
 

                                  

 

 

News Media and Attention Spillover across Energy Markets
A Powerful Predictor of Crude Oil Futures Prices
Cepni, Oguzhan; Nguyen, Duc Khuong ; Sensoy, Ahmet

Document Version
Final published version

Publication date:
2021

License
Unspecified

Citation for published version (APA):
Cepni, O., Nguyen, D. K., & Sensoy, A. (2021). News Media and Attention Spillover across Energy Markets: A
Powerful Predictor of Crude Oil Futures Prices.

Link to publication in CBS Research Portal

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

Take down policy
If you believe that this document breaches copyright please contact us (research.lib@cbs.dk) providing details, and we will remove access to
the work immediately and investigate your claim.

Download date: 28. Feb. 2023

https://research.cbs.dk/en/publications/e65ca686-50a5-4c5c-b86e-8451fb089948


News Media and Attention Spillover across Energy
Markets: A Powerful Predictor of Crude Oil Futures

Prices

Oguzhan Cepnia,b, Duc Khuong Nguyenc,d,?, Ahmet Sensoye

aCopenhagen Business School, Copenhagen, Denmark. Email: oce.eco@cbs.dk
bCentral Bank of the Republic of Turkey, Markets Department, Ankara, Turkey.
cIPAG Business School, Paris, France. Email: duc.nguyen@ipag.fr
dInternational School, Vietnam National University, Hanoi, Vietnam
eBilkent University, FBA, Ankara, Turkey. Email: ahmet.sensoy@bilkent.edu.tr
?Corresponding author: 184 Boulevard Saint Germain, 75006 Paris, France.

Abstract

We develop two news-based investor attention measures from the news trends function of the

Bloomberg terminal and investigate their predictive power for returns on crude oil futures

contracts with various maturities. Our main results after controlling for relevant macroeco-

nomic variables show that the Oil-based Institutional Attention Index is useful in predicting

oil futures returns, especially during price downturn periods, while the forecasting accu-

racy is further improved when the Commodity Market Institutional Attention Index is used.

This forecasting accuracy decreases, however, with the maturity of oil futures contracts.

Moreover, we find some evidence of Granger-causality and regime-dependent interactions

between investor attention measures and oil futures returns. Finally, variable selection al-

gorithms matter before making predictions since they create the best forecasting results in

many cases considered. These findings are important for informed traders and policymakers

to better understand the price dynamics of the oil markets.

Keywords: Crude oil returns; Density forecasting; investor attention; time-varying Granger

causality; variable selection.
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1. Introduction

Crude oil is undoubtedly one of the most important commodities globally as it goes into

the production of gasoline, jet fuel as well as many other petroleum products and chemicals.

As an essential source of energy, it has also played a prominent role in economic activities

of nations worldwide. A positive shock in the oil prices can actually induce an increased

cost of production and services, thus raising overall price levels and affecting consumers’

purchasing power (Myers et al., 2018; Geiger and Scharler, 2019; Pal and Mitra, 2019). Such

an effect might create concerns regarding productivity in the future, lead to negative mar-

ket sentiment, and decreases in companies’ equity values (see, e.g., Cunado and de Gracia

(2014); Joo and Park (2021) and references therein). Further impacts can be seen on the

GDP since radical changes in oil prices can create a wealth transfer between oil-importing

and oil-exporting countries through a shift in terms of trade (see, e.g., Elekdag et al. (2008)).

Therefore, the question about oil price driving factors has attracted considerable attention

since a reliable forecast of oil prices is of great interest to energy companies, portfolio man-

agers, and policymakers.

To date, several economic and financial variables have been explored for accurate pre-

diction of oil prices, and the related literature can be divided into two categories. The first

strand of literature relies extensively on macroeconomic variables, including the U.S. and

global macroeconomic aggregates (Lardic and Mignon, 2008; Zagaglia, 2010), economic ac-

tivity (Kilian and Hicks, 2013), fluctuations in exchange rates (Wu et al., 2012; Brahmasrene

et al., 2014; Jawadi et al., 2019; Karlsson et al., 2020), stock market indicators (Narayan and

Sharma, 2011; Cunado and de Gracia, 2014; Ye et al., 2020), interest rates (Arora and Tan-

ner, 2013), and policy uncertainty (Li et al., 2016; Garnier and Madlener, 2016; Prokopczuk

et al., 2020). It is important to emphasize that oil prices would be mainly affected through

the mechanisms related to macroeconomic fundamentals or tangible real factors such as those

listed here when commodity markets were not financialized. In this case, the impact of an oil

shock hitting the markets would be limited and contained within inflationary consequences.
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With the financialization of oil commodities since 2004, the impact of oil prices has

reached up a greater extent, especially in the financial markets. The oil markets’ new struc-

ture has also changed the underlying forces that drive them to become more and more com-

plex, making oil price forecasting more and more difficult. In particular, expectation-based

channels such as investor attention have become major factors for the pricing of commodities

in the financial markets (see, e.g., Kou et al. (2018); Prange (2021)). Nowadays, the better

are the expectations regarding economic outlook, the higher is the interest for oil in financial

markets and thus the higher the oil prices. Similarly, the increased investor attention to

crude oil can be considered as a leading signal for the upcoming drastic price movements.

On top of these, the last three decades have witnessed the rise of innovative financial instru-

ments through derivatives markets, enabling investor attention to have a more vital role in

determining the oil prices.

Given that considering information from fundamentals only is insufficient, the second

strand of the literature utilizes some attention measures in energy markets to predict oil

prices. For instance, Afkhami et al. (2017) use Google search data to measure attention in

energy markets and generate proxies that best represent investor attention for energy price

volatility prediction. They find that their Google Search Volume based on keywords related

to 90 energy-related keywords is a significant predictor of energy price volatility. Qadan and

Nama (2018) show that investor sentiment includes informative information for predicting

oil prices and volatility. In line with these studies, Basistha et al. (2015), Li et al. (2015),

and Campos et al. (2017) also demonstrate that internet search activity or internet concern

is helpful to produce better forecasts of oil prices.

It is equally important to note that investor attention measures using information from

social media platforms and Google search activity mostly capture retail investor attention.

However, retail investors’ capability to collect and process information is extremely limited

compared to institutional investors (Ben-Rephael et al., 2017). Given the dominant role of

institutional investors, it is crucial to examine the impact of their attention on oil prices.
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Building on these views, this study utilizes a new overall commodity market index and an

oil-specific investor attention index based on the Bloomberg terminal’s news count function

to capture the more immediate and relevant market antecedents of oil price fluctuations. To

the extent that the majority of Bloomberg terminal users are mainly institutional investors

who have both the incentives and financial resources to react quickly to significant news

about oil price movements, it is likely that the news appears on the Bloomberg terminal is

closely followed by commodity traders.

To implement our study, we employ the news trends function of the Bloomberg terminal

and collect the news counts which may have signaling information about oil prices. We

then construct an Oil-based Institutional Attention Index (OIAI) from the news counts data

and utilize it for predicting oil price returns while controlling for several macroeconomic

variables such as economic activity and global crude oil production. Similarly, we also

construct a Commodity Market Institutional Attention Index (CMIAI) by extracting the

common components of news counts of a large set of commodities using the partial least

squares (PLS) approach. With the creation of these two indices, we intend to address three

critical questions: i) Does the OIAI allow to predict oil prices better than other economic

variables? ii) How does the predictive power of the investor attention indexes change in

the short- and long-term horizons? iii) Is the OIAI predictive power superior to that of the

CMIAI?

Overall, our paper makes several important contributions to the literature on investor

attention and oil price predictability. First, we use a new and direct measure of institutional

investor attention. Importantly, this measure can capture a broader set of news that may

draw institutional investors’ attention, allowing us to examine its role in forecasting oil prices.

Because the institutional attention index is broadly analogous to the direct measure of retail

attention from Google searches, our results complement the investor attention literature that

only focuses on retail attention to predict oil prices. Since Bloomberg terminals are essential

in disseminating news to institutional investors, our paper also contributes to the broader
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literature linking the news media to asset prices. Finally, we provide new empirical evidence

on the predictive ability of overall energy markets’ attention vs. oil-specific attention index.

The rest of this paper is organized as follows. Section 2 describes the data sources and

lists the keywords used to collect news counts. Section 3 introduces the methodological

framework we use to construct institutional investor attention indices and to examine the

predictive ability of attention indices for oil future returns. Section 4 reports and discusses

the empirical results.Section 5 provides some concluding remarks.

2. Data

We use the news trends function of the Bloomberg terminal to collect the news counts

including the following terms: ’Crude Oil’, ’Carbon & Environmental Markets’, ’OPEC’,

’Diesel’, ’Heating Oil’, ’Gasoil’, ’Gasoline’, ’Liquefied Natural Gas’, ’Aluminum’, ’Copper’,

’Iron Ore’, ’Ferro-Alloys’, ’Nickel’, ’Silver’, ’Steel’, ’Cattle’, ’Coffee’, ’Corn’, ’Soybeans &

Soy Products’, ’Sugar’, ’Wheat’, ’Hogs’, ’Cocoa’ ’Orange Juice’, ’Palm Oil’, ’Rice’, and

’Canola’. Given that Bloomberg terminals are mainly used by institutional investors working

in asset management, banking, and institutional financial services (Ben-Rephael et al., 2017),

it is expected that the news appearing on Bloomberg terminal is followed by institutional

investors who have greater resources and stronger incentives to pay attention to news quickly.

To control the demand and supply conditions, the global oil production data sourced from

the Energy Information Agency (EIA) and the ADS index of Aruoba et al. (2009) which is

a daily measure of economic activity based on nine macroeconomic indicators (i.e., drivers

of economic growth) are used.1 Furthermore, we obtain data of crude oil futures contracts

for a wide range of maturities including 1, 2, 3, 6, 9, 12-months from Bloomberg terminal.

Our monthly dataset covers January 2012 to December 2020, whereby the starting date is

1Data for the ADS index is downloaded from: https://www.philadelphiafed.org/surveys-and-data/
real-time-data-research/ads
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determined by the data availability of the news counts function on the Bloomberg terminal.

All series are adjusted for seasonality (where relevant) and appropriately made stationary

by either differencing or log-differencing.

3. Methodological Approach

3.1. Constructing institutional investor attention indices

We use the total number of news including the ’Crude Oil’ keyword as the oil market

investor attention index (OIAI) since it captures the investor attention directly related to

oil-specific market.

As for the CMIAI, we construct it by implementing the partial least squares (PLS)

method of Wold (1966) instead of the PCA approach. On this topic, Boivin and Ng (2006)

indicate that the principal component analysis (PCA) may perform poorly in predicting the

target variable since it might be the case that the estimated factors do not include predictive

power for the target variable we want to forecast. Similar to PCA, the PLS method yields

dimension reduction by estimating a set of latent factors from a large set of variables, but

unlike the PCA, it constructs factors that are specifically valuable for forecasting a given

target which is oil futures returns in our case.

In particular, we apply the PLS method following the two-step procedure introduced by

Friedman et al. (2001). Firstly, each candidate predictor variable xj (j = 1, . . . , p) are stan-

dardized to have zero mean and unit variance. Secondly, univariate regression coefficients

γ1j γ̂1j = 〈xj, y〉 are stored for each j. Subsequently, the first PLS direction z1 =
∑
j

γ1j γ̂1jxj

is computed as the weighted sum of the original set of predictor variables and vector of uni-

variate regression coefficients. Hence, the estimation of the PLS direction incorporates the

degree of relation between oil futures returns and common factors. Afterward, the "target"

variable y is regressed on z1, giving a coefficient θ1, and then all inputs are orthogonal-

ized with respect to z1. This process is continued until PLS provides a sequence of l < p

orthogonal directions.

6



Given that the PLS utilizes the oil futures returns to create the directions, its solution

path is a non-linear function of oil futures returns. Groen and Kapetanios (2016) suggest

that while the PCA finds directions that maximize only the variance of the set of predictor

variables, the PLS seeks the directions that have high variance and high correlation with

the oil futures returns simultaneously. Specifically, the mth PLS direction γmγ̂m solves the

following optimization problem:

max
α

Corr2(y,Xα)V ar(Xα),

subject to ‖α‖= 1, α′Sγlγ̂l = 0, l = 1, ...,m− 1

(1)

where S represents the sample covariance matrix of the xj.

We use partial least squares (PLS) to summarize the information contained a broad set

of news counts including a wide range of commodities, namely: ’Diesel, Heating Oil, Gasoil’,

’Gasoline’, ’Liquefied Natural Gas’, ’Aluminum’, ’Copper’, ’Iron Ore’, ’Ferro-Alloys’, ’Nickel’,

’Silver’, ’Steel’, ’Cattle’, ’Coffee’, ’Corn’, ’Soybeans & Soy Products’, ’Sugar’, ’Wheat’,

’Hogs’, ’Cocoa’ ’Orange Juice’, ’Palm Oil’, ’Rice’, and ’Canola’. We call these estimated

PLS-factors as commodity market institutional investor attention index (CMIAI).

3.2. Forecasting experiment

To examine the predictive ability of investor attention indices for oil futures returns, we

carry out factor-augmented predictive regressions based on different model specifications.

We utilize both a point and a density forecasting exercises to generate predictions from

the different model specifications. The evaluation of forecasts is based on the logarithm of

the average predictive likelihoods (APL) for comparing densities and, on the mean square

forecast errors (MSFEs) for point forecasts. We employ the 50% of the sample to evaluate

out-of-sample forecasts, resulting in a period of 108-h observations where APLs and MSFEs

are computed. All model specifications are re-estimated at each step using the information

available at time t. The forecast horizons evaluated are h = 1, 2, 3, 6, 9, 12-step ahead

forecasts. Furthermore, the mean squared forecast error (MSFE)-adjusted test of Clark
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and West (2007) is implemented to compare forecast performance relatively to the simple

autoregressive (AR) model, which is applicable for nested models.

We implement a set of specifications which enable us to isolate any forecast improvements

from the incorporation of different type of investor attention indices. In particular, our

forecasting exercise considers the following models:

• Specification 1: r(n)t+h = µ+ Lprt + β′Controlst + εt+h

• Specification 2: r(n)t+h = µ+ Lprt + β′Controlst + ϑ′OIAIt + εt+h

• Specification 3: r(n)t+h = µ+ Lprt + β′Controlst + ϑ′OIAIt + θ′CMIAIt + εt+h

• Specification 4: r(n)t+h = µ+ Lprt + β′Controlst + ϑ′OIAIt + θ′CMIAIt + δ′ENVMARt + εt+h

• Specification 5: r(n)t+h = µ+Lprt+β
′Controlst+ϑ

′OIAIt+θ
′CMIAIt+δ

′ENVMARt+ψ
′OPECtεt+h

where r(n)t+h represents oil futures returns for maturities n = 1, 2, 3, 6, 9, 12 months,

Controlst includes the ADS index and oil production. OIAIt is the oil market investor

attention index. CMIAIt is the commodity market investor attention index estimated using

the PLS approach. ENVMARt is the green energy attention index based on news counts

including the keyword of ’Carbon & Environmental Markets’. OPECt refers to news counts

including the keyword ’OPEC’.2 The lag length p of each specification is chosen based on

SIC criteria. While Specification 1 allows us to evaluate the importance of macroeconomic

conditions in addition to lags of oil futures returns and constant, Specification types from 2

to 5 are an extension that includes a wide variety of investor attention indices.

3.3. Variable selection algorithms

In addition to factor-augmented predictive regressions, we investigate whether there is an

improvement in forecast accuracy obtained from appropriate variable selection algorithms.

2We set the number of factors to be four for CMIAIt since the first four factors explain nearly 50%
variation in oil future returns for a given maturity. We also utilize the Bai and Ng (2002) criteria, but it
chooses too many factors which deteriorate forecast performance.
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The reason is that model and parameter uncertainty may result in an adverse impact on

the marginal predictive content of factors that are constructed using finite samples of data

(Cepni et al., 2019). Hence, we implement variable selection methods to shrinkage coefficients

of some predictors to zero before the construction of forecasts. In particular, we analyze

alternative variable selection methods, namely Elastic-Net and Least Absolute Shrinkage

Operator (LASSO). Accordingly, we choose indicators from the set of variables for each

month that includes control variables, OIAI, ENVMAR, OPEC, and all the four factors of

the CMIAI index.

3.3.1. Least Absolute Shrinkage Operator (LASSO)

We apply the LASSO method introduced by Tibshirani (1996). Contrary to the ridge es-

timator, LASSO puts an `1-norm penalty on the regression coefficients for possible shrinkage.

The LASSO estimator is formulated below:

β̂lasso =min
β
‖Y −Xβ‖2 + λ

N∑
j=1

|βj|, (2)

where λ is a tuning parameter that adjusts the strength of the `1-norm penalty. Consider-

ing that our objective function in the LASSO is not differentiable, we employ the efficient

iterative algorithm (shooting algorithm) introduced by Fu (1998) for numerical optimization.

3.3.2. Elastic Net (ENET)

Tibshirani (1996) shows that the predictive accuracy of the LASSO approach deterio-

rates compared to the forecast performance of the ridge regression in the presence of highly

correlated variables. To overcome this problem, Zou and Hastie (2005) suggest incorporat-

ing a hybrid version of the estimators Ridge regression and LASSO, called the elastic net

estimator (ENET). The ENET estimator is denoted as follows:

β̂EN =min
β
‖Y −Xβ‖2 + λ1

N∑
j=1

|βj|+λ2
N∑
j=1

βj
2, (3)
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where λ1 and λ2 are tuning parameters controlling the two penalty functions. Similar to the

LASSO, the ENET also yields a possible shrinkage of coefficients to zero.

3.4. Time-varying Granger causality test of Rossi and Wang (2019)

We implement the time-varying parameter robust Granger-causality method (TVP-GC)

of Rossi and Wang (2019) to check the causal relationship between oil futures returns and

investor attention indices over time for maturities n = 1, 2, 3, 6, 9, 12 months. The main ad-

vantage of the TVP-GC method is that it is more robust than the standard Granger causality

test in the presence of instabilities and allows us to distinguish the periods when Granger

causality exists or disappears in the data.3 Given that our sample includes the substantial

oil price drop periods leading to a destabilizing effect on oil futures returns, the TVP-GC

method enables us to examine the time-varying causal relationships over time.4 Hence, it is

more optimal to use the TVP-GC method to obtain a more appropriate estimation of the

relationship than a constant parameter Granger causality method.

In particular, we consider a VAR model with time-varying parameters as follows:

yt = Φ1,tyt−1 + Φ2,tyt−2 + · · ·+ Φp,tyt−p + εt (4)

where yt = [y1,t, y2,t, . . . , yk,t]
′ is an k×1 vector, Φj,t, j = 1, . . . , p are functions of time-

varying coefficient matrices, and εt denotes idiosyncratic shocks which are assumed to be

heteroscedastic and serially correlated. The endogenous variables vector yt in the VAR

model includes alternatively oil futures returns for maturities n = 1, 2, 3, 6, 9, 12 months,

OIAI, ENVMAR, OPEC, and the first common factor of the CMIAI index, the ADS index

and the oil production.

We test the null hypothesis that the lags of the CMIAI (and alternatively, OIAI) index

do not Granger cause the oil futures returns for a given maturity, where θt denotes an

3Rossi (2005) suggests that traditional VAR-based test statistics do not yield coherent inferences about
statistical significance in case of parameter instability.

4On 20 April 2020, WTI Crude futures contracts dropped below $0 for the first time in history.
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appropriate subset of vec (Φ1,t,Φ2,t, . . . ,Φp,t):

H0 : θt = 0, ∀t = 1, 2 . . . T (5)

In doing so, we report test statistics such as the meanWald (MeanW) test, the exponential

Wald (ExpW) test, the Nyblom test, and the Quandt likelihood-ratio (SupLR) test following

from Rossi and Wang (2019).5 The lag length of the VAR model is selected based on the

Schwarz Information Criterion (SIC).

4. Empirical Results

4.1. Predictability of oil futures returns: The role of investor attention indices

Our empirical analysis begins with the examination of the contemporaneous impact of

investor attention on the oil futures returns. Table 1 presents in-sample estimation results for

the entire sample, indicating that attention indices together with the control variables explain

58% of the variation in oil futures returns for the one-month maturity. We also observe that

while the estimated coefficient associated with the OIAI is negative and significant at a

1% level, the coefficient of the CMIAI is positive and larger in absolute value than that

of the OIAI. This result suggests that the increased oil-specific investor attention implies a

downside risk for oil futures returns rather than an upside move. One possible explanation

for this result is that investors in the oil market are likely to pay more attention to the

bad news related to downside risk (Han et al., 2017). Hence, institutional investors seem

to be more worried about falling oil prices rather than rising oil prices. Similar shreds of

evidence are also observed in literature for other financial assets (Xiao et al., 2018; Chen

et al., 2020a; Dzieliński et al., 2018). On the contrary, the significant positive coefficient

5The TVP-GC test is implemented using the gcrobustvar command of STATA as provided by Rossi and
Wang (2019). Following the extant structural break literature, we choose the standard trimming parameter
as 0.10 since the potential break dates are usually trimmed to omit the beginning and end of the sample
period.
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of CMIAI suggests that investors’ attention on the overall commodity market may indeed

be an important channel for driving the oil futures returns through attention spillovers

across the oil market. Furthermore, the size of the estimated coefficients for CMIAI and

OIAI generally decreases with maturity, possibly reflecting that attention contagions present

relatively short-lived effects.

Table 2 presents the point forecasting results where model parameters are estimated

recursively on a monthly basis in an expanding window. Whereas the entries in the first

row of each panel report the actual MSFEs of the benchmark AR model, all other entries

are the MSFEs relative to those of the AR model. Hence, the entries below show a better

forecast performance for a given specification type compared to the benchmark AR model.

A sequence of h-step forecasts for each month, i.e., h = 1, 2, 3, 6, 9, 12 are generated. For the

purpose of making interpretation and comparison easier, we highlight the smallest MSFEs

in bold.

The results presented in Table 2 reveal several interesting findings. First, point forecasts

from the models that include oil-specific and overall commodity market investor attention

indices generally yield better prediction accuracy than other models that have control vari-

ables and different types of attention indices. In particular, the forecast accuracy gains are

higher for short-term forecast horizons (h = 1, 2, 3), and a nearly 17% reduction in MSFE

relative to the benchmark AR model is obtained if we look at the forecast performance of

the Specification 3 for two months oil future returns at h = 1. The equivalent reductions in

MSFE are also available for other maturities. On the other hand, the forecast gains are gen-

erally decreasing in the forecast horizon, suggesting that the effect of institutional investor

attention indices is short-lived, and its predictive power deteriorates for longer forecast hori-

zons. Hence, our results are in line with the findings of Mbanga et al. (2019) who document

that the effect of attention on sentiment is short-lived for medium and large companies’ stock

returns, resulting in insignificant predictive power for future stock returns at longer forecast

horizons.
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Second, recall that there are six different maturities and eight forecast horizons, meaning

that we have a total of 48 possible comparisons. Of the various specifications, Specification

3, which includes both oil market-specific and commodity market-specific investor attention

indices, performs relatively well as it attains the top rank in 27 out of 48 cases. On the

contrary, Specification 2, which includes only the oil-specific institutional investor attention

index, is not particularly useful for predicting oil futures returns across all maturities. This

finding provides evidence of attention spillovers across commodity markets. In other words,

a change in the overall commodity market investor attention incorporates predictive power

for oil futures returns due to contagion spillovers of investor attention. Moreover, this result

is consistent with the view that investors tend to pay more attention to neighboring assets

(Chen et al., 2020b).

Third, adding investor attention related to OPEC news produces better forecasts only

for the longer forecast horizon (h = 12). Fourth, the models that include investor attention

related to green energy markets do not lead to forecast improvement in most cases. Fifth, the

variable selection algorithms yield improvement in forecast performance. In particular, the

LASSO and ENET approaches are the MSFE-best model in 16 out of 48 cases, suggesting

that there is still room for accuracy gains from implementing variable selection algorithms

before making predictions. Moreover, the plethora of rejections of the Clark and West

(2007) test in Table 2 proves that the forecast accuracy gains from utilizing variable selection

algorithms are also statistically significant compared to the benchmark AR model.

Table 3 reports the results for density forecasting. The entries in the Table 3 are average

predictive likelihoods, and this measure is reported as a spread from the log APL of the

benchmark AR model. Thus, positive values imply a better forecast performance than the

benchmark model and vice versa. A closer examination of Table 3 indicates that a similar

conclusion also holds for density forecasting performance, where Specification 3 is again

the top-performing model. This result demonstrates that investor attention indices help

improve predictive density forecasting in comparison with the simple AR benchmark, but
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the largest gains overall are achieved at shorter forecast horizons. While the models including

investor attention related to green energy markets (Specifications 4 and 5) do not lead to

point forecast improvement in most cases, there are improvements in density forecasting

performance in a limited number of cases, especially for longer forecast horizons. As to the

variable selection algorithms, they yield better density forecasts in some cases, suggesting

that sufficient penalization of coefficients ensures forecasting gains.

4.2. Time-varying robust Granger causality test results

The TVP-GC test results are presented in Table 4. The first column of Table 4 denotes

that the standard constant parameter Granger causality test finds no evidence of causality

between the CMIAI index and oil futures returns for all maturities. To put it differently, the

null of no-Granger causality from the CMIAI index to oil futures returns cannot be rejected

with a significance level of 10%. On the other hand, for all maturities and regardless of the

test-statistic considered (ExpW, MeanW, Nyblom, SupLR), there exists a consensus among

findings that the CMIAI index Granger-causes the oil futures returns when instabilities are

taken into account. It is expected that the constant parameter Granger causality test may

lead to flawed inferences since it is unlikely that the assumption of homoscedastic idiosyn-

cratic shocks continues to hold in the presence of instabilities during the elevated oil price

volatility. However, the TVP-GC method is specifically designed to capture the instabilities

in the parameters arising from the shifts in sign and magnitude across time. Hence, this

finding suggests that investor attention to the overall commodity market news cannot be

overlooked. Changes in the commodity market investor attention lead to changes in oil fu-

tures returns because of the asset co-movements. This finding is in line with the behavioral

theory outlined in Veldkamp and Wolfers (2007); Peng and Xiong (2006), highlighting the

role of investor attention in determining the dynamic co-movement between asset returns.

On the other hand, the TVP-GC method in Table 4 suggests a significant bi-directional

causality between oil futures returns and investor attention indices at the 1% significance

level. We interpret these results as an evidence of the feedback effect that changes in investor
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attention cause changes in oil futures returns, while a change in the oil futures returns can

attract the attention of institutional investors on the other way around.

In addition to the findings from the analyses reported in Table 4, we present the whole

sequence of the Wald statistics across time in Figures 1 and 2 for maturities 1-month and

12-months oil futures returns, which gives more information on when the Granger-causality

occurs.6 In particular, Panels (c) of Figures 1 and 2 show that the Wald test statistic

for a causal relationship between the OIAI index and the oil futures return exceeds the

threshold levels during the sample period, and the impact is more pronounced around the

last quarter of 2019 after the Saudi Aramco drone attack which put high media attention

on oil prices. On the other hand, Panel (d) of Figure 2 demonstrates that the Granger-

causality relationship between the OIAI index and the 12-month oil futures returns seems

to be strikingly strengthened due to the lingering concerns from the onset of the COVID-19

pandemic which led to a quick deterioration in the growth prospect of economies. Finally,

Panels (a) of Figures 1 and 2 suggest that investors do not pay more attention to the overall

commodity market when operating in the oil market since the causal relation between the

CMIAI and oil futures returns disappear after 2019.

4.3. Asymmetric effects of investor attention on oil futures returns

We augment our econometric analysis with a threshold estimation to examine how the

effect of investor attention indices may change in different states of the global risk appetite.

The CBOE Crude Oil Volatility Index (OVX) – a forward-looking measure of the volatility

implied in the pricing of options on crude oil which is compiled by the Chicago Board Options

Exchange – is used as a possible proxy for global risk appetite. Commodity traders closely

follow fluctuations in the OVX index. This framework allows us to account for a shift in the

oil price volatility that frequently compels investors to revise their risk exposures. A simple

two-regime threshold model is employed, but rather than imposing a priori an arbitrary

6The results for the 2-month, 3-month, 6-month, and 9-month maturities are presented in Figures A1-A4
of the appendix.
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classification scheme, we use the methodology suggested by Hansen (1996) to identify the

threshold value endogenously.

In particular, we estimate the following model:

r
(n)
t = α + β′1OIAIt + β′2CMIAIt + β′3ENVMARt + β′4OPECt + γ′controlst + εt if OVX ≤ φ

r
(n)
t = α + β′1OIAIt + β′2CMIAIt + β′3ENVMARt + β′4OPECt + γ′controlst + εt if OVX > φ

(6)

where φ is the threshold variable and errors εt are assumed to be white noise processes.

We allow heterogeneous error distributions across breaks. Based on the likelihood ratio test

statistics, the 41.42 is chosen threshold value of the OVX index. We call these regimes high

or low volatility periods where the OVX index is above or below the threshold value.

Table 5 shows the results of threshold regressions. The findings clearly show that the

effects of investor attention on oil futures returns are regime-dependent. Although none

of the attention indices is statistically significant during times of low volatility (except for

12-month oil futures returns), the attention indices regarding the CMIAI, OIAI and OPEC

are statistically significant in most of the cases in high volatility regime. Furthermore, the

coefficient of the attention indices decreases in magnitude as the maturity of the oil futures

contract increases, indicating that investors pay more attention to short-term price move-

ments. Interestingly, the coefficient of the oil-specific investor attention index is negative and

statistically significant. This result confirms the findings reported in Section 4.1 and suggests

that investors pay more attention to bad news related to oil prices, which in turn leads to

negative changes in the future oil prices through the volatility feedback effect channel (Qadan

and Nama, 2018; Xiao and Wang, 2021). That is, negative events are more closely followed

by investors than potential gains surrounding positive events in high volatility regime. This

result is in line with the findings of previous studies in behavioral finance, providing empir-

ical evidence that investors increase their news searches in response to increased volatility

(Abbas et al., 2013; Vozlyublennaia, 2014; Qadan and Nama, 2018).

On the other hand, the coefficient of the overall commodity investor attention index is
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positive and statistically significant at the 1% level across all maturities. The reason might

be that high investor attention towards the overall commodity market reflects the cross-

market interdependence and may result in co-movement between asset returns. Similarly,

the coefficients of investor attention to OPEC news are statistically significant and positive.

This finding suggests that disagreement between OPEC members about current or future

production levels may cause oil price increases in the short-term period.

5. Conclusion

To the extent that oil is arguably the most crucial commodity worldwide and remains

as a strategic resource, it is essential for investors and policymakers to forecast oil prices

with an acceptable error margin. This goal is, however, not simple as it used to be in the

20th century because financial globalization and the ongoing financialization of commodity

markets present new challenges to understand the factors that determine oil prices.

In this study, we focused on investor attention as a factor that can be used to predict

monthly oil prices. Unlike the earlier studies that consider retail investor attention using

metrics from Google search volume or Twitter mentions, we are interested in the attention by

institutional investors who are regarded as informed traders. In this respect, using Bloomberg

terminal’s news count function, we create direct measures of institutional investor attention

for (i) crude oil, (ii) carbon & environmental markets, (iii) OPEC, and (iv) the overall

commodity markets, and then examine their predictive power over the classical fundamental

macro-variables.

Our results show that crude oil investor attention measures we developed are useful in

predicting crude oil futures returns, especially during price downturn periods. As to the

overall commodity market investor attention, it is found to improve the forecast accuracy

obtained from using solely crude oil investor attention. The forecasting accuracy decreases,

however, as the maturity of the oil futures increases, showing that these attention measures

should be used for short-term forecasts, i.e., a few months. We further consider other atten-
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tion measures based on terms related to OPEC and green energy markets, but do not find

any consistent significant improvement in the forecast accuracy. Another important finding

is that variable selection algorithms matter before making predictions since they produce

the best forecasting results in most cases considered.

We also execute a dynamic Granger causality analysis on crude oil futures returns and

our investor attention indices, and find that the commodity market attention index Granger

causes oil futures returns when periodic instabilities are considered. This indicates that

investor attention to commodity markets leads to changes in oil future returns because of

the systematic price co-movement in commodities. Furthermore, the time-varying causality

analysis reveals that oil returns cause our attention indices, suggesting a feedback effect

between investor attention and crude oil returns. Therefore, investors and policymakers

should follow both variables to better understand the pricing dynamics in the market.

The results from the regime-switching regression analysis show that the effects of investor

attention on oil futures returns are state-dependent. In particular, attention indices have

an impact on oil returns when the global oil market is in a turbulent period, whereas the

significance of this impact weakens or disappears in normal times. This indicates that our

investor attention measures could reflect behavioral biases and reactions in the market, and

they should be closely monitored, especially in high uncertainty regimes.

This paper contributes to the broader literature linking the news media to asset prices.

Our news counts-based investor attention indices can capture a broader set of news that may

draw institutional investors’ attention, allowing us to examine its role in forecasting oil future

returns. Future research can extend our study in several ways. First, an improvement could

be implemented by analyzing the news content in Bloomberg to give a score and direction to

news. Second, in complementing the forecasting approaches we used in this paper (LASSO

regression and Elastic-Net), alternative methodological approaches can be considered for an

exhaustive comparison of the obtained results. Finally, one could compare the predictive

power of our attention measures by using alternative data & news vendors or even combine
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them to investigate whether the forecasting accuracy effectively improves or not.
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Table 1: In-sample regressions of monthly oil future returns on attention indices across maturities

r
(1)
t r

(2)
t r

(3)
t r

(6)
t r

(9)
t r

(12)
t

CMIAI 0.372*** 0.356*** 0.323*** 0.286*** 0.323*** 0.286***
(0.090) (0.084) (0.083) (0.072) (0.066) (0.061)

OIAI -0.306*** -0.249*** -0.209*** -0.183*** -0.209*** -0.183
(0.090) (0.066) (0.060) (0.054) (0.049) (0.045)

OPEC 0.051** 0.051** 0.045** 0.039** 0.045** 0.039**
(0.026) (0.024) (0.023) (0.020) (0.017) (0.016)

ENVMAR 0.014 0.008 0.003 -0.002 0.003 -0.002
(0.025) (0.023) (0.022) (0.019) (0.018) (0.017)

ADS 0.019*** 0.011*** 0.008*** 0.006*** 0.008*** 0.006***
(0.002) (0.002) (0.002) (0.002) (0.002) (0.001)

OILPROD -0.255 -0.167 -0.108 -0.103 -0.108 -0.103
(0.184) (0.124) (0.112) (0.100) (0.092) (0.086)

Constant 0.001 -0.002 -0.004 -0.004 -0.004 -0.004
(0.008) (0.007) (0.007) (0.006) (0.005) (0.005)

F-statistic 22.64 15.86 12.33 10.82 10.51 10.47
Prob(F-statistic) 0.00 0.00 0.00 0.00 0.00 0.00
R2 0.576 0.488 0.425 0.394 0.387 0.386
The table reports the estimates from OLS regressions of oil future returns on the variables in columns for maturities n=1,
2, 3, 6, 9, 12-months. Robust standard errors are reported in parentheses. Entries super-scripted with an asterisk denote
the statistical significance (*** p < 0.01, ** p < 0.05, * p < 0.1).
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Table 2: Point forecast performance: MSFEs relative to benchmark AR model

1-month h=1 h=2 h=3 h=4 h=5 h=6 h=9 h=12
AR 0.086 0.083 0.083 0.086 0.083 0.083 0.084 0.091
Specification -1 1.022 1.071 1.023 1.042 1.029 1.053 1.030 1.016
Specification -2 0.927* 1.147 1.050 1.015 1.082 1.087 1.090 1.036
Specification -3 0.843*** 0.916*** 0.886*** 0.919*** 1.024 0.935** 0.895** 0.896**
Specification -4 0.851*** 0.934*** 0.887*** 0.923*** 1.043 0.941** 0.908** 0.906**
Specification -5 0.841*** 0.938*** 0.884*** 0.939*** 1.059 0.943** 0.940** 0.904**
ENET 0.864*** 0.902*** 0.978*** 0.903*** 0.991** 0.957** 0.933*** 0.920**
LASSO 0.859*** 0.917*** 0.994 0.895*** 0.962*** 0.929** 0.915*** 0.933**
2-months
AR 0.095 0.092 0.091 0.094 0.093 0.093 0.094 0.102
Specification -1 0.997 1.035 0.996 1.035 1.024 1.052 1.031 1.016
Specification -2 0.930** 1.128 1.009 1.018 1.060 1.068 1.044 1.053
Specification -3 0.830*** 0.910 *** 0.837*** 0.930*** 0.978*** 0.973* 0.883*** 0.854***
Specification -4 0.842*** 0.926*** 0.846*** 0.934*** 0.994* 0.978** 0.899** 0.869***
Specification -5 0.832*** 0.929*** 0.853*** 0.941*** 1.005 0.986* 0.923** 0.838***
ENET 0.860*** 0.902*** 0.911*** 0.911*** 0.970*** 0.951*** 0.921*** 0.922***
LASSO 0.850 0.894*** 0.901*** 0.920*** 0.973*** 0.955*** 0.955*** 0.877**
3-months
AR 0.095 0.096 0.096 0.083 0.081 0.081 0.082 0.089
Specification -1 1.022 1.019 0.992* 1.036 1.012 1.057 1.029 1.015
Specification -2 1.002 1.072 0.991* 1.016 1.064 1.080 1.049 1.057
Specification -3 0.887*** 0.906*** 0.881*** 0.916*** 1.002 0.970* 0.875*** 0.877***
Specification -4 0.898*** 0.912*** 0.887*** 0.923*** 1.023 0.979* 0.890** 0.889***
Specification -5 0.899*** 0.923*** 0.894*** 0.934*** 1.036 0.989 0.914** 0.861***
ENET 0.931*** 0.927*** 0.963*** 0.893*** 0.980*** 0.954*** 0.917*** 0.922***
LASSO 0.956*** 0.935*** 1.009 0.887*** 0.983** 0.940* 0.948*** 0.914***
6-months
AR 0.084 0.084 0.084 0.089 0.089 0.090 0.091 0.097
Specification -1 1.023 1.022 0.993* 1.023 1.018 1.038 1.019 1.017
Specification -2 1.000 1.067 0.993* 1.008 1.027 1.051 1.036 1.047
Specification -3 0.889*** 0.895*** 0.878*** 0.922*** 0.963** 0.944** 0.847*** 0.909***
Specification -4 0.896*** 0.903*** 0.880*** 0.932*** 0.975** 0.955* 0.857*** 0.918**
Specification -5 0.901*** 0.913*** 0.889*** 0.938*** 0.980** 0.959* 0.877*** 0.906***
ENET 0.930*** 0.927*** 0.965*** 0.904*** 0.972*** 0.936*** 0.881*** 0.915***
LASSO 0.959*** 0.955*** 0.996** 0.937*** 0.968*** 0.932** 0.892** 0.928***
9-months
AR 0.077 0.076 0.077 0.081 0.081 0.081 0.082 0.088
Specification -1 1.018 1.024 0.986* 1.020 1.014 1.045 1.016 1.012
Specification -2 0.995* 1.069 0.983** 1.006 1.020 1.055 1.032 1.043
Specification -3 0.879*** 0.885*** 0.865*** 0.910*** 0.954** 0.942** 0.838*** 0.904***
Specification -4 0.886*** 0.891*** 0.872*** 0.922*** 0.970** 0.951** 0.845*** 0.911**
Specification -5 0.889*** 0.898*** 0.882*** 0.932*** 0.978** 0.956* 0.866*** 0.909***
ENET 0.935*** 0.910*** 0.945*** 0.929*** 0.971*** 0.922*** 0.895*** 0.934***
LASSO 0.910*** 0.902*** 0.938*** 0.922*** 0.973*** 0.925** 0.899** 0.922***
12-months
AR 0.071 0.071 0.071 0.074 0.074 0.075 0.075 0.080
Specification -1 1.023 1.023 0.985* 1.023 1.014 1.044 1.022 1.015
Specification -2 0.993* 1.065 0.984** 1.002 1.020 1.053 1.028 1.049
Specification -3 0.873*** 0.874*** 0.863*** 0.906*** 0.957** 0.938** 0.838*** 0.909**
Specification -4 0.880*** 0.878*** 0.870*** 0.918*** 0.967** 0.949** 0.850*** 0.924**
Specification -5 0.882*** 0.886*** 0.882*** 0.926*** 0.980** 0.955* 0.870*** 0.921***
ENET 0.912*** 0.906*** 0.945*** 0.945*** 0.963*** 0.932*** 0.921*** 0.902***
LASSO 0.932*** 0.917*** 0.964*** 0.912*** 0.975*** 0.916** 0.927** 0.937***
The entries are MSFEs, with the Specification types that yields the smallest MSFE are highlighted in bold. The entries in
the first row correspond to actual point MSFEs of AR model, while all other entries are relative MSFEs relative to the AR
model. Hence, a value smaller than one implies that the corresponding specification type produces more accurate forecasts
than those of the AR model. Entries marked with an asterisk(s) (*** 1% level; ** 5% level; * 10% level) are significantly
superior to the AR model, based on the Clark and West (2007) equal predictive ability test.
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Table 3: Density forecast performance: log APLs relative to benchmark AR model

1-month h=1 h=2 h=3 h=4 h=5 h=6 h=9 h=12
Specification -1 -0.044 -0.036 -0.024 -0.045 -0.026 -0.048 -0.032 -0.049
Specification -2 0.083 -0.094 -0.038 -0.023 -0.073 -0.070 -0.337 -0.062
Specification -3 0.182 0.149 0.114 0.074 0.000 0.085 0.103 0.083
Specification -4 0.180 0.117 0.114 0.081 -0.040 0.079 0.069 0.077
Specification -5 0.191 0.112 0.112 0.073 -0.065 0.068 0.073 0.081
ENET 0.161 0.135 0.005 0.132 0.056 0.065 -0.023 0.078
LASSO 0.177 0.146 -0.030 0.126 0.078 0.062 0.055 0.065
2-months
Specification -1 0.004 0.030 0.017 -0.045 0.021 -0.058 -0.043 -0.073
Specification -2 0.089 -0.210 -0.059 -0.002 -0.021 -0.086 -0.031 -0.106
Specification -3 0.229 0.107 0.198 0.083 0.094 0.024 0.119 0.173
Specification -4 0.215 0.156 0.180 0.060 0.052 0.028 0.110 0.166
Specification -5 0.227 0.138 0.173 0.044 0.036 0.000 0.093 0.214
ENET 0.194 0.162 0.103 0.094 0.096 0.056 0.026 0.090
LASSO 0.191 0.167 0.107 0.063 0.088 0.035 -0.001 0.146
3-months
Specification -1 0.193 -0.021 0.012 -0.036 -0.007 -0.060 -0.037 -0.020
Specification -2 0.030 -0.108 -0.003 -0.027 -0.084 -0.068 -0.275 -0.068
Specification -3 0.157 0.092 0.434 0.089 -0.008 0.035 0.060 0.139
Specification -4 0.129 0.067 0.238 0.071 -0.060 0.017 0.113 0.135
Specification -5 0.134 0.060 0.227 0.054 -0.061 0.002 0.109 0.162
ENET 0.129 0.073 0.049 0.113 0.005 0.048 0.077 0.099
LASSO 0.106 0.066 0.010 0.118 0.022 0.058 0.043 0.118
6-months
Specification -1 0.011 0.105 -0.074 -0.034 0.129 -0.035 0.160 -0.019
Specification -2 0.008 0.096 -0.082 -0.029 0.008 0.531 -0.080 -0.488
Specification -3 0.526 0.625 0.457 0.296 0.280 0.046 0.331 -0.305
Specification -4 0.115 0.131 0.415 0.072 0.336 0.426 0.220 -0.174
Specification -5 0.560 0.090 0.339 0.203 0.294 0.672 0.637 -0.291
ENET 0.518 0.080 0.166 0.149 0.055 0.090 0.462 0.160
LASSO 0.642 0.078 -0.063 0.096 -0.042 0.122 0.237 0.200
9-months
Specification -1 0.332 0.040 0.368 -0.133 -0.007 0.035 -0.095 0.497
Specification -2 0.041 0.262 0.270 0.483 0.275 -0.475 -0.333 -0.105
Specification -3 0.712 0.357 0.717 0.257 0.464 0.123 0.035 0.708
Specification -4 0.640 0.200 0.732 0.072 0.449 0.178 0.512 0.445
Specification -5 0.451 -0.055 0.598 0.402 0.449 0.271 0.113 0.704
ENET 0.109 0.467 0.667 0.014 0.253 -0.314 0.007 0.020
LASSO 0.103 0.382 0.509 0.025 0.099 -0.293 0.089 0.315
12-months
Specification -1 0.027 -0.292 0.185 -0.068 -0.356 -0.100 -0.196 -0.498
Specification -2 0.276 -0.004 0.120 -0.202 -0.270 -0.212 -0.267 -0.801
Specification -3 0.122 0.176 0.224 0.032 0.148 0.139 0.252 -0.302
Specification -4 0.380 0.349 0.436 0.045 0.071 0.176 0.260 -0.197
Specification -5 0.394 0.139 0.503 -0.259 -0.072 0.101 0.250 0.058
ENET -0.085 -0.161 0.457 -0.013 -0.383 0.095 -0.266 -0.607
LASSO -0.090 -0.138 -0.089 -0.235 0.007 -0.040 -0.059 -0.249
Entries in columns 2-9 of this Table are average predictive likelihoods in logarithms (log APLs) relative to the values of the
AR benchmark. Hence, positive log APLs values indicates an improvement relative to the benchmark and vice-versa for
negative values. Entries in boldface indicate the best performing model in terms of density forecasting for a given maturity
and forecast horizon.
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Table 4: Time varying Granger causality test results

1-month χ2
q ExpW MeanW Nyblom SupLR 6-months χ2

q ExpW MeanW Nyblom SupLR

CMIAI → Oil 0.12 86.83 53.73 7.54 181.66 CMIAI → Oil 0.24 57.06 31.77 14.79 121.65
(0.73) (0.00) (0.00) (0.00) (0.00) (0.62) (0.00) (0.00) (0.00) (0.00)

Oil → CMIAI 0.45 23.86 18.74 116.95 56.59 Oil → CMIAI 1.77 219.67 89.52 65.66 448.22
(0.51) (0.00) (0.00) (0.00) (0.00) (0.18) (0.00) (0.00) (0.00) (0.00)

OIAI → Oil 4.29 227.76 169.58 65.73 464.41 OIAI → Oil 3.01 233.68 128.79 142.19 476.25
(0.04) (0.00) (0.00) (0.00) (0.00) (0.08) (0.00) (0.00) (0.00) (0.00)

Oil → OIAI 0.04 57.28 18.29 4.45 123.44 Oil → OIAI 3.53 509.71 138.78 25.32 1028.31
(0.85) (0.00) (0.00) (0.00) (0.00) (0.06) (0.00) (0.00) (0.00) (0.00)

2-months 9-months

CMIAI → Oil 0.17 161.16 71.34 27.81 330.68 CMIAI → Oil 0.33 41.40 30.98 12.01 91.09
(0.68) (0.00) (0.00) (0.00) (0.00) (0.56) (0.00) (0.00) (0.00) (0.00)

Oil → CMIAI 0.93 191.00 67.83 158.34 390.89 Oil → CMIAI 1.31 197.68 72.87 47.33 404.21
(0.33) (0.00) (0.00) (0.00) (0.00) (0.25) (0.00) (0.00) (0.00) (0.00)

OIAI → Oil 2.67 349.31 160.26 85.31 707.50 OIAI → Oil 2.82 197.59 121.64 114.43 404.07
(0.10) (0.00) (0.00) (0.00) (0.00) (0.09) (0.00) (0.00) (0.00) (0.00)

Oil → OIAI 2.47 191.74 79.64 30.27 392.23 Oil → OIAI 3.18 541.68 127.61 21.85 1092.24
(0.11) (0.00) (0.00) (0.00) (0.00) (0.07) (0.00) (0.00) (0.00) (0.00)

3-months 12-months

CMIAI → Oil 0.11 98.87 36.77 18.42 206.35 CMIAI → Oil 0.40 32.07 28.31 10.41 71.46
(0.75) (0.00) (0.00) (0.00) (0.00) (0.53) (0.00) (0.00) (0.00) (0.00)

Oil → CMIAI 2.76 300.70 137.07 107.51 610.29 Oil → CMIAI 1.15 214.98 72.33 35.13 438.82
(0.09) (0.00) (0.00) (0.00) (0.00) (0.28) (0.00) (0.00) (0.00) (0.00)

OIAI → Oil 3.27 345.30 153.42 141.99 699.47 OIAI → Oil 2.85 191.35 121.06 98.04 391.57
(0.07) (0.00) (0.00) (0.00) (0.00) (0.09) (0.00) (0.00) (0.00) (0.00)

Oil → OIAI 3.23 328.21 113.82 27.04 665.29 Oil → OIAI 2.73 453.56 109.14 18.77 916.00
(0.07) (0.00) (0.00) (0.00) (0.00) (0.09) (0.00) (0.00) (0.00) (0.00)

Entries correspond to the four alternative test statistics: exponential Wald, mean Wald, Nyblom, and Quandt Likelihood Ratio tests. Similarly, χ2
q shows the chi-square

statistic of constant parameter Granger causality test where the lag length q is selected based on SIC. The corresponding p-values are given in parenthesis. The null
hypothesis is that investor attention indices do not Granger cause n-month oil future return where n= 1, 2, 3, 6, 9, 12.

27



Table 5: Estimation results for high and low volatility regimes across maturities

r
(1)
t r

(2)
t r

(3)
t r

(6)
t r

(9)
t r

(12)
t

Low Regime (OVX < 41.42)

CMIAI 0.064 0.061 0.049 0.070 0.079 0.082
(0.072) (0.073) (0.074) (0.067) (0.061) (0.056)

OIAI -0.066 -0.065 -0.059 -0.065 -0.070 -0.072*
(0.067) (0.065) (0.061) (0.053) (0.047) (0.043)

OPEC 0.008 0.008 0.006 0.008 0.009 0.010
(0.022) (0.022) (0.022) (0.019) (0.017) (0.016)

ENVMAR 0.010 0.009 0.010 0.004 0.001 -0.001
(0.028) (0.026) (0.026) (0.024) (0.022) (0.020)

ADS 0.011 0.011 0.011 0.012 0.011 0.010*
(0.013) (0.013) (0.012) (0.009) (0.008) (0.006)

OILPROD -0.032 -0.038 -0.035 -0.060 -0.075 -0.078
(0.113) (0.110) (0.105) (0.096) (0.089) (0.082)

Constant 0.008 0.007 0.007 0.006 0.006 0.005
(0.007) (0.007) (0.007) (0.006) (0.006) (0.005)

High Regime (41.42 ≤ OVX)

CMIAI 0.744*** 0.723*** 0.698*** 0.580*** 0.509*** 0.453***
(0.147) (0.144) (0.166) (0.149) (0.138) (0.132)

OIAI -0.656*** -0.506*** -0.386*** -0.321*** -0.278** -0.247**
(0.192) (0.141) (0.134) (0.122) (0.112) (0.104)

OPEC 0.155* 0.146** 0.119* 0.099* 0.085 0.074
(0.082) (0.072) (0.065) (0.058) (0.053) (0.049)

ENVMAR 0.022 0.043 0.045 0.037 0.034 0.031
(0.060) (0.048) (0.048) (0.043) (0.041) (0.040)

ADS 0.012*** 0.004* 0.001 0.000 0.000 0.000
(0.003) (0.002) (0.002) (0.002) (0.002) (0.002)

OILPROD -0.254 -0.055 0.030 0.011 -0.001 0.016
(0.399) (0.295) (0.296) (0.288) (0.273) (0.258)

Constant -0.030** -0.040*** -0.042*** -0.041*** -0.040*** -0.039***
(0.015) (0.011) (0.011) (0.011) (0.010) (0.010)

F-statistic 18.03 13.25 10.45 8.70 8.23 8.07
Prob(F-statistic) 0.00 0.00 0.00 0.00 0.00 0.00
R2 0.72 0.65 0.59 0.55 0.54 0.53
Robust standard errors are reported in parentheses. Entries super-scripted with an asterisk denote the statistical signifi-
cance (*** p < 0.01, ** p < 0.05, * p < 0.1).
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Figure 1: Time varying causality between 1-month oil future return and investor attention indices

(a) CMIAI → Oil (b) Oil → CMIAI

(c) OIAI → Oil (d) Oil → OIAI

The figure shows Wald statistics of the Granger-causality robust test over time. The null hypothesis is
that CMIAI (or OIAI) attention index does not Granger cause return of the 1-month oil future.
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Figure 2: Time varying causality between 12-months oil future return and investor attention indices

(a) CMIAI → Oil (b) Oil → CMIAI

(c) OIAI → Oil (d) Oil → OIAI

The figure shows Wald statistics of the Granger-causality robust test over time. The null hypothesis is
that CMIAI (or OIAI) attention index does not Granger cause return of the 12-months oil future.
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Appendix

Figure A1: Time varying causality between 2-months oil future return and investor attention indices

(a) CMIAI → Oil (b) Oil → CMIAI

(c) OIAI → Oil (d) Oil → OIAI

The figure shows Wald statistics of the Granger-causality robust test over time. The null hypothesis is
that CMIAI (or OIAI) attention index does not Granger cause return of the 2-months oil future.
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Figure A2: Time varying causality between 3-months oil future return and investor attention indices

(a) CMIAI → Oil (b) Oil → CMIAI

(c) OIAI → Oil (d) Oil → OIAI

The figure shows Wald statistics of the Granger-causality robust test over time. The null hypothesis is
that CMIAI (or OIAI) attention index does not Granger cause return of the 3-months oil future.
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Figure A3: Time varying causality between 6-months oil future return and investor attention indices

(a) CMIAI → Oil (b) Oil → CMIAI

(c) OIAI → Oil (d) Oil → OIAI

The figure shows Wald statistics of the Granger-causality robust test over time. The null hypothesis is
that CMIAI (or OIAI) attention index does not Granger cause return of the 6-months oil future.
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Figure A4: Time varying causality between 9-months oil future return and investor attention indices

(a) CMIAI → Oil (b) Oil → CMIAI

(c) OIAI → Oil (d) Oil → OIAI

The figure shows Wald statistics of the Granger-causality robust test over time. The null hypothesis is
that CMIAI (or OIAI) attention index does not Granger cause return of the 9-months oil future.
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