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Investor attention and carbon return: evidence
from the EU-ETS

Yinpeng Zhanga, Ying Chena, You Wub and Panpan Zhub

aCollege of Economics, Shenzhen University, Shenzhen, China; bSchool of Economics, Beijing
Technology and Business University, Beijing, China

ABSTRACT
This paper firstly puts forward to employ investor attention
obtained from Google trends to explain and forecast carbon
futures return in the European Union-Emission Trading Scheme
(EU-ETS). Our empirical results show that investor attention is a
granger cause to changes in carbon return. Furthermore, investor
attention generates both linear and non-linear effects on carbon
return. The results demonstrate that investor attention shows
excellent explanatory power on carbon return. Moreover, we con-
duct several out-of-sample forecasts to explore the predictive
power of investor attention. The results indicate that incorporat-
ing investor attention indeed improve the accuracy of out-of-sam-
ple forecasts both in short and long horizons and can generate
significant economic values. All results demonstrate that investor
attention is a non-negligible pricing factor in carbon market.
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1. Introduction

Economic growth exhausts huge amount of energy resources and thus emits lots of
carbon dioxides, which induces the global warming to become one urgent issue for
all human beings (Batrancea et al., 2019). Global warming further affects agricultural,
industrial manufacture and economic growth, and even the human sustainable devel-
opment (Haseeb et al., 2019; L. Batrancea et al., 2020; Grzeszczyk et al., 2021). For
the sake to prevent these effects, the famous Kyoto Protocol was signed and thus a
carbon trading mechanism in EU called European Union-Emission Trading Scheme,
aiming to regulate carbon emissions for mitigating global warming (I. Batrancea
et al., 2020), was approved. The mechanism shows excellent efficiency as it reduces
emissions with the help of capital market, making carbon reduction a financial activ-
ity to some extent (Teixid�o et al., 2019). Due to the huge trading volumes, drastic
price changes and strict financial regulations, the EU-ETS was regarded as a common
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financial market for analyzing financial characteristics, i.e., return (Arouri et al.,
2012), volatility (Balietti, 2016), price forecasting (Zhao et al., 2018) etc.

In this paper, we focus on the carbon price explaining and forecasting since many
puzzles remain to be solved and attract numerous researchers (Segnon et al., 2017;
Zhao et al., 2018). Specifically, we introduce and suppose one novel factor, i.e.,
investor attention, generated from behavior finance that affects carbon price. Thus,
the main body of this paper is to empirically discuss whether the above hypothesis is
tenable. In fact, investor attention has broadly researched in other financial markets
like stock markets (Wen et al., 2019), FX markets (Han et al., 2018) and commodity
markets (Kou et al., 2018) and has proved to be an influential pricing factor in
these markets.

Our purpose is to combine the studies of energy economics and behavior finance
in order to discover the potential linkages between investor attention and carbon
futures return. This paper makes following contributions to the existing literature.
First, it is the first attempt to explain carbon futures return from investor attention.
We adopt the granger causality test, vector autoregressive model (VAR), linear and
non-linear model specifications to illustrate the influences of attention on carbon
return. The results show investor attention is too important to ignore for explaining
carbon futures variation. Second, we conduct several out-of-sample forecasts. The
results show the predictive models incorporated with attention outperform the histor-
ical average both in one and longer period ahead predictions. The results indicate
great importance of investor attention in carbon market forecasting from statistical
level. Third, we construct simple portfolios including carbon asset and risk-free asset
to further illustrate the usefulness of investor attention. Specifically, we compare the
portfolio performances of the benchmark model and the predictive models. The
results show the predictive models have a greater average utility and a higher sharp
ratio, which indicates that it is beneficial to take attention into consideration as it
surely generates economic values. Finally, several robustness checks are made.
Specifically, the selected keywords and the time scale are changed. Fortunately, these
changes do not alter our results. The four aspects lead to the conclusion that investor
attention is a non-negligible pricing factor in carbon market.

The rest of this paper is summarized as follows. Section 2 shows a brief literature
review. Section 3 presents our data. Empirical results of the in-sample analysis and
the out-of-sample forecasts are shown in Sections 4 and 5, respectively. Section 6
presents the asset allocation analysis. Section 7 shows the robustness checks and
Section 8 concludes the paper.

2. Literature review

Ever since the establishment of the EU-ETS, it quickly becomes one center of energy
economics research. Regarding the financial performance of the carbon allowance
market, numerous studies have investigated the financial characteristics of carbon pri-
ces (Segnon et al., 2017; Dutta, 2018; Jia et al., 2020). Research regarding the carbon
markets in developing countries are also booming, especially the Chinese carbon mar-
ket (Y. Zhang et al., 2018; Fu & Zheng, 2020). Research on the correlations between
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carbon spot and futures also become a new research hotspot, as it is widely
researched in the traditional financial markets, i.e., the oil market (Holmes & Otero,
2019; Shao et al., 2019).

Analysts explicitly recognized that the energy markets play crucial roles in shaping
the carbon prices. The reason was that marginal fuel-switching costs from highly car-
bon-intensive sources of energy to less-carbon-intensive sources for power and heat
generation form an important determinant of the carbon prices (Dutta, 2018;
Krokida et al., 2020). Although the studies on carbon price analysis have made some
achievements, the literature on carbon price forecasting seems limited. For example,
Zhu and Wei (2013) and J. Zhang et al. (2018) put forward combined hybrid models
to forecast carbon prices, respectively.

Behavior finance develops rapidly in recent years and shows the importance of
individual investor in financial markets (Han et al., 2017; Audrino et al., 2020). In
this paper, we argue that a new variable, i.e., investor attention, measured by Google
search volume index to be an efficient variable in explaining and predicting carbon
futures return. In fact, investor attention has already been proved to be an influential
index in other markets. For example, Vozlyublennaia (2014) found interactive effects
between lagged return and attention for several security indexes, besides, the results
suggested attention could enhance the predictability of index returns. Han et al.
(2017) proved the importance of investor attention on oil market. Kou et al. (2018)
investigated the effects of investor attention on Chinese commodity futures market.
Research also indicated investor attention show impacts in the FX markets (Han
et al., 2018; Han et al., 2018). Furthermore, there exists some research to illustrate the
in-depth impacts of investor attention on financial markets. Such as, non-linear
granger causality relationship (Li et al., 2019), memory situation (Y. Zhang et al., in
press). Scholars also found investor attention on certain asset can spill to related
financial markets (Wu et al., 2019).

Existing studies demonstrate the conspicuous effects of investor attention in many
financial markets, this raises our great interests on the roles of investor attention in
the emerging carbon markets as current research is less involved in this field. Thus,
the novelty of this paper lies in filling of the potential research gap by introducing
the investor attention to the carbon market. Specifically, we make comprehensive
investigations in explaining and forecasting the carbon futures returns by
investor attention.

3. Data

In this section, we first introduce the calculation of carbon futures return. Due to
data availability, we collect weekly carbon futures prices from Ember (https://ember-
climate.org/carbon-price-viewer/) during January 10, 2016 to August 23, 2020, at
which period, the ‘Paris Agreement’ reached an agreement and opened for signature.
All prices are transferred to log-returns for further investigations. We next introduce
the construction method of investor attention. In line with previous studies, we select
Google search volume index from Google Trends (http://www.Google.com/trends)
and transfer the index to log-returns to represent investor attention (Vozlyublennaia,
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2014; Han et al., 2018; Han et al., 2018). The index shows several advantages, first,
Internet users commonly employ a search engine to collect information, and Google
continues to be the most favorite one around the world; second, and more critically,
search can help to avoid the errors resulted from indirect proxies, such as excess
return (Aboody et al., 2010), turnover (Loh, 2010), news and headlines (Yuan, 2015);
third, Google search intensity provides a reasonable measure of acquisition of publicly
available information from a wide range of sources, providing the investor with a
highly diversified information set.

We select several key words closely related to carbon market, i.e., carbon emission,
carbon dioxide emission, etc. We do not search ‘EUA’ which is traded in the EU-ETS
as ‘EUA’ may represents other meanings, for example, European University
Association, Emergency Use Authorization, etc. Basic granger causality test shows that
investor attention on the keyword of ‘carbon emission’ is a relative powerful variable
inside the potential variables mentioned above, while others are not. Thus, we select
the investor attention on carbon emission to conduct the consequent research.

Concerning the carbon futures return can be influenced by related financial assets
(Luo & Wu, 2016; Ji et al., 2018; Chen et al., 2019), we thus include several indica-
tors, i.e., Brent oil futures, Natural gas futures, Dow Jones Industrial Average Index,
NASDQ Composite Index, DAX Index, etc. All the data are obtained from
DataStream. The reasons to choose these assets are as follows, first, Brent oil is widely
used in the research of oil market according to numerous studies (Ji et al., 2018; Li
et al., 2019). Besides, the exchange of Brent oil is located in the EU (despite the UK
is now separated from the EU, it is a member of the EU during our sample period),
which may make the correlations with carbon market more closely; second, Natural
gas futures is also an important energy market and it is widely used in research of
energy economics (Niu & Wang, 2017; Chen et al., 2019); third, the US stock market
is still the most important around the world, thus, two stock indexes, i.e., Dow Jones
Industrial Average Index, NASDQ Composite Index, are selected to represent the
development of the world stock market; forth, the Germany plays a leadership role in
carbon reductions, and its stock market is very important in the EU. Thus, the indi-
cator to reflect the Germany stock market is also selected.

Some basic descriptive statistics of carbon futures return, investor attention and
the control variables are shown in Table 1. As shown in the table, the mean value of
the carbon futures return is 0.0050, while the standard deviation is 0.0569. Obviously,
the magnitude of the standard deviation is close to zero and the mean value is even
smaller. Besides, the value of standard deviation to mean is equal to 11.38, which

Table 1. Descriptive statistics.
Return Mean Std. dev Max Min Skewness Kurtosis

Carbon futures 0.0050 0.0569 0.1697 �0.3045 �0.7219 3.8905
Investor attention 0.0010 0.2596 0.5725 �1.0833 �0.4971 1.0383
Brent oil futures 0.0036 0.0595 0.3682 �0.2523 0.5776 11.7001
Natural gas futures 0.0029 0.0630 0.2440 �0.1880 0.1635 3.7682
Dow Jones industrial average index 0.0028 0.0268 0.1284 �0.1730 �1.1418 15.9684
NASDQ composite index 0.0043 0.0259 0.1059 �0.1264 �0.8189 7.9992
DAX index �0.0001 0.0065 0.0478 �0.0374 0.7329 19.2279

Source: the Authors.
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represents that the carbon futures return series is volatile. The maximized return of
carbon futures is 0.1697, while the minimized return is �0.3045. The difference
between maximized and minimized value reaches more than 0.45. Compared with the
descriptive statistics of carbon futures return, it is obvious that the difference between
maximized and minimized value of investor attention, as well as the standard deviation
are much higher than that of carbon futures return. The specific value of standard
deviation to mean is even higher than that of carbon futures return. Therefore, it is
also high for volatilities of investor attention. The non-zero skewness and kurtosis (not
equal to three) of the series indicate that the time series of carbon futures return,
investor attention on ‘carbon emission’ and the control variables have the same charac-
teristics as commonly financial assets (Luo & Wu, 2016; Y. Zhang et al., 2017).

In the subsequent section, we adopt a VAR model to analyze the interrelation
between carbon attention and carbon futures return. The VAR model requires the
selected series to be stationary. We implement the Augmented Dickey-Fuller (ADF)
stationary test and the results are reported in Table 2. According to the results, all
the selected series are stationary, thus can conduct the VAR modelling analysis.

4. In-sample analyses

In this section, we aim to explore the relationships between carbon futures return
and investor attention. We certify a sample period from January 10, 2016 to February
24, 2019 as the in-sample period. And thus, the remaining parts are considered for
the out-of-sample forecasts.

4.1. Granger causality test

We conduct a basic Granger causality test to investigate the linear causality relation-
ships between carbon futures return and investor attention. The results of Granger
causality test are shown in Table 3.

The results indicate several important facts between carbon futures return and
investor attention. First, the changes in investor attention indeed cause the changes of
carbon futures return. Second, the reverse effect does not exist, namely the changes
in carbon futures return cannot induce the changes of investor attention. Generally,
the Granger causality test results mean that investor attention influence the changes
of carbon futures return.

Table 2. ADF test results.
Type t� statistic

Carbon futures return None �11.8920���
Intercept �11.9582���
Trent and Intercept �11.9436���

Investor attention None �12.8284���
Intercept �12.8011���
Trent and Intercept �12.7727���

Note: None, Intercept, Trend and Intercept mean three types of the ADF test, respectively. The null hypothesis of the
ADF test assumes that the time series has a unit root.���Represents the significance in 1% level.
Source: the Authors.
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4.2. Var analysis

The VAR model is a linear predictive model, which allows the carbon futures return
at present to be predicted by several predictors including investor attention. The
VAR model is widely used in estimating and predicting asset returns (Guidolin &
Hyde, 2012; Y. Zhang & Lin, 2019). For the perfect fitness, we adopt the VAR model
to investigate the relationships between carbon futures return and investor attention.
The model can be generalized by Equation (1),

Xt ¼ cþ
Xp
i¼1

biXt�i þ et (1)

where Xt contains carbon futures return and the corresponding investor attention, p
represents the lag length in the model and bi (i¼ 1, … , p) is the coefficient for the
lagged term. The VAR specification helps us to understand the reaction of carbon
futures return to the shock from investor attention under the framework of impulse
response function, vice versa. In this paper, we set the lag length to 4, namely, p
equals to 4. The results of VAR analysis are reported in Table 4.

Table 3. Granger causality test results.
Null Hypothesis v2-statistic

Investor attention is not the granger cause of carbon futures return 9.3737�
Carbon futures return is not the granger cause of investor attention 5.2019

Note: �represents the 10% level of significance. We set the lag length to be 4 in Granger causality test according to
Vozlyublennaia (2014).
Source: the Authors.

Table 4. VAR analysis results.
Rt Attt

Rt�1 0.2413��� �0.2409
(0.0785) (0.3627)

Rt�2 �0.0302 0.6215�
(0.0808) (0.3732)

Rt�3 0.0338 0.3781
(0.0821) (0.3796)

Rt�4 �0.1324� 0.0601
(0.0779) (0.3600)

Attt�1 �0.0228 �0.3747���
(0.0170) (0.0787)

Attt�2 0.0198 �0.3190���
(0.0182) (0.0839)

Attt�3 0.0355�� �0.1438�
(0.0179) (0.0829)

Attt�4 0.0284� �0.1528�
(0.0169) (0.0781)

Intercept 0.0071� �0.0049
0.0042 (0.0193)

R2 0.1317 0.1836

Note: The VAR estimation is reported by two columns: the left column is used to present the results of carbon
futures return as dependent variable, while the right column is used to present the results of investor attention as
dependent variable. The value in the bracket represents the standard error. �,��,��� denote significance at 10%, 5%
and 1% level, respectively.
Source: the Authors.
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Several interesting discoveries can be found from Table 4. For the equation of carbon
futures return in the VAR model, first, attention has significant and positive effects on
carbon futures return. It means that increased attention leads to the increased carbon
return. The phenomenon may be accounted by the reason that investors pay attention
to a specific asset will bring certain purchase intention and then trigger price pressure
(Dimpfl & Jank, 2016; Han et al., 2018); second, the changes in attention may not
quickly and significantly show its impacts on carbon return as the coefficient of atten-
tion at the first lag is insignificant. Such influence may appear in three and four weeks
later, as Attt�3 and Attt�4 are both significant. This phenomenon is typically different
from the quickly impacts of investor attention on traditional financial markets, such as
stock markets (Vozlyublennaia, 2014), FX markets (Han et al., 2018), commodity mar-
kets (Kou et al., 2018), etc. We suspect that the delayed response of carbon return is
ascribed by the smaller coverage available for the index of attention as compared to the
ample coverage of the index of stock, currency and commodity, etc., in which case it
takes longer for investors in carbon market to analyze the obtained information.

From Panel A and Panel B in Table 5, we can find that there does not exist severe
multi-collinearity problems. Besides, the results of residual heteroscedasticity test indi-
cate that heteroscedasticity does not exist in the above VAR model. All the aspects
denote that the VAR model is feasible and can be used for further analysis. The
impulse response results are shown in the following Figures 1–2.

As shown in the Figures 1–2, the shock from attention surely influence the carbon
futures return, vice versa. The impact of attention on carbon futures return presents
dominantly positive in the response period of carbon return. Moreover, we can also
conclude that the influence of attention on carbon futures return can last for about
twelve weeks, while the reversed influence may last for about ten weeks. Thus, the
effects of attention on carbon futures return are worth for further discussions.

4.3. High order moment

Inspired by other studies exploring the relationships between the squared term of
investor attention and asset return (Han et al., 2018; Li et al., 2019), we further

Table 5. Tests for VAR model.
Rt�1 Rt�2 Rt�3 Rt�4 Attt�1 Attt�2 Attt�3 Attt�4

Panel A: 1/VIF
0.8770 0.8239 0.8026 0.8734 0.8234 0.7225 0.7393 0.8313

Panel B: Correlation matrix
Rt�1 1.0000
Rt�2 0.2628 1.0000
Rt�3 0.0149 0.2644 1.0000
Rt�4 �0.0492 0.0338 0.2849 1.0000
Attt�1 �0.0741 0.0555 0.1739 0.0784 1.0000
Attt�2 �0.1879 �0.0815 0.0466 0.1630 �0.2472 1.0000
Attt�3 �0.0049 �0.1860 �0.0801 0.0470 �0.1624 �0.2471 1.0000
Attt�4 0.1177 �0.0092 �0.1896 �0.0881 0.0033 �0.1582 �0.2474 1.0000
Panel C: VAR residual heteroscedasticity test

v2 v2

No cross terms 47.5303 With cross terms 147.4948
(0.4920) (0.1687)

Note: This table reports the results of VIF test, correlation analysis, and heteroscedasticity test.
Source: the Authors.
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consider the issue between carbon futures return and investor attention.
Incorporating squared terms of attention help to understand the high order moment
of attention’s effects on carbon return. The model is shown by Equation (2).

Rt ¼ a0 þ
X4

i¼1
aiRt�i þ

X4

i¼1
biAttt�i þ

X4

i¼1
ciAtt

2
t�i þ et (2)

The coefficient c on the squared term of investor attention measures the influence
of high order moment of attention on carbon return. The results are shown in
Table 6.

Figure 1. Response of carbon futures return to the shock from investor attention.
Source: the Authors.

Figure 2. Response of investor attention to the shock from carbon futures return.
Note: In the above figures, the blue solid-line is the impulse response to Cholesky one standard deviation innovations,
while the red dotted-line is ninety-five percent confidence interval for highest probability density. And the X-axis rep-
resents the duration of shock, while the Y-axis represents the magnitude of such shock.
Source: the Authors.
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As indicated by Table 6, investor attention still exists significantly positive effect
on carbon return, which supports the results obtained from the VAR analysis.
Moreover, we can also find the squared term of attention is significantly positive at
the first lag and it is obviously larger than the attention term at the third and fourth
lags. According to this phenomenon, we can more depend on the information of
cumulative attention at the immediate past to determine the change of carbon return
at present, instead of the attention at the distant past to some extent. Generally, there
exists an effect of the high order moment of investor attention on carbon return and
the sign of this effect emerges and vanishes quickly.

4.4. Controlling related returns

Existing studies have already proved that traditional financial markets. i.e., oil
market (Ji et al., 2018), gas market (Chen et al., 2019), stock market (Luo & Wu,
2016) etc., are correlated with the emerging carbon market, which represents that
return in these markets should be an important influencing factor for the change
of carbon return. In other words, when investigating the effects of investor atten-
tion on carbon return, we should further consider the effects of returns in related
markets by incorporating their return terms into the regression model. It can
help us effectively identify the effects of attention by controlling the returns
of the other related markets, which is also supported by previous studies
(Vozlyublennaia, 2014; Han et al., 2018). The regression model are shown in
Equation (3),

Rt ¼ a0 þ
X4

i¼1
aiRt�i þ

X4

i¼1
biAttt�i þ

X4

i¼1
ciControlt�i

þ
X4

i¼1
dt�iAttt�i�Controlt�i þ et (3)

where Control represents the return in related market, i.e., Brent oil futures,
Natural gas futures, Dow Jones Industrial Average Index, NASDQ Composite Index,
DAX Index, etc. The coefficient d estimates the quantitative effect of investor

Table 6. The effects of high order moment.
Coefficient Standard Error

Rt�1 0.2245��� 0.0820
Rt�2 �0.0301 0.0838
Rt�3 0.0143 0.0845
Rt�4 �0.1311 0.0810
Attt�1 �0.0130 0.0186
Attt�2 0.0278 0.0208
Attt�3 0.0397� 0.0207
Attt�4 0.0371�� 0.0186
Att2t�1 0.1068�� 0.0504
Att2t�2 �0.0442 0.0500
Att2t�3 0.0230 0.0492
Att2t�4 0.0585 0.0474
Intercept �0.0028 0.0069
R2 0.1700

Note: The table contains the estimation results of lagged carbon return (Rt�i , i ¼ 1, 2, 3, 4), lagged investor atten-
tion (Attt�i , i ¼ 1, 2, 3, 4) and lagged squared term of investor attention (Att2t�i , i ¼ 1, 2, 3, 4).
Source: the Authors.
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attention on carbon return conditional on per unit change of the return in other
market. It means the coefficient d is devoted to gauging the magnitude of the joint
impact of attention and related return. The regression results are shown in Table 7.

As portrayed by Table 7, on the one hand, the interactive terms between attention
and energy returns generate significantly effects on carbon futures return. Specifically,
the interactive term between attention and the return of Brent oil futures emerges sig-
nificantly negative effect on carbon futures return at the first lag, while it is signifi-
cantly positive for the interactive term between attention and the return of Natural
gas futures at the second lag; on the other hand, the interactive terms between atten-
tion and stock returns do not appear significant effects. However, after controlling
the related returns, investor attention still shows significant impacts on carbon futures
return. Specifically, if the energy returns are controlled, a change in attention still
positively affects carbon futures return in three and four weeks later, which supports

Table 7. The joint impact results.
Brent Gas Dow NASDQ DAX
Rt Rt Rt Rt Rt

Rt�1 0.2588��� 0.2390��� 0.2544��� 0.2548��� 0.2303���
（0.0828) (0.0822) (0.0824) (0.0823) (0.0834)

Rt�2 �0.0196 �0.0166 �0.0354 �0.0201 �0.0264
（0.0853） (0.0846) (0.0863) (0.0850) (0.0863)

Rt�3 0.0269 0.0321 0.0429 0.0461 0.0529
（0.0868） (0.0854) (0.0878) (0.0852) (0.0868)

Rt�4 �0.1459� �0.1232 �0.1606� �0.1508� �0.1111
(0.0818) (0.0813) (0.0856) (0.0830) (0.0825)

Attt�1 �0.0163 �0.0175 �0.0242 �0.0303 �0.0316�
(0.0181) (0.0176) (0.0186) (0.0184) (0.0181)

Attt�2 0.0185 0.0247 0.0268 0.0242 0.0096
(0.0192) (0.0188) (0.0198) (0.0197) (0.0200)

Attt�3 0.0357� 0.0353� 0.0294 0.0270 0.0243
(0.0189) (0.0186) (0.0194) (0.0194) (0.0197)

Attt�4 0.0315� 0.0293� 0.0350� 0.0400� 0.0235
(0.0179) (0.0175) (0.0186) (0.0187) (0.0184)

Controlt�1 0.0561 0.0690 �0.1792 �0.2121 0.0103
(0.1054) (0.0697) (0.2516) (0.2150) (0.2181)

Controlt�2 0.0993 0.0212 0.2473 0.4197� 0.4069�
(0.1054) (0.0692) (0.2511) (0.2093) (0.2153)

Controlt�3 �0.1270 �0.0517 �0.2014 0.0811 0.1358
(0.1051) (0.0689) (0.2517) (0.2143) (0.2173)

Controlt�4 0.0535 0.1209� �0.0636 �0.1285 �0.0146
(0.1037) (0.0700) (0.2529) (0.2142) (0.2140)

Attt�1�Controlt�1 �0.6694� �0.1612 �0.1338 0.1750 �1.3803
(0.3581) (0.2671) (0.9737) (0.7615) (0.9189)

Attt�2�Controlt�2 0.1762 0.4532� �0.6685 �0.4968 �0.6331
(0.3619) (0.2608) (0.8322) (0.6904) (0.9326)

Attt�3�Controlt�3 0.2641 0.3664 1.2235 1.1463 0.2304
(0.368) (0.2651) (0.8275) (0.6852) (0.9222)

Attt�4�Controlt�4 0.1504 0.1333 �0.9382 �1.1251 �0.4905
(0.3617) (0.2651) (0.9338) (0.7316) (0.8957)

Intercept 0.0067 0.0070 0.0077 0.0065 0.0053
(0.0045) (0.0043) (0.0047) (0.0046) (0.0044)

R2 0.1738 0.1904 0.1655 0.1958 0.1721

Note: The table contains the estimation results of lagged carbon return (Rt�i , i ¼ 1, 2, 3, 4), lagged investor atten-
tion (Attt�i , i ¼ 1, 2, 3, 4), lagged control variable (Controlt�i , i ¼ 1, 2, 3, 4) and the interaction term between
lagged investor attention and control variable (Attt�i�Controlt�i , i ¼ 1, 2, 3, 4). The returns of Brent oil futures
(Brent), Natural gas futures (GAS), Dow Jones Industrial Average Index (DOW), NASDQ Composite Index (NASDQ) and
DAX Index (DAX) represent the control variables.
Source: the Authors.
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the results we concluded above. If the stock returns are controlled, the results vary by
the stock markets. For example, a change in attention will emerge positive effects the
carbon futures return in four weeks later when we controlled the U.S. stock returns.
While a change in attention would appear negative effects the carbon return immedi-
ately if we controlled the Germany stock returns. Thus, we should not only take into
account the information of investor psychology and behavior, but also the informa-
tion from related market returns when explain carbon futures return.

In summary, investor attention is a granger cause of carbon futures return. And it
further generates linear and nonlinear effects on carbon futures return. All the above
in-sample results certify an important reality that investor attention can effectively
explain carbon futures return. However, this remarkably explanatory power does not
mean that it can perform well in the out-of-sample forecasts. Thus, it is an interesting
issue to explore whether investor attention can further predict carbon futures return
in the out-of-sample forecasts. We show the results in the subsequent two sections.

5. Out-of-sample forecasts

As Welch and Goyal (2008) argued that out-of-sample tests seem more precise for
avoiding the over-fitting and evaluating return forecasts. Thus, we implement the
out-of-sample forecasts to further illustrate the usefulness of investor attention on
carbon return predictions. Here, the rolling window forecast method is used (Wang
et al., 2018). We can then obtain the carbon futures return at week tþ h (h is forecast
horizon) based on this forecast method by employing Equations (4)–(6).

dRtþh ¼ â0 þ
X4

i¼1
âiRtþh�i þ

X4

i¼1
b̂iAtttþh�i (4)

dRtþh ¼ â1 þ
X4

i¼1
âiRtþh�i þ

X4

i¼1
b̂iAtttþh�i þ

X4

i¼1
ĝiAtt

2
tþh�i (5)

dRtþh ¼ â2 þ
X4

i¼1
âiRtþh�i þ

X4

i¼1
b̂iAtttþh�i þ

X4

i¼1
ĉi controltþh�i

þ
X4

i¼1
d̂iAtttþh�i�controltþh�i (6)

The three predictive equations represent the models mentioned in the above
Sections 4.2–4.4, respectively. All the parameters are estimated by sub-sample return
series and are update in each prediction. The forecast horizon h represents the certain
week investors would like to estimate. For example, the horizon is set to one if
investors would like to estimate the return of next week, and the horizon is set to
two if investors would like to estimate the return of the week after next week.
According to Yin et al. (2019), we analyze and assess the accuracy of different pre-
dictive models by calculating out-of-sample R squared (R2

oos), mean squared forecast
error (MSFE), MSFE-adjusted statistic.
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5.1. One period ahead forecast

We report the out-of-sample forecasts with rolling window length set to 160 and
forecast horizon equal to one. The detailed results are shown in Table 8.

We can conclude from Table 8 that after controlling two types of asset returns,
i.e., Brent oil futures or Dow Jones Industrial Average, the two predictive models
incorporating attention significantly outperform the historical average. Other models
perform worse than the benchmark model as the R2

oos is negative, which represents
that the models’ forecasting errors are significantly greater than the historical average.

5.2. Longer horizon forecasts

We conduct further explorations on the out-of-sample forecasts for longer horizons
to excavate more information about the forecast performance of investor attention on
carbon return. Specifically, we set the forecast horizon as 2, 4, 8 and 12. The settings
reflect the out-of-sample forecasts performance in half month, one month, two month
and three month later, respectively. The corresponding results are shown in the panel
A, B, C and D of Table 9.

From Table 9, we can conclude the predictive models incorporating attention
indeed improve the forecast performance over the benchmark model even in longer
horizon predictions. Specifically, if the returns of Brent oil futures or Dow Jones
Industrial Average is controlled, the R2

oos is positive and the MSFE-adj is significant in
half month later, which means the two predictive models incorporating attention sig-
nificantly outperform the unbeatable historical average. For other horizons, the pre-
dictive models incorporating attention and controlling the energy returns or the
Germany stock returns is obviously superior to the benchmark model. Moreover, the
predictive model controlling the returns of Brent oil futures emerges the most fore-
casting performance in all horizons. It means that we can employ the model to get
better predictions on carbon return. However, the table also indicate an important
fact that despite some predictive models shows an excellent explanatory power on
carbon return, their prediction powers may weaker than the benchmark model in the
out-of-sample forecasts.

Generally, the predictive models incorporating investor attention can be surely
applied in the out-of-sample forecasts of carbon futures return, especially the model

Table 8. Out-of-sample prediction results with forecast horizon equal to one.
R2oos MSFE MSFE-adj

VAR �0.0478 0.0035 1.9286
High �0.0943 0.0037 0.0036
Brent 0.1446 0.0029 2.1843��
Gas �0.0038 0.0034 1.6457
Dow 0.0296 0.0032 1.5904�
NASDQ �0.0207 0.0034 2.1349
DAX �0.0123 0.0034 1.2897

Note: VAR and High represent the models (4) and (5), respectively. Brent, Gas, Dow, NASDQ and DAX refer to the
cases when the control variable in Equation (6) is controlled by the corresponding return, respectively. As indicated
by Welch and Goyal (2008), it is difficult for an individual model to significantly outperform the historical average
model in the out-of-sample forecasts. Thus, we set the historical average model as our benchmark model. A positive
R2oos indicates that the forecasting performance of the predictive models outperforms the benchmark model.
Source: the Authors.
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controlling the returns of Brent Oil futures. However, statistical usefulness does not
mean that the forecast would generate economic values. Thus, following Neely et al.
(2014) and Wang et al. (2018), several simple portfolios including carbon futures and
risk-free assets are constructed to calculate the certainty equivalent return (CER).

6. Economic values

We suppose the investors who participate in asset allocation are the risk-averse
investors with mean-variance preference. We collect and compute the return of
LIBOR, which is usually regarded as the risk-free asset. Assume that the risk-averse
investors with mean-variance performance optimally allocate across risk-free asset
and carbon futures based on the forecasts with investor attention. We then consider
the CER gain, which is used to measure the difference between the CER for the pre-
dictive regression forecasts incorporating investor attention expressed by the
Equations (4)–(6) and the CER for the historical average forecast. We also include
the indicator of Sharpe ratio to enhance the evaluation accuracy of economic values.
The economic values results based on carbon asset allocation exercise including the
utility and sharp ratio, are shown in Table 10.

From Table 10, we can conclude the forecasts incorporated with attention outper-
form the historical average forecast in terms of economic values. First, from the per-
spective of the utility gained, it is clear that the portfolio utility decreases with the
increasing of risk aversion degree for most cases of parameter settings, which means
the risky preference of the investors will significantly influence the portfolio utility.
And all the predictive models incorporating attention and controlling related returns
have a greater utility compared with the historical average. However, for the predict-
ive models represented by the Equations (4) and (5), the results vary. Second, from
the perspective of Sharpe ratio. For all the parameter settings, the predictive models

Table 9. Out-of-sample prediction results with different forecast horizons.
Panel A: h¼ 2 Panel B: h¼ 4

R2oos MSFE MSFE-adj R2oos MSFE MSFE-adj

VAR �0.0496 0.0034 1.1385 �0.0079 0.0033 1.6596
High �0.1054 0.0036 1.1665 �0.0638 0.0035 1.7264
Brent 0.1985 0.0026 2.0574�� 0.2180 0.0026 2.1107��
Gas �0.0086 0.0033 1.5114 0.0179 0.0032 1.7203��
Dow 0.0331 0.0032 1.5925� �0.0600 0.0035 1.5942
NASDQ �0.0157 0.0033 2.1058 �0.0859 0.0036 2.3528
DAX �0.0104 0.0033 1.2607 0.0476 0.0032 1.3345�

Panel C: h¼ 8 Panel D: h¼ 12

R2 MSFE MSFE-adj R2 MSFE MSFE-adj

VAR �0.0100 0.0033 1.4207 0.0074 0.0034 1.3186�
High �0.0759 0.0035 1.4108 �0.0403 0.0035 1.5331
Brent 0.1985 0.0026 2.2288�� 0.2834 0.0024 1.9062��
Gas 0.0276 0.0032 1.5886� 0.0648 0.0032 1.5504�
Dow 0.1066 0.0029 1.3908� 0.1086 0.0030 1.4503�
NASDQ 0.0236 0.0032 2.1243�� �0.0189 0.0024 2.4527
DAX 0.1239 0.0029 1.3906� 0.2153 0.0027 1.4387�
Note: VAR and High represent the models (4) and (5), respectively. Brent, Gas, Dow, NASDQ and DAX refer to the
cases when the control variable in Equation (6) is controlled by the corresponding return, respectively.
Source: the Authors.
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have a larger Sharpe ratio than the benchmark model. And the Sharpe ratios of the
predictive models controlling the related returns have been significantly improved
compared with other predictive models (Equations (4) and (5)) and the historical
average. Furthermore, the main results cannot be altered with the changes in transac-
tion cost, which means that our results are robust.

To sum up, employing investor attention to forecast carbon futures return can
bring significant economic values based on allocation exercises. Particularly, it is of
great importance to control the returns in other related financial markets, as it can
significantly improve utility and Sharpe ratio of the carbon futures portfolio com-
pared with the historical average benchmark.

Table 10. Portfolio performance measures.
Cost c Indicator Benchmark VAR High Brent Gas

bps ¼ 0 3 utility �0.0012 0.0002 0.0006 0.5860 0.7430
SR 0.0205 0.1097 0.1024 0.2820 0.1115

6 utility �0.0006 �0.0015 �0.0011 0.5649 0.6637
SR 0.0205 0.0942 0.0844 0.2983 0.1371

9 utility �0.0005 �0.0010 �0.0012 0.4987 0.5504
SR 0.0205 0.0987 0.0732 0.3043 0.1512

bps ¼ 10 3 utility �0.0012 �0.0005 �0.0002 0.5860 0.7430
SR 0.0202 0.1004 0.0904 0.2712 0.0982

6 utility �0.0006 �0.0021 �0.0017 0.5649 0.6637
SR 0.0204 0.0800 0.0682 0.2870 0.1231

9 utility �0.0005 �0.0015 �0.0017 0.4987 0.5504
SR 0.0204 0.0824 0.0544 0.2918 0.1378

bps ¼ 20 3 utility �0.0012 �0.0012 �0.0009 0.5860 0.7430
SR 0.0198 0.0912 0.0784 0.2603 0.0850

6 utility �0.0006 �0.0027 �0.0023 0.5649 0.6637
SR 0.0202 0.0657 0.0519 0.2756 0.1092

9 utility �0.0005 �0.0020 �0.0022 0.4987 0.5504
SR 0.0204 0.0661 0.0357 0.2793 0.1244

Benchmark Dow NASDQ DAX
bps ¼ 0 3 utility �0.0012 0.6498 0.6264 0.5989

SR 0.0205 0.2489 0.2176 0.1922
6 utility �0.0006 0.6311 0.6256 0.5814

SR 0.0205 0.2083 0.2361 0.2015
9 utility �0.0005 0.5289 0.5234 0.5063

SR 0.0205 0.1924 0.2215 0.2013
bps ¼ 10 3 utility �0.0012 0.6498 0.6264 0.5989

SR 0.0202 0.2368 0.2064 0.1814
6 utility �0.0006 0.6311 0.6256 0.5814

SR 0.0204 0.1939 0.2231 0.1890
9 utility �0.0005 0.5289 0.5234 0.5063

SR 0.0204 0.1787 0.2086 0.1880
bps ¼ 20 3 utility �0.0012 0.6498 0.6264 0.5989

SR 0.0198 0.2248 0.1952 0.1706
6 utility �0.0006 0.6311 0.6256 0.5814

SR 0.0202 0.1795 0.2102 0.1764
9 utility �0.0005 0.5289 0.5234 0.5063

SR 0.0204 0.1650 0.1957 0.1747

Note: This table reports the portfolio performance measurement for a risk-average investor who allocates assets
between carbon futures and risk-free asset by using either an historical average or the predictive models incorpo-
rated with attention. Utility is the net CER gains by assuming a proportional transactions cost. We compare the dif-
ferent proportional transaction costs of 0, 10 and 20 basis points (bps) per transaction to assure the robustness. SR
is the Sharpe ratio, and c is the risk-aversion degree. VAR and High represent the models (4) and (5), respectively.
Brent, Gas, Dow, NASDQ and DAX refer to the cases when the control variable in Equation (6) is controlled by the
corresponding return, respectively.
Source: the Authors.
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7. Robustness checks

In this paper, we argue that investor attention is an important factor in explaining
and forecasting carbon futures return. However, all the results are conducted for cer-
tain sample period based on the key word of ‘carbon emission’ from Google Trends.
It is also an interesting and important issue to explore whether the results vary
depending on different key words and sample period. Thus, we implement the
robustness checks to guarantee the preciseness.

First, we search other three key words, i.e., ‘Carbon price’, ‘Carbon trading’ and ‘EU
ETS’ during the same period from January 10, 2016 to August 23, 2020. Then, we set
different window length to implement the Granger causality test in order to certify
whether investor attention is still an important factor in explaining the changes in car-
bon futures return. The results of Granger causality tests show that changes in keyword
do not alter the explanatory power of attention on carbon return.

Next, we update our sample to the period from the start of phase III of EU ETS to
the end of 2015 with investor attention on ‘Carbon emission’ adopted. The time scale
is also the period for ‘pre-Paris Agreement’, such division may guarantee that our
conclusion on investor attention will not be changed due to one important global car-
bon reduction event. We attempt a window length to 102 and lag length to 2, in
which case, such setting ensures the results pass the basic Granger causality test. All
the related empirical processes are conducted as they are in Section 4. As shown in
the following table, we can still conclude investor attention is indeed an important
factor in explaining carbon futures return. Here, we should notice that the window
length and lag length vary from our empirical research in Section 4, this is not sur-
prising, and which may be accounted by the sensitivities of investors on different
samples and keywords. Moreover, the direction of the impact of investor attention on
carbon return is obviously different from the above results summarized in Section 4.
Although it emerges significantly negative effects, it does not influence the conclusion
that investor attention is a non-negligible pricing factor in carbon market and
deserves more focuses (Table 11).

Table 11. Granger causality and VAR analyses for robustness checks.
Panel A: Granger causality test result for robustness check

Investor attention is not the granger cause of carbon futures return 5.3586�
Carbon futures return is not the granger cause of investor attention 0.1533
Panel B: VAR analysis for robustness checks

VAR analysis

Rt Attt
Rt�1 0.4548��� 0.0961

(0.0893) (0.3529)
Rt�2 �0.3145��� �0.1272

(0.0887) (0.3505)
Attt�1 �0.0416 �0.3170���

(0.0259) (0.1022)
Attt�2 �0.0565�� �0.0763

(0.0268) (0.1061)
Intercept 0.0034 �0.0136

(0.0058) (0.0230)
R2 0.2663 0.0900

Source: the Authors.
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8. Conclusion

In this paper, we conduct a first attempt to explore the movement of carbon futures
return from a novel perspective, i.e., investor attention. We implement the Granger
causality test, the VAR analysis and several non-linear models to investigate the
impacts of investor attention on carbon return. The results can be summarized as fol-
lows. First, a unidirectional granger cause from investor attention to carbon return
exist; besides, investor attention shows both linear and non-linear effects on carbon
return, which represents that attention is an important factor in explaining carbon
return. Second, based on the excellent explanatory power, we make the out-of-sample
forecasts, the results show the predictive models outperform the benchmark model in
different horizons. Third, we construct simple portfolios to evaluate the economic val-
ues of the predictive models. The results show the predictive models have greater eco-
nomic values. Finally, we implement robustness checks to ensure the accuracy of our
results that investor attention is a non-negligible pricing factor in carbon market.

In closing, we believe that our efforts provide further evidence for the literature on
investor attention where it is an important factor in explaining and forecasting
returns in financial markets. For market participants, the results shed lights to fore-
cast carbon market both in statistical and economic levels. However, several disadvan-
tages exist. For example, attempts to apply alternative estimation methods except for
the OLS may need to be comprehensively researched. Moreover, we mainly focus on
the investor attention closely relate to the carbon market, while investor attention on
other markets may also be an important influence factor on the returns of carbon
market as these markets are closely related. The deficiencies should also be researched
comprehensively in the future.
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