted. Accordingly,
in this study, search terms and search volume data were collected from NAVER, the most
widely used search engine in Korea (66.46%) for nearly four years [45]. The search volume
data were collected from the Naver Data Lab, and the search volume figure is a relative
value and is displayed as a maximum of 100 in the inquiry agency [46].

3. Analysis Method
3.1. Multiple Linear Regression Model

This study used the regression equation derived by applying Time Lag to proceed
with MRA using the time series data as a predictive model and tried to confirm the factors
affecting the trading price and the quantified influence through the model derived from
MRA. Equation (1) shows the formula of MRA with time lag [47]:

yt = β0 +
n

∑
i=1

βixi,t−a + εt (1)

where yt: dependent variable, β0 : constant value, xi : independent variables, βi : coefficient
of independent variables, t : predictive date, a : time lag, and ε : residual

Nam et al. (2012) measured the next month’s oyster price prediction for oyster items
produced by an operation. In the prediction, an MRA model was developed by checking
the variables that could affect the drop-off from the oyster producer price of the Tongyeong
National Federation of fisheries cooperatives and considering the time lag of the five
variables deemed most suitable as the previous month and six months ago. Compared to
other time series models, there was little error between the actual and predicted values [48].

Previous studies that derived a prediction model through MRA by applying time
lag to time series data proved the effectiveness of the methodology and were used as
the prediction methodology of this study. Accordingly, this study considered the time
lag of the search term selected by correlation analysis from one to four weeks. A model
was developed in which the past search volume data regressed the current trading price
by placing a time difference between the search volume data used as an independent
variable and the trading price data. The prediction of the trading price of the future time
lag from one week to four weeks was measured using the current search volume data as an
independent variable.

3.2. Auto Regressive Integrated Moving Average

ARIMA is a model that estimates predictions using its time lag variable, which is
a univariate variable. The variable is required to secure the stability of time series data
and test the suitability of a model before selecting it. ARIMA is an unbiased model of the
time series error term, consisting of autoregressive (AR) and moving average (MA), which
means that the current time series can be described as a past observation value, which in
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turn can be described as a MA when the current error term can be represented as a function
of the past error term. Equation (2) shows the ARIMA formula [49]:

y′t =
p

∑
i=1

φiy′t−i +
q

∑
j=1

θiωt−i + εt (2)

where y′t : time series value at time t, y′t : differentiated time series value, φi : autoregres-
sive, θi : moving average, p : time lag of autoregressive, q : time lag of the moving average,
and εt : white noise.

Since the ARIMA model can be analyzed assuming that the time series has normality,
the ARIMA model that removes the regression trend through integration is used for
abnormal time series. Han et al. (2018b) compared the predictive power of MRA and ANN
with the ARIMA model in writing the home sales index (HSI) prediction model. The MRA
and ANN used search terms that reflected the behavior of market participants. As a result,
ARIMA followed a time series trend among the three models, showing the best prediction
result [50]. This study conducted ARIMA analysis, a time series analysis, to confirm the
effect of time on the fluctuation of the trading price. The trading price used in this study is
an abnormal time series with a particular trend in data that proceeds with a difference to
produce a typical time series.

4. Data Collection
4.1. Search Volume Data

According to Step 1-1 shown in Figure 1, this study used the search volume of web
search queries that reflect the behavior of the market participants as a variable for predicting
the trading price. Overall, 21 search query variables were used for the analysis. The basic
statistics of the 21 variables selected in this way are shown in Table 1.

Table 1. Search queries basic statistics.

Keywords Mean S.D Minimum Median Maximum Size

CET * 108.7 41.0 38.5 109.1 198.9 37
FOOSUNG 23,663.7 7092.7 11,293.8 22,554.5 45,426.4 37

CETS ** 369.2 155.2 120.4 360.2 733.4 37
EAGON 11,542.5 8320.6 3555.1 9609.5 42,022.2 37

Price of CERs 54.0 44.5 0.0 43.8 213.6 37
HH *** 11,809.8 5206.7 5330.9 10,853.0 27,770.4 37

UNISON 16,969.4 4586.8 7856.3 16,120.1 34,258.3 37
HOMEDECO 1176.7 218.6 863.2 1155.3 1935.6 37
HUCHEMS 4862.7 1144.5 2336.9 4692.9 7703.0 37
productive 1675.0 520.4 973.7 1470.6 2869.6 37

productivity 1425.9 342.9 798.2 1370.5 2507.4 37
compare 1820.6 436.7 1285.7 1771.3 3289.3 37
excavator 855.6 80.4 709.1 861.1 1083.3 37
emissions 766.4 194.6 445.2 750.6 1201.0 37

CO2 emissions 14.0 13.5 0.0 9.6 55.7 37
GW **** 280.1 53.5 155.4 287.7 370.5 37

NOx 4087.3 755.7 3007.9 3991.2 6967.7 37
PEMS 168.9 163.1 0.0 122.3 914.0 37

durable 2100.4 475.3 1150.9 2075.8 3443.7 37
furniture 3026.7 536.9 1906.2 2902.2 4546.0 37

wakefulness 83.7 51.2 12.6 70.7 222.1 37

S.D: Standard Deviation; * CET: Carbon Emission Trading; ** CETS: Carbon Emission Trading System; *** HH:
Hansol Homedeco; **** GW: Global Warming. (source: http://datalab.naver.com/keyword/trendSearch.naver).

First, 90 thesis keywords were collected through existing domestic and foreign lit-
erature related to carbon emission rights. The correlation coefficients with trading price
data were analyzed for the search query variables that can collect the search volume data

http://datalab.naver.com/keyword/trendSearch.naver
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through the advertisement management system of the domestic portal site Naver. The
trading price data extracted nine search terms based on the correlation coefficient crite-
rion (r > 0.5). On the other hand, the search query variables were insufficient to proceed
with the analysis considering various variables, and 12 additional search terms, including
themed stocks related to domestic carbon emission rights, were collected through domestic
newspaper articles.

4.2. Trading Price Data

According to Step 1-2 in Figure 1, the Korean Allowance Unit (KAU), which will
be used as a dependent variable in the analysis, was collected through the KRW ETS
market information platform for 37 weeks (20 July 2018–29 March 2019) at weekly intervals,
depending on the daily closing price data of the market, unlike the search volume. The
changes in the trading price during the analysis period were confirmed using the graph in
Figure 2, and the basic statistics of the trading price data are shown in Table 2. Figure 2
presents the weekly trading price trend over the past 37 weeks, showing an overall upward-
sloping pattern. In July 2018, prices generally increased after a sharp drop in the emission
market but formed the highest trading price in February 2019 and continued to rise after a
sharp decline.
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Table 2. KAU data basic statistics (source: https://ets.krx.co.kr).

Data Mean Standard Deviation Minimum Median Maximum Size

KAU 23,931.081 1770.136 21,600 24,000 27,050 37

5. ETS Prediction Model
5.1. ETS Multiple Linear Regression Model
5.1.1. Variables Selection

In this study, to use the model derived through MRA as a predictive model, the search
amount independent variables used in the analysis were applied with a time difference
from weeks one to four based on the data collection date of the dependent variable trading
price, as shown in Figure 3.

https://ets.krx.co.kr
https://ets.krx.co.kr
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In the process of analyzing the MRA model for each time lag, a correlation coefficient,
which is a measure of linearity between two variables, was used as a criterion for selecting
the variables, and the correlation coefficient was derived through Equation (3) below [51].

C.C =
∑n

i=1(xi − x)(yi − y)
nsxsy

(3)

where C.C : correlation coefficient, x and y: mean values of each data set X and Y, sx and
sy : standard deviation of each data set X and Y, and n : sample size

As shown in Step 2 of Figure 1, the correlation coefficient between the trading price
and the search amount of the search queries was analyzed using the time lag. Only search
volume data with a moderate correlation of 0.5 or more was used as an independent
variable for MRA for each time lag. The correlation coefficient for each time lag is the same
as Table 3.

Table 3. Correlation coefficient by parallax of search queries data (own creation).

Variable Week 1 Week 2 Week 3 Week 4

CET * −0.149 −0.211 −0.247 −0.363
FOOSUNG −0.39 −0.417 −0.493 −0.532

CETS ** −0.317 −0.316 −0.341 −0.384
EAGON −0.368 −0.346 −0.359 −0.374

Price of CER −0.313 −0.356 −0.465 −0.507
HANSOLHOMEDECO −0.469 −0.419 −0.433 −0.456

UNISON −0.191 −0.146 −0.213 −0.223
HOMEDECO 0.578 0.623 0.666 0.702
HUCHEMS 0.166 0.183 0.066 0.075
productive 0.656 0.671 0.663 0.635

productivity 0.399 0.458 0.47 0.462
Compare 0.536 0.503 0.459 0.464
Excavator −0.444 −0.218 −0.215 −0.319
emissions 0.468 0.537 0.529 0.548

CO2 emissions 0.14 0.112 0.097 −0.022
global warming −0.161 −0.101 −0.067 0.02

NOx −0.08 0.025 0.102 0.168
PEMS −0.089 −0.017 −0.037 −0.02

durable 0.513 0.499 0.464 0.387
furniture 0.285 0.314 0.334 0.348

wakefulness 0.582 0.543 0.5 0.482
* CET: Carbon Emission Trading; ** CETS: Carbon Emission Trading System.

In the regression analysis, the variable was selected based on the correlation coefficient
because it was assumed that the correlation between the expansion variable and the
response variable was high [52]. If the correlation is less than 0.5, the independent variable
has a low correlation with the dependent variable, so it was excluded from the analysis [53].
In Nam’s study, the short-term prediction accuracy of the time lag-applied multi-regression
prediction model was higher than that of time series prediction models, such as ARIMA,
which demonstrated the effectiveness of the methodology. An MRA model considered
various explanatory variables [49].

5.1.2. Model Derivation

As specified in Step 3 of Figure 1, MRA was performed through independent variables
exceeding the reference value of the correlation coefficient for each time lag through
correlation coefficient analysis in the previous variable selection process. The following is a
result of analyzing the model without verifying the statistical significance of each variable.
The multicollinearity was resolved by repeating the analysis until the Variation Inflation
Factor (VIF) of all independent variables did not exceed 10. The variables used in the
derived analysis model are shown in Table 4.
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Table 4. Variable used by MRA 1 (own creation).

Time Gap Search Queries

Week 1 HOMEDECO, productive, compare, durable, wakefulness
Week 2 HOMEDECO, productive, compare, emissions, wakefulness
Week 3 HOMEDECO, productive, emissions, wakefulness
Week 4 FOOSUNG, price of CER, HOMEDECO, productive, emissions

Tables 5–8 show the estimation results of the MRA model for each time lag with the
highest explanatory power according to adj-R2 without exceeding 10 VIF of all indepen-
dent variables.

Table 5. Time lag: Week 1, MRA1 estimation results (own creation).

Variable
Coefficient

S.E t Pr VIF adj-R2 D.W.
U S

HOMEDECO 2.934 0.363 0.728 4.028 0.000 1.125

0.740 1.395

productive 2.113 0.622 0.418 5.057 0.000 2.092
compare 1.960 0.475 0.645 3.036 0.005 3.386
durable −1.693 −0.453 0.688 −2.461 0.020 4.687

wakefulness 8.256 0.233 3.892 2.121 0.042 1.671
(Constant) 16,306.254 - 1062.465 15.348 0.000 -

U: Unstandardized; S: Standardized; S.E: Standard Error; Pr: Probability; VIF: Variance Inflation Factor adj-
R2: adjusted R2; D.W.: Durbin Watson.

Table 6. Time lag: Week 2, MRA1 estimation results (own creation).

Variable
Coefficient

S.E t Pr VIF adj-R2 D.W.
U S

HOMEDECO 3.505 0.435 0.832 4.211 0.000 1.271

0.698 1.281

productive 1.545 0.455 0.380 4.064 0.000 1.491
emissions −0.035 −0.004 1.074 −0.033 0.974 1.665
compare 0.821 0.184 0.491 1.672 0.105 1.446

wakefulness 5.259 0.135 4.412 1.192 0.242 1.522
(Constant) 15,428.686 - 1124.782 13.717 0.000 -

U: Unstandardized; S: Standardized; S.E: Standard Error; Pr: Probability; VIF: Variance Inflation Factor. adj-
R2: adjusted R2; D.W.: Durbin Watson.

Table 7. Time lag: Week 3, MRA1 estimation results (own creation).

Variable
Coefficient

S.E t Pr VIF adj-R2 D.W.
U S

HOMEDECO 3.958 0.492 0.854 4.635 0.000 1.306

0.698 1.281
productive 1.658 0.489 0.381 4.350 0.000 1.465
emissions 0.138 0.015 1.075 0.129 0.898 1.620

wakefulness 5.254 0.128 4.362 1.205 0.237 1.310
(Constant) 16,093.189 - 980.468 16.414 0.000 -

U: Unstandardized; S: Standardized; S.E: Standard Error; Pr: Probability; VIF: Variance Inflation Factor. adj-
R2: adjusted R2; D.W.: Durbin Watson.
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Table 8. Time lag: Week 4, MRA1 estimation results (own creation).

Variable
Coefficient

S.E t Pr VIF adj-R2 D.W.
U S

HOMEDECO 2.415 0.302 4.068 −0.797 0.434 2.322

0.822 1.561

productive 1.758 0.508 0.030 −2.867 0.009 4.460
emissions 1.210 0.133 1.756 −0.298 0.769 6.302

FOOSUNG −0.085 −0.408 0.018 1.150 0.261 1.963
price of CER −1.441 0.043 4.353 0.194 0.848 3.613
(Constant) 19,590.524 - 1098.553 17.833 0.000 -

U: Unstandardized; S: Standardized; S.E: Standard Error; Pr: Probability; VIF: Variance Inflation Factor. adj-
R2: adjusted R2; D.W.: Durbin Watson.

Figure 3 shows the Normal P-P plot of the regression standardized residual for testing
the normality of the model estimation results by the time lag.

1 
 

 
 
 

 
 

1 
 

 
 
 

 
 Figure 3. Nominal P-P plot of regression standardized residential of MRA1 (own creation): (a) One-
week time lag MRA model without verifying statistical significance; (b) two-week time lag MRA
model without verifying statistical significance; (c) three-week time lag MRA model without verifying
statistical significance; (d) four-week time lag MRA model without verifying the statistical significance.
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Figure 4 shows the normal P-P plot of regression standardized residual for testing the
normality of the model estimation results for each time lag. Unlike the previous analysis,
the model was analyzed only with statistically significant variables of each variable. Table 9
lists the variables used in the analysis model derived by time lag. Tables 10–13 present the
estimation results of the MRA model by time lag.

 

2 

 
 

 

 

2 

 
 

 
Figure 4. Nominal P-P plot of regression standardized residential of MRA2 (own creation): (a) One-
week time lag MRA model with statistically significant variables; (b) two-week time lag MRA model
with statistically significant variables; (c) three-week time lag MRA model with statistically significant
variables; (d) four-week time lag MRA model with statistically significant variables.

Table 9. Variable used by MRA2 (own creation).

Time Gap Search Queries

Week 1 productive, HOMEDECO, wakefulness
Week 2 productive, HOMEDECO, compare
Week 3 HOMDECO, productive
Week 4 HOMEDECO, productive, FOOSUNG
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Table 10. Time lag: Week 1, MRA2 model estimation results (own creation).

Variable
Coefficient

S.E t Pr VIF adj-R2 D.W.
U S

productive 1.562 0.460 0.344 4.543 0.000 1.158

0.682 1.262
HOMEDECO 3.098 0.384 0.800 3.874 0.000 1.109
wakefulness 11.264 0.318 3.631 3.102 0.004 1.189
(Constant) 16,774.013 - 972.621 17.246 0.000 -

U: Unstandardized; S: Standardized; S.E: Standard Error; Pr: Probability; VIF: Variance Inflation Factor. adj-
R2: adjusted R2; D.W.: Durbin Watson.

Table 11. Time lag: Week 2, MRA2 model estimation results (own creation).

Variable
Coefficient

S.E t Pr VIF adj-R2 D.W.
U S

HOMEDECO 2.658 0.333 0.689 3.861 0.000 1.499

0.703 1.281
productive 2.030 0.587 0.264 7.696 0.000 1.174
FOOSUNG −0.090 −0.434 0.017 −5.211 0.000 1.398
(Constant) 19,825.066 - 1023.652 19.367 0.000 -

U: Unstandardized; S: Standardized; S.E: Standard Error; Pr: Probability; VIF: Variance Inflation Factor. adj-
R2: adjusted R2; D.W.: Durbin Watson.

Table 12. Time lag: Week 3, MRA2 model estimation results (own creation).

Variable
Coefficient

S.E t Pr VIF adj-R2 D.W
U S

HOMEDECO 4.318 0.537 0.765 5.643 0.000 1.063
0.694 1.064productive 1.806 0.533 0.322 5.602 0.000 1.063

(Constant) 15,901.400 - 938.182 16.949 0.000 -

U: Unstandardized; S: Standardized; S.E: Standard Error; Pr: Probability; VIF: Variance Inflation Factor. adj-
R2: adjusted R2; D.W.: Durbin Watson.

Table 13. Time lag: Week 4, MRA2 model estimation results (own creation).

Variable
Coefficient

S.E t Pr VIF adj-R2 D.W
U S

HOMEDECO 2.658 0.333 0.689 3.861 0.000 1.499

0.822 1.608
productive 2.030 0.587 0.264 7.696 0.000 1.174
FOOSUNG −0.090 −0.434 0.017 −5.211 0.000 1.398
(Constant) 19,825.066 - 1023.652 19.367 0.000 -

U: Unstandardized; S: Standardized; S.E: Standard Error; Pr: Probability; VIF: Variance Inflation Factor. adj-
R2: adjusted R2; D.W.: Durbin Watson.

5.2. Timeseries Analysis Using ARIMA
5.2.1. Data Pre-Processing

This section explains the process of data pre-processing. R provides useful packages
and functions in this matter, so it was used in this study. The ndiffs() function was used to
deduce the number of differences required for a stationary series. The adf.test() function
was used to conduct a unit root test. The acf() and pacf() functions were used to plot the
ACF and PACF plots, respectively.

As mentioned in Step 4 of Figure 1, the trading price data were naturally converted to
stabilize the variance to secure the time series normality of data for Timeseries Analysis. The
number of differences in ARIMA analysis was determined as 1. Figure 5 presents the stabilized
trading price data, and Table 14 lists the unit root test result of the trading price data.
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Table 14. Augmented Dickey–Fuller (ADF) test result of KAU data (own creation).

Dependent Variable
Variable First Difference

t-Statistic Pr t-Statistic Pr

KAU –2.9167 0.2158 –3.8459 0.02834
Pr: Probability.

5.2.2. Time Lag for an Appropriate Prediction Model

For the time lag selection of AR and MA, the model was estimated by considering
the ACF (Auto Correlation Function) and PACF (Partial Auto Correlation Function) of the
trading price data in Figure 6.
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Figure 6. ACF and PACF of the KAU data (own creation): (a) Autocorrelation function of Korean
Allowance Unit; (b) Partial autocorrelation function of Korean Allowance Unit.

In ARIMA analysis, p, the time lag of AR, was used for analysis by reflecting the
length of the time lag considered in the MRA and considering from 1 to 4. The time lag
of MA, q, was fixed to 0. The time lag of d was analyzed by fixing it to 1 according to the
number of differences in the previous unit root tests.
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5.2.3. Model Derivation and Conformity Assessment

The suitability of the ARIMA(1,1,0), ARIMA(2,1,0), ARIMA(3,1,0), and ARIMA(4,1,0)
models determined according to the previous process was diagnosed. The error satisfied
the homogeneity of variance. There was no autocorrelation of the estimated model because
there was no characteristic trend in the standardized residuals graph of Figure 7.
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explanatory power for each analysis method, and the explanatory power of the MRA 
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Figure 7. Conformity diagnosis of ARIMA model (own creation): (a) Standardized residuals graph,
ACF of residuals graph, significance probability graph of ARIMA(1,1,0); (b) standardized residuals
graph, ACF of residuals graph, significance probability graph of ARIMA(2,1,0); (c) standardized resid-
uals graph, ACF of residuals graph, significance probability graph of ARIMA(3,1,0); (d) standardized
residuals graph, ACF of residuals graph, significance probability graph of ARIMA(4,1,0).

The time lag correlation through ACF statistics and Ljung–Box’s Q statistics confirms
that white noise appears higher than the 5% significance level in most time lags. The null
hypothesis of ‘time lag does not matter’ was satisfied [54].
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6. Results

By comparing the adj-R2 representing the explanatory power of the derived MRA
model, the prediction was attempted through the MRA model with the highest explanatory
power for each analysis method, and the explanatory power of the MRA model for each
time lag is shown in Table 15.

Table 15. Adj-R2 by the MRA Models (own creation).

Model Week 1 Week 2 Week 3 Week 4

MRA 1 0.740 0.698 0.689 0.822
MRA 2 0.682 0.703 0.694 0.822

The predictions are attempted through the ARIMA model showing the lowest value
by comparing the Akaike Information Criterion (AIC), which is an indicator for judging
the appropriateness of the ARIMA model by the time lag. Table 16 lists the AIC for each
ARIMA model [55].

Table 16. AIC (Akaike information criterion) of ARIMA models (own creation).

Model ARIMA(1,1,0) ARIMA(2,1,0) ARIMA(3,1,0) ARIMA(4,1,0)

AIC −183.93 −182.11 −183.2 −184.09

The predictions are attempted through the four-week time lag MRA models of MRA1
and MRA2, which show the highest adj-R2 among the derived MRA models. Tables 8 and 13
present the estimation results of each model. Table 17 lists the estimation results of the
ARIMA(4,1,0) model showing the highest AIC value among the ARIMA models. Table 18
shows the results of actual trading price prediction through the ARIMA(4,1,0) model.

Table 17. ARIMA(4,1,0) model estimated results (own creation).

Variable Coefficient Standard Error z Pr

(Constant) 0.0007 0.0063 0.1144 0.9089
AR(1) −0.5192 0.1560 −3.3269 0.0008
AR(2) 0.2080 0.1731 1.2018 0.2294
AR(3) 0.5824 0.1857 3.1358 0.0017
AR(4) 0.3191 0.1725 1.8498 0.0643

AIC −184.09
Log-likelihood 98.05

Pr: Probability.

Table 18. Result of each model’s prediction at 2019.04.05 (Outbound 1 Week) (own creation).

Dependent Variable
MRA Time Series

Time Lag: Week 4
(MRA1)

Time Lag: Week 4
(MRA2) ARIMA(4,1,0)

Predicted Price
(KRW/ton) 25,702.69 25,819.75 26,579.88

Actual Price
(KRW/ton) 26,550 26,550 26,550

MAPE 3.19 2.75 0.11
MAE 847.31 730.25 29.88

In this study, MAPE and MAE, with lower sensitivity to outliers and relatively
higher reliability than the other predictions from evaluation indicators, were used to show
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the average error between the actual and predicted prices in the forecast period [52,54].
Equations (4) and (5) show the MAPE and MAE formula, respectively.

MAPE formula:

MAPE =
100
n

n

∑
t=1

∣∣∣∣ Actualt − Predictedt

Actualt

∣∣∣∣ (4)

MAE formula:

MAE =
1
n

n

∑
t=1
|Actualt − Predictedt| (5)

where Actualt : actual value, Predictedt : forecasted value, and n : number of samples
As a result of predicting the trading price after the next week of the analysis period,

MAPE of 3.19 in the four-week time lag MRA model input, 2.75, and 0.113 in the ARIMA(4,1,0)
model was shown, and the results of 847.31, 730.25, and 29.88 in the case of MAE.

Table 19 lists the results of MAPE expressing the predictive power for the next four
weeks of the analysis period by expanding the predictive period. The predictive power of
the MRA model decreased with an increasing predictive period. Figure 8 shows a graph
comparing the predicted trading price for each model and the value for the actual price.
The prediction error of the MRA model increased with increasing analysis period. Table 20
lists the comparison results shown in Figure 8. As shown in Figure 8, the MRA1 and MRA2
models followed the same trend of actual price values in the inbound area. The MAPE and
MAE for MRA1 and MRA2 were calculated based on Equations (4) and (5) and the values
were calculated to be 2.11% MAPE for MRA1 and 2.39% MAPE for MRA2 in the inbound
area. On the other hand, the MAPE and MAE increased dramatically in the outbound area
(6.49% and 7.14%, respectively). This can also be seen in Figure 8, where MRA1 and MRA2
follow a declining trend in the outbound area. As for the ARIMA(4,1,0), the MAPE for the
calculated inbound area was 1.07% and 0.99% in the outbound area. The ARIMA(4,1,0)
showed great prediction results both in the inbound and outbound area, while MRA1 and
MRA2 failed to predict the trend in the outbound area.

Table 19. Forecasts for the next four weeks (Outbound weeks 1–4) (own creation).

Time Lag: Week 4
(MRA1)

Time Lag: Week 4
(MRA2) ARIMA(4,1,0)

MAPE 7.31 7.14 0.99
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Table 20. Quantified comparison of the prediction models (own creation).

Inbound Outbound

MRA1 MRA2 ARIMA(4,1,0) MRA1 MRA2 ARIMA(4,1,0)

MAPE 2.11 2.39 1.07 6.49 7.14 0.99
MAE 509.37 583.89 261.27 1756.25 1927.99 269.07

7. Discussion

This study derived an MRA prediction model and an ARIMA model using search query
factors to reflect the behavior of market participants in predicting trading prices. The keywords
extracted from papers related to emission rights and associated search terms derived from
search engines were used, and trading prices corresponding to 37 weeks were applied.

The MRA model analysis results for each time lag confirmed that ‘themed stocks’ had
a high correlation with the trading price when comparing the relative influence of search
keyword keywords, including the med stocks related to carbon emissions, on trading price.
In addition, significant search terms that can reflect the behavior of market participants
related to trading prices were analyzed. Further research on the trading price prediction
model focusing on the med stocks will be needed.

In the case of MRA, although it showed high predictive power to predict the trading
price in the near future during the inbound analysis period, the error increased gradually
at the outbound and followed a decreasing trend. The MRA confirmed that it is effective
to update the analysis data and utilize the derived prediction model evenly. In the MRA
model, the sudden rise and fall of the trading price were well reflected, but the error was
larger than that of ARIMA, and the predictive power was relatively low for a long time.
ARIMA, which reflects the behavior of the market participants, accurately reflected the
long-term continuous rise in both inbound and outbound and showed the best results in
the four-week prediction model.

Lamphiere et al. [33] produced ACF plots that showed distinct peaks at the medium
and higher frequencies and indicated correlations within the data and memory effects at
play. In the current study, however, there were no distinct peaks in the ACF plots. This
difference was attributed to the dissimilarity in the analyzed data, where the data used
in the current study show an increasing trend in general, unlike the work by Lamphiere
et al. [33]. The maturity of the market plays a significant role in the matter of data variability
and size.

Numerous studies on predicting and analyzing the correlations of carbon emission
trading are being conducted worldwide. As mentioned in the literature review section,
GARCH models have shown great potential in conducting such analysis [34–38]. Hence,
they must be considered in future studies predicting and analyzing the correlations of KAU
and different sources as different markets, environmental issues, and status in Korea.

In the case of ARIMA, the error was less than the credit prediction value using MRA,
and the trend of the actual value was reflected. The results of the two models are derived
differently in outbound because of the characteristics of the MRA and ARIMA models.
MRA has high predictive power for the near future, but the error rate increases gradually
with increasing analysis period, and ARIMA only differs in the degree of the upward trend
but does not effectively represent price fluctuations and does not consider the influence of
independent variables.

8. Conclusions

This study had significance in predicting the actual trading price in Korea, and the
factors affecting the KAU were identified. For this purpose, the study conducted MRA
and ARIMA. The independent variables used for regression were search queries connected
to the largest search engine in Korea (Naver). As shown in Figure 8 and Table 20, the
MAPE was quite promising for regression when predicting inbound values. Nevertheless,
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further studies need to assess other methodologies to achieve higher predictive accuracy at
outbound values, while the ARIMA model showed good prediction results for both.

Attempts to predict the trading price and derived prediction models can help reduce
the risk and uncertainty of the emission market to form a stable market. Policy help can be
provided through the judgment of overheating and stagnation of the emission market. In
addition, the prediction model of this study is expected to help investors make decisions at
a time when the scope of the industry participating in ETS, the increase in the number of
companies, and the expansion of participants, such as third-party market participation. On
the industrial side, it is possible to check the purchase price and amount of emission rights
using a model with a low error rate in process planning and the establishment and help
calculate an accurate budget, considering environmental charges.

As a limitation, the predictive power through MRA was high, but the error rate
increased gradually with increasing analysis period, and ARIMA showed high predictive
power, but the price change was not effectively represented due to the characteristics of
the model, and the effect of independent variables was not considered. Accordingly, the
two models of this study require valid data. Future studies should consider the influence
of independent variables, including the market participants’ behavior in the analysis and
the prediction of the model, such as the MRA method and possibly different models, such
as the GARCH model, as suggested in the discussion section. In addition, it is essential to
study the analysis method with high predictive power and small errors simultaneously.
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