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The effects of investor emotions sentiments on credil returns: A time and frequency
dynamics analysis

Abstract

In this paper, we use wavelet coherence analysiaddhat sentiment has a significant effect
on crude oil returns that lasts over various inwestt horizons. While oil returns are
positively associated with the sentiments of opgimiand trust, it is negatively linked to fear
and anger. These relations are more pronounced tbeermedium and the long term.
Additionally, we find that short-term oil returngearelatively more sentiment-sensitive
during turbulent periods than in normal conditiohBese results highlight the importance of
sentiment and investor psychology in the crudenaitket.

Keywords: Co-movement, Crude oil, Emotions sentitsieWwavelet analysis
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1. Introduction

Over the past two decades, theoretical studies Bwen that marketable assets returns
are mostly driven by the behavioral factors rathlean by the fundamentals. The
psychological biases of investors’ is found todeg asset pricing anomalies (Daniel et al.,
1998; Barberis et al., 1998; Baker and Nofsingé2), to undermine traditional risk-return
tradeoff (Yu and Yuan, 2011), and to influenceeagwices at equilibrium through price

pressures (Wang et al., 2006).

Moreover, many recent studies have found that ivestors’ emotions and mood have
significant influence on financial markets’ returngor example, Hirshleifer and Shumway
(2003), Edmans et al., (2007), Novy-Marx (2014)bsion et al., (2012), Goetzmann et al.,
(2014), and Lepori (2016), among others, documbat investors’ emotional states and

feelings are creating trends and anomalies in thkets of financial assets.

The focus of most of these works is placed on hggregate behavioral biases may
explain irrational bubbles and crashes of equdies there are little studies that talked about
how the crude oil market is influenced by invest@antiments. This is important as the
crude oil market is relatively large as oil is tederlying of many derivative contracts with
huge open interests. Therefore, in this paper, Methis gap and we investigate how

investors’ emotions affect the returns of the cradi@ver multiple horizons.

In the literature on oil and sentiment, we find tweces that explain how oil behaves
around sentiments. The event study by Borovkova1p@hich shows that sentiment matters
particularly negative sentiment and its influenast$ for long. The paper also shows that
after a bad sentiment the forward curve becomespsten contango markets and flatter in

backwardation markets and this creates an opptytémn profitable spread strategies. The

! These emotions are driven by news and social nuedfigent.
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study by Zhang et al., (2019) finds that negatemtisnents Granger cause extreme tail risk in

the crude oil market.

Our paper is related to these studies, but we udiéfeaent approach to look into how
sentiments influence the crude oil market. In patéir, we apply a wavelet coherence
analysis in order to assess how sentiments aredindk oil. Furthermore, we check whether

current sentiment predicts future oil returns ot i€ads to oil price changes.

For that purpose, our choice falls on five of Thpmon Reuters’ emotion indices that we
believe are effective in driving crude oil returiifiese are: the sentiment, the optimism, the
trust, the fear and the anger index. All indicesgefrom -1 to 1 and in that sense, they may
assume both sides of the emotional dimension. Tékeh sentiment is popular in financial
markets and it is related to the spirit of the itmgdactivity. The optimism and trust feeds into
traders’ overconfidence which subsequently may sallies in the crude oil market. On the
other hand, the fear and anger may trigger firessaind market crashes. All indices are

collected from structural and unstructured sociatiia?

The contribution of this paper is threefold. Fi$tis paper is among the first studies to
look into the relation between the media’s emotiand the crude oil returns. Second, while
prior research used market-wide measures as primi@svestor sentiment, we use multiple
dimensions of the emotions that are created bycthde oil-specific news in the social
media® Third, the wavelet coherence analysis to obtajpeddencies over various horizons is

a new approach for this type of analysis that ehand has not been used before.

The assessment using the wavelet coherence analyaie to capture the linkages over

various time scales which is important to get beeaaf the heterogeneity of investors’

? The other market psychology indices are not diyetlated to the popular investors’ biases in ttedture.
These indices include for instance, volatility,dohate, violence, conflict and joy.

% See for instance, Smales (2014); Deeney et 41152 Dowling et al., (2016); Shen et al., (2013)n et al.,
(2018); Qadan and Nama, (2018); Qianga et al.,92@hang and Li., (2019); among others.
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holding periods (Reboredo and Rivera-Castro, 20I8pt is, investors exhibit different
horizons due to the varying levels of their risketance levels, different assimilation and
absorption of information, and different institutad constraints (Chakrabarty et al., 2015).

These heterogeneities may imply various relatigrssht different investment horizons.

Therefore, the segregation of the time series ddta different frequencies using the
wavelet analysis is useful to obtain the assoaiativer various investment horizons (e.g.,
short or long). Moreover, it allows us to test hoermovements between investor emotions
and crude oil returns change over time in high lnd volatility regimes and at different
frequencies. All in the context of the same framdwdvioreover, the wavelet analysis
controls for  nonlinearities, structural breakgn+stationary series, as well as for any

seasonal or cyclical patterns in the relationsieipvieen variables (Crowley, 2005).

Our results show that the investors’ specific seatit leads oil returns. Moreover, we find
that there is a high degree of synchronization betwoil and sentiment for horizons longer
than 128 days. Fear and anger have statisticajlyifaant effect on crude oil returns over

short and medium tenors particularly during turbtijgeriods.

The rest of the paper is organized as follows. i&ecR describes the datasets and
empirical methodology. Section 3 reports the emagirresults. Finally, Section 4 concludes

the paper.

2. Data and methodology



2.1 Data

The daily closing prices for Brent crude oil aretabed from Thomson Reuters
Datastream databa$&he daily emotions indices related to the crudemairket, the TRMI,
are thankfully provided to us free of charge fromompson Reuters. These indices are: the
general sentiment index, the optimism index, tlsttindex, the anger index and the fear
index. The second and the third are pleasant indices,ewthie fourth and fifth are

unpleasant.

The TRMI's sentiment indices are word-count indi¢leat are developed by Thomson
Reuters in collaboration with MarketPsych LLC. dtderived from textual data taken from
news wires, financial news, and social media. Tdta dontributing to it includes more than 2
million daily news articles and posts that reflethe investors’ psychology regarding a
particular commodity. The information used to buihe indices are coming from investor
groups, analysts, journalists, and economists. ,Tihusflects related information to market
psychological bias. The granularity of the dataatisthe minute level but the daily index

reflects an average of information that is colldatger the past 24 hours.

More specifically, the TRMI measures provide ahs rolling average scores of all
news and social media references. As compared thembased indics TRMI is available

in real time and thus users avoid delays (Ammarat. £2014). The other advantage of TRMI

* The West Texas Intermediate (WTI) spot price is used as the recent evidence suggests that Bréhe i

main global benchmark price reference in the cailmarkets. Approximately 70% of all internatiortedde is
priced directly or indirectly using the Brent prifeattouh, 2011; Chen et al., 2015; Dowling et2016).
>These four emotional indices are chosen becauskitsis available for longer periods of time. Mdeails
can be found in_https://www.marketpsych.com/gquide/

® The market-based indices include the sentiment rande index, the bull-bear spread index, the ctose-
fund discount index, the Baker and Wurgler's (200@)estor sentiment index, the University of Michig
Consumer Sentiment Index, the VIX index, the trgdinmlume index, the closed-end fund discounts inde
number of IPOs index , and IPO returns index.




is that it provides marginal information that caret confused with common macroeconomic

and financial predictors as it is independent.

Table 1 summarizes the TRMI daily indices for thede oil market. The sentiment and
the emotion indices are available at minutely balsisthis study, we use a daily average
sentiment measure that is computed by aggregagimignsents of news wires, financial news
and social media scores of all articles on eachasalythen averaging and normalizing these
score€ Borovkova (2011) argues that using daily frequeseptiment data has several
advantages such as reducing the noise of intrg-taill news datasets and the complications
caused by the market microstructure. Finally, th#gyddata are more relevant than the data
measured over higher frequencies as it is moreeckkm the fundamental factors of supply

and demand rather than to market microstructurenaige trading’

[INSERT TABLE 1 HERE]

Our data set covers the period that extends framuaky 1, 1998 to July 30, 2018 and it
contains 5,363 observations. The crude oil retarescomputed as the log-difference of daily
closing prices. Figure 1 presents the time-setigsgb crude oil returns and emotion indices.
Table 2 provides descriptive statistics for allighles. The cross correlations between crude
oil and emotion indices are provided in Table 3. gkown in the table, the correlation
coefficients between oil returns and the genemalisent is 0.325. It is 0.29 and 0.121 with

optimism and trust respectively. The correlatiothviear and anger are negative -0.224 and -

’ The word- search sentiment measure is more transpdranistatistical-based measures. Da et al., (20ii5)
that “Although market-based measures have the advanthdming readily available at a relatively high
frequency, they have the disadvantage of beingethalibrium outcome of many economic forces othant
investor sentimeht(pp.2). In addition, Li et al., (2019) indicatbat these sentiment measud@s “more
primitive” than other alternatives because theydbdirectly rely on equilibrium market prices apaantities.

® We would like to acknowledge the support of Marlsstth LLC. for providing the daily frequency sentime
data.

° The vast majority of empirical studies use aggregily frequency sentiment measure (see for exgmpl
Borovkova (2011); Da et al., (2014); Shen et &01(/); Han et al., (2017); Wang et al., (2018);liBati and
Behrendt (2019); among many others).



0.176 respectively. Moreover, as expected the latives between pleasant and unpleasant

emotions are negative.

[INSERT FIGURE 1 HERE]
[INSERT TABLES 2& 3 HERE]

While Pearson correlation is the most commonly usethod to study synchronous cross-
correlation, it there exists intervening variablleat drive the relationship and thus the cross
correlations may be spurio8A possible approach to overcome this issue isst® partial
correlation (Baba et al., 2004; Dror et al., 2001%)e partial correlation analysis measures the
linear relationship between the two variables whdatrolling (i.e., subtract) for the potential

effects of all of the other variableghe partial correlations are presented in Table 4.

As shown in the table, the partial correlatidroi return is relatively higher with general
sentiment, 0.233, and optimism, 0.251. The coinmatith trust is low, 0.083; the same is

the partial correlation with fear, -0.151, and ang@.074.

Two conclusions can be inferred from these compartsat First, the positive (negative)
sentiments lead to positive (negative) oil retiBacond, the effect of sentiments on oil return
IS asymmetric as positive sentiments have largpaghthan negative sentiments. The partial
correlations also show that the emotion sentimemtables are consistent as the general
sentiment is positively correlated with the pleasamotions such as trust, 0.304, and

negatively correlated with the unpleasant emotsuth as anger, -0.154.

Note that the correlations between the sentimenahias are not large which provides
support to our approach in using more than one iemalt variable when studying the

sentiment effect on oil returns.

° This point has been raised to us thankfully by e referees.
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2.2 Methodology

To explore the effect of investors’ emotional semnts on crude oil returns, we use
wavelet coherence analysis (Whitcher and Craigr2id®4), which is localized in both time
and frequency domains and allows the strength sfcaation between two-time series over
time as well as across frequencies. The waveletreolce of two-time serieg(t) and y(t)
with continuous wavelet transforms (CWT) is given(Reboredo et al., 2017):

|S (s‘lmy(u, s))|2

RZ (u,s) =
T s (s ks )l

(1)
whereW,,, (u, s) = W, (u, s)W; (u, s) is the cross-wavelet transform,is the position index,
ands is the scale. The cross-wavelet spectrum is qooretingly defined a1;ny(u, s)|2 =

W, (w, $)12|W, (u, s)|2, the “*” indicating the complex conjugate of theadis wavelet.
W, (u,s) and W, (u, s) are the wavelet transforms oft) andy(t), respectively, and refers

to the smoothing operator for both time and fregqye®moothing is achieved by convolution
over time and scale, representedS§\) = Sccqze (Sn-me(Wn(s))), whereS;.qie andSyime

are smoothing on the wavelet scale axis and tiespactively (Gallegati and Ramsey, 2014).
The squared wavelet coherence coefficiehu, s) would satisfy0 < R?(u,s) < 1in the
time—frequency space. A value &?(u,s) nearer to zero shows that the time series
investigations are weakly correlated and is showiblue. A value close to one indicates
strong correlation and is shown in red. The blugiars show that the important areas
characterize uncorrelated time and frequencies detvthe time series. Since the theoretic
distribution of the wavelet coherence coefficiestinknown, the statistical significance level
of the coherenceRZ, (u,s), can be estimated by Monte Carlo simulations usimgogate
red-noise time series (Aguiar-Conraria and So#@%4, Torrence and Compo, 1998). This
method can be briefly described in two steps. Firgfenerates a large ensemble of surrogate

data pairs (1000 simulations) using classical hoagtstechnique on input datasets that have
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the same lengths and first-order autoregressivelJARefficients. Second, it calculates the
wavelet coherence for all of the simulated dataspdrinally, the significance level of
coherence can be determined by comparing the tgtatislistribution with those obtained
from the surrogate data pairs at each time and letseale (Grinsted et al. 2004).

To distinguish between negative and positive cati@hs in the time—frequency space, as
well as the lead—lag relationships between examiimee series, we use the wavelet phase-
difference analysis suggested by Torrence and Cdii@®@8). The wavelet coherence phase
difference(i. e., @, (u, s)) between two time seriegt) and y(t) (i.e.,x(t) and y(t) are the

first and second time series, in this order) is:

) 3 (5 (s’lwxy (w s)))
R (s (s_lny (u s)))

Phase dissimilarities are graphically shown inftgare similar to the wavelet coherence

(2)

Dy (u,s) = tan™

as arrows inside the regions that are categorigekidh coherence. Arrows pointing to the
right mean thak(t) and y(t) are in phase or moving in a similar way. If arrgeaént to the
left (antiphase), then two series are negativetyetated. Furthermore, arrows pointing to the
right and up suggest that variabt€t) is leading and the two variables are positively
correlated; if arrows are pointing to the right adalvn, y(t) is leading. On the other hand,
arrows pointing to the left and up signify that thest variable,x(t), is lagging and the
correlation is negative, while arrows facing thi# &d down indicate that the first variable,

x(t), is leading but with a negative correlation (seetlal., 2015).



3. Empirical results

3.1 Main results

Our analysis starts with examining causality betwe emotion indices and oil returns.
To check a potential non linearity in the caus&trenship, we use the BDS test of Brock et
al., (1996). The test results are reported in Tablk strongly rejects the null hypothesis that
the series are independently and identically digtad at 1% significance level implying

embedded nonlinearity and the appropriatenesseafiohlinear causality test.

Panel A and B of table 6 displays the linear andlinear causality test respectively. The
tests in Panel A and B of the table examine thecefif sentiment variables on oil returns and
vice versa? The hypothesis that the overall sentiment do¢<Gnanger cause the oil return
is supported at one, two and three lags. Howewenesspecific sentiment emotions, such as

trust still significantly Granger cause oil returns

On the other direction, it is clear that oil retsiho not Granger cause any of the emotion
variables with the exception of anger. Howeverséheesults do not hold the same in the
nonlinear tests as there is a limited a supportiferhypothesis that oil returns do not Granger

cause general sentiment, optimism and fear.

Now we turn to our main empirical results. Figurepisents the estimated wavelet
coherence between oil-specific investors’ sentimamd oil returns. The horizontal axis
represents time while the vertical axis represémsfrequency, which is converted to time
units (day) and it ranges between the highest &equof 2 days (at the top of the plot) to the
lowest frequency of 1024 days-four years (at th&olbo of the plot). The time scales of fewer

than 32 trading days are categorized as shortinoa horizon (i.e., high-frequency bands),

" The nonlinear causality approach is the most contynased test in the literature. Compared to Grange
causality, the Dikes and Panchenko (2006) testtiet®nlinearity, persistence and structural bre@kss test

is based on the nonparametric use of the correlatiegral between the time series and it is basethe work

of Baek and Brock (1992). The technical detailthéf test can be found Bekiros and Diks (2008).

'? Before examining the linear causality, the ADF unitt with intercept and trend is carried out (tesare not
reported but available upon request). We find #tlegeries are stationary.
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those between 32-128 trading days as medium-teem (hedium-frequency bands), and
those more than 128 trading days as long-term (oei-frequency bands). Note that, the
color code of wavelet coherency ranges from blog (toherency — close to zero) to red
(high coherency — close to one). Significant afdeasvithin the thick black curve, which is
significant at 5% level, and obtained from the Moi@arlo simulations using the phase
randomized surrogate series.

For the oil-specific sentiment, we observe a dta#ily significant coherence with oil
returns both over time and frequencies. The arfoust right and up, suggesting correlations
are positive and investors’ specific sentimenteiading oil returns. Further, we observe a
relatively high degree of synchronization in theaderun investment horizon (at lower
frequencies) with periods longer than 128 ddyBhis is consistent with Yang et al. (2019)
who find thatinvestor sentiment has significant effects on tihedigtability of crude oll
future fluctuations over long-term horizotfsNonetheless, these results are in contrast to
Shen et al. (2017) who find that commodity specéimotional variables have predictive
power on commodity returns but only over short-tgraniod that do not extend beyond five
days.

The oil returns also appear to be the most sentisamsitive during turbulent periods but
over short-run investment horizons. Specificalhg figures show a large area of red color
over short-run investment horizons during periddg aire less than 32 days. The correlations
range between 50% and 70% during the followingsperiods: the Russian financial crisis

in 1998, Argentine debt crisis in 1999, the IT bigbim 2000, the 9/11 terror attack in 2001,

B These results are consistent with the findings @foBkova (2011) who demonstrated that the shapaeof
forward curve of crude oil futures is influenced disong or weak news sentiment as measured byhbm3on
Reuters News Analytics. Similarly, Shen et al.,1(20find that commodity-specific emotions, inclugliorude
oil, exert significant influence on individual coroudity returns.

" These results however contradict some studies eneffect of investors' sentiment on stock returns,
volatilities, and liquidity. For instance, Audriret al., (2019) find that sentiment and attentiorasuees have a
short-lasting effect (one-day horizon) on volafilif US stocks.
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the sub-prime crisis in 2008 and 2009, the Eurozameoil in 2009, 2010 and 2011, and the
oil price crash in 2014, 2015 and 2016.

These results imply that excessive investor semiirdaring the crisis periods may lead to
short-term fluctuations in the crude oil pricesisTfinding is highly consistent with Zhang
and Li. (2019) who find that within a short periodl time, the investor sentiment is an
important driver of extreme risk changes in thederwil market particularly during the
financial crisis periodS. Han et al., (2017) and Wang et al. (2018) prodiioglar results,
and they find that investor attention is relateditaevents and it can help to predict oil price
fluctuations at short-horizort8.

[INSERT FIGURE 2 HERE]

Regarding the coherences between optimism, trustaginreturns, we could not find
considerable variation in the coherence patterngsadoth emotions. The crude oil specific
optimism shows a strong coherence with oil ret@tnthe medium to low frequencies (within
a period that lies between 128 days to about 5328)daroughout the sample period. The
arrows point right and down, showing positive clatiens between optimism sentiment and
lags of oil returns. Similarly, in the case of trtise arrows point right and down, showing
positive correlations and that oil returns are iegdnvestors’ trust. Overall, these findings
may indicate that the market traders are more em$o changes in the market situation, and
that their positions and strategies are highlycaéfe by the oil price changes.

For crude oil-specific unpleasant sentiments of f@ad anger, we find a statistically
significant effect on the crude oil returns at thedium and at the low frequencies (within a

period longer between 128 days to about 512 dagektly during turbulent periods. For

¥ Zhang and Li. (2019) constructed a sentiment emserandex by using the strength of bullish and iséar
market conditions and the possibility that highesd lowest prices eventually approach the closiraep. They
examined the relationship between this investotipemt index and extreme tail risk in the cruderodrket at
different time-frequency domains using the waveiethod.

'® These results also consistent with Chau et al1§2@nd Maitra and Dash (2017) who find that tHeagfof
sentiment on the stock market volatility is moremunced during periods of crises within short &l as
medium run investment horizons.
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instance, the scales of sentiments and oil retexigbit relatively strong coherence during
the burst of technology bubble in 20@8er a period that exceeds 128 days in general.
Similarly, the scales exhibit more coherence forqus longer than 64 days but less than 128
days and during the global financial crisis in 2008e strong coherence between the fear
sentiment and the oil returns may also be seemgldiie European sovereign debt crisis that
occurred from April 2010 to June 2012 and during ol price crash from 2014 to 2016; all
with a period exceeding 128 days.

Overall, the results suggest that coherence betwienturns and unpleasant sentiments
are not continuous over time or different frequengcibut rather it is discontinuous and
changes according to market conditions.

For fear, the phases, represented by the arrowsipgito the left and up most of the time
and for almost all frequencies, indicate that lamakelations are positive and that investors’
long-term sentiments are leading crude oil retufiese results show that, when the market
fears supply shortages in the medium and long térenrequired return on crude oil will be
elevated to compensate for the uncertainty whitimately increases crude oil pricghen
et al. 2017).

The results here confirm the predictive contertheflong-term sentiments with respect to
the crude oil market. In the case of anger, wheuelec oil acts as a leading indicator, we
observe low coherence at the low frequency. Howeverstill obtain a reasonable coherence
at medium and longer frequencjegticularly during turbulent periods such as: fhéubble
in 2000, the 9/11 terror attack in 2001, the subercrisis in 2008 and 2009, the US debt-
ceiling crisis in 2013, the politicalirmoil in Libya in 2011, the political turmoil iByria in
2012, the war in Iraq in 2013, amiek oil price crash in 2014, 2015 and 2016. The result
probably implies that the investors and marketdradecome anxious during crisis periods

and that this accumulated feeling is long-livedisTinding indicates that the co-movements

13



between oil market and anger sentiment becomes nmumireeable in crisis periods. These
results complement the findings of Chau et al. @04nd Maitr and Dash (2017) who

documented the more pronounced influence of sentimecrisis periods.

3.2 Trading Strategies

In this subsection, we investigate the usefulndsth® MarketPsych indices for daily
traders. For that purpose, we designed three sitrggleng rules:
I. Take a long (short) position today if the sentimergositive (negative) today.
il. Take a long (short) position tomorrow if the sermh is positive (negative)
today.
iii. Take a short (long) position tomorrow if the serh is positive (negative)

today.

Note that the first strategy assumes that the traalees positions according to the
sentiment on the day. The second strategy is a mimestrategy. The trader longs (shorts)
oil on the following day only if the sentiment isgtive (negative) today. The third strategy
is a contrarian strategy as the trader goes ag#mesisentiment the following day. The
performance of these three strategies is comparedpassive buy and hold strategy of $1
invested in oil and left invested for the whole gérperiod.

Figure 3 depicts how wealth is accumulated oversdmaple period for each of the five
Psychology indices. The black line represents #méopmance of the buy and hold passive.
The red line, the contrarian strategy; The grees, lihe momentum; and finally, the blue line
represents the accumulation of trading accordirtgesentiment of the day.

Figure 3 does not show a clear verdict that tradiogording to the market psychology
information improves on the performance of a buy &old strategy. On the contrary, in
many instances, the accumulation of buy and holdhasvn by the black lines is higher.
However, the figure shows clearly that trading torow against today’s sentiment is

14



damaging to wealth and in all indices as the ned diccumulation is among the lowest in the
figures.

Figure 3 also shows that trading according to #rgisient of the day is useful for wealth
accumulation. The blue lines finish the sample vatiigher accumulation than the other
lines. Trading on the same day is possible given tiese indices are available in real time.
Hence, oil traders should not plan their intendeditmpns the day before but should wait to
sense the market and decide after the start ofdach

[INSERT FIGURE 3 HERE]

To formally test the returns of the strategies agfaa buy and hold, we test the difference
in the daily returns by using a simple t-test. @ahs 2 and 3 of Table 7, presents the average
of the difference and the t statistics respectivéllge table shows that the difference is
insignificant for most strategies. The buy and haédly returns are significantly higher than
the returns of trading according anger (Anger) Andtrading the following day against the
sentiment (sentiment-contrarian). Same day tradisghg the trust Psych index has
significantly higher returns than buy and hold. Théest for the differences of wealth
accumulation at every point over the sample peisatbmputed and presented in Columns 4
and 5. The columns show that there is significaffiér@nce in the accumulation pending on
what strategy is chosen compared to a buy and Irad.instance, the columns show that
trading against the index in the following day mderior to buy and hold as averages are
negative and significant on all of the contrariaimategies. Trading according to the
Psychology indices on the day is a good strategypewed to a buy and hold. The difference
in accumulation is positive and significant. Th@@aturns now to discuss the predictability
of these indices for future returns.

[INSERT TABLE 7 HERE]

3.3 Forecasting oil prices
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To investigate thepredictive information of the emotions sentiments in forecagtoil
returns, we decompose the time series data ofnoila emotion sentiments into various
timescales using the maximal overlap discrete vevednsformation (MODWT hereaften)

a Multi-Resolution Analysis (MRA) frameworK. Then, we test whether the emotion
sentiments have any predicting power of oil retlowvesr these time-scales.

Following the related empirical literature (i.e.abtet, 2015), we use the least asymmetric
wavelet method of with a filter length of L=&d,,...,dg, sg) to obtain multiscale
decomposition of the seriéThe wavelet scales aré; ([2 — 4 ] days), d,([4 — 8] days),
d;([8 — 16 ] days), d,([16 —32]days), ds([32 — 64 ]days), d¢([64— 128 ]days),
d,([128 — 256 | days), dg([256 — 512 ]| days), and sg[(> 512 days)]. Fig. 3 plots the
wavelet scales together with the smoothed compamentthe sample period. The frequency
domain is classified into three investment horizaadollows (See Khalfaoui and Boutahar,
2012;Huang et al., 20168ylaghyereh et al., 2019a,b): The short-term hori@+82 days) is
defined adD; = (d, + d, + d3 + d,)}. The medium term horizon (32-128 days) is defined
as{D, = (ds + dg¢)}, and long-termhorizon (256 days and more) is defined {@ =
(d; + dg + sg)}. The wavelet decomposition of the oil returns arepecific sentiments are
presented in Figure 4.

[INSERT FIGURE 4 HERE]

Given the three investment horizons, we adopted fl®wing typical predictive
regression model which is based on a single fotiecpyariable (e.g., Campbell and
Thompson, 2008; Li and Yu, 2012):

7 =a+ BAES,_; + & (3)

Y For detailed information on the properties of MODV¥&e Crowley (2007). Note that we could have
transformed using the discrete wavelet transforrthote however this method is sensitive to the ahaitthe
starting point (Percival and Walden, 2000).

' The filter length of L=8 has been shown as an itheald-pass filter in the wavelets (In and Kim, 2013
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wherer; denotes the oil returndES;_, refers to the changamotion sentiment index, atagd

is the zero-mean normally distributed residualtia above specificatiokq. (3), the null
hypothesis of no predictability in sampleHg: § = 0. We apply a HAC estimator to get a
robust estimate.

To investigate whether the forecasting power remaignificant after controlling for the
lag of the oil returngr;_,), we consider a regression specification of thenfor

e =a+ BAES; 1+ Boiti-1 t & (4)
The null hypothesis of Eq. (4) is that the indicatbave no in-sample predictability,: 5; =
0.

Tables 8 & 9 report the in-sample forecast of eturns based on the general sentiment
measure and the four emotion sentiment measurese3imation results show that the null
hypotheses{ = 0) regarding the coefficient corresponding to therall sentiments and fear
is rejected and that it is statistically differehan zero. The change in the sentiment index
exerts a positive effect on the oil price returnsilevthe change in fear exerts a negative
effect. This remains true over both specified medel3) and (4).

It can be also noted that emotion variables eximigiher predictability over longer time
scales. For example, all emotion variables, exeager, significantly leads oil returns. A
positive change in sentiment, optimism, and trastdast higher oil returns while a positive
change in fear forecast a negative returns.

[INSERT TABLES 8&9 HERE]

To assess the out of sample predictability of eomstisentiments, we split the sample into
two samples, an estimation sample and a predistomple. In particular we estimate from
January 1, 1998 to December 31, 2008 and use timagsd parameters to generate returns
forecasts for the rest of the sample from Januar2009 to July 30, 2018. These out of

sample forecast are evaluated by their ability éduce the mean squared forecast error
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(MSFE) compared to forecasting with unconditionarage oil return. The statistic used is

written as

T Ry
R2,=1-2t=l 7). (5)

I (re-7)?
wheref; is the forecast given the information filter unti+ 1, and 7; is the unconditional
historical average return estimated up te 1. 1° As can be seen in 5, if the prediction ability
of the model is similar to the unconditional averalgen RZ; = 0. However, if R2;, > 0 then
the generated forecagis ; improves on the accuracy of the historical avefagecast in the
mean squared error loss

To this end, we test whether these improvementdh&n accuracy of forecasts is
statistically significant. In particular we tesethull (Hy: R2, = 0 against Hy: R%, > 0). A
suitable statistic is theISFE-adjusted statistigrovided by Clark and West (2007).

Table 10 presents the out-of-sample forecastingjteesThese findings conform to the in-
sample analysis as 2, statistics is positive and significant at the %el for all emotion
variables, except for anger. This is true over mediand long-term time scales. Hence, we
may conclude by saying that there is significanédptive content of sentiments in
forecasting oil returns over medium and long har&o

[INSERT TABLE 10 HERE]

Further we investigate based on rolling estimatmal forecasting procedure to check
robustness against the forecasting sch&riéis method captures the evolution of emotions
on oil over time. This is crucial as our sampleeexis over periods of financial turbulences
such as the global financial crisis and the subseigHuropean sovereign debt crisis. A daily

rolling window of 200 trading days is used to immpknt this exercise.

* small values ofR2, (e.g.R% = 0.5%) indicate forecasting performance. For more infation see, Campbell
and Thompson (2008), s
*° Shi et al. (2019) show that rolling scheme is maweurate than recursive in integrated systems.
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The time-varying coefficient§s;) in equation (3) along with its 95% confidence mgds
are displayed in Figure 5. It is evident that tleeficients which show the influence of
emotion sentiments on of the returns of oil chanmesr time but remain significant. More
importantly, the figure shows that the coefficiemtached their maximum during the sub-
prime crisis in 2008, 2009, and during the oil prazash in 2014, 2015 and 2016 general,
these results are largely consistent with the emiehs based on wavelet coherence analysis.

[INSERT FIGURE 5 HERE]

4. Conclusion

Understanding oil price changes is important fomynapplications in finance such as
energy risk management and portfolio diversificatim the recent years, there has been a lot
of interest on how behavioral biases impact finahmarkets returns and volatilities. This
study analyzes the relationship between crudeetilrns and oil-specific sentiments. These
sentiments are: the general sentiment, the optimibm trust, the fear, and the anger
sentiment.

In order to assess linkages of oil and sentimemr sarious investment horizons, we
implement the wavelet coherence analysis from Jgral 998 to July 30, 2018.

Our findings indicate that investors’ specific ser@nt leads oil returns. Further, there is a
relatively high degree of synchronization particlylaver the long-term but also across time.
The unpleasant emotional sentiments such as fahraager significantly affect crude oll
returns at the medium to the low frequencies buttmauring turbulent periods.

In order to check the validity of our findings, wen non-linear and linear causality tests
to find that sentiments cause oil price changesrextidhe other way around. The predictive
content of sentiments in the oil market is furtlbemfirmed by the significance of the

parameter corresponding to the lagged sentimemigasawvhen regressing future oil returns.
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Overall, the results have important implications &sset pricing and investment risk
management decisions. Specifically, investors khba aware of the level of the emotions
of optimism, trust, fear, and anger as these leadshelps in forecasting the direction of the

crude oil market.
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Table 1: The TRMI daily indexes for Brent crude oil

Index Description: 24-hour rolling average scoreaférences in news and social media to Range
Sentiment  overall positive references, net of negatferences -1tol
Optimism  optimism, net of references to pessimism -1tol
Trust trustworthiness, net of references connatmguption -1tol
Fear fear and anxiety Otol
Anger anger and disgust Oto 1

Sources: Thomson Reuters MarketPsych Indices, Ggigle. (2017).

Table 2: Summary statistics of return series

Mean Maximum Minimum Std. Dev. Skewness Ksiigo Jarque-Bera
Oil Return 0.0001 0.0780 -0.0813 0.0102 -0.0135 35%6 4747.12
Sentiment -0.1067 0.3778 -0.3617 0.0788 1.4890 47 11221.13
Optimism -0.0202 0.0772 -0.3240 0.0237 -3.8533 B35 292667.3
Trust 0.0021 0.0288 -0.0269 0.0028 0.8891 12.2142 9443.77
Fear 0.0114 0.0640 0.0000 0.0081 1.3908 6.9397 .6728
Anger 0.0032 0.0260 0.0000 0.0022 1.9010 10.0025 8671.26
Table 3: Pearson correlation coefficients
Oil Return Sentiment Optimism Trust Fear Anger
Oil Return 1.0000
Sentiment 0.3253* 1.0000
Optimism 0.2901* 0.4875* 1.0000
Trust 0.1216* 0.3947* 0.2183* 1.0000
Fear -0.2243* -0.1809 -0.2151* 0.0128 1.0000
Anger -0.1764* -0.2795* -0.2710* -0.1832* 0.2500* .0000
Note: ***, ** * significant at 1%, 5% and 10% respiévely.
Table 4: Statistically significant partial correlations
Pair Partial P-value Pair Partial P-value
Correlation Correlation
Oil Return/ Sentiment 0.2327** (0.0000) Sentimefitiger -0.1538*** (0.0001)
Oil Return/ Optimism 0.2509%+ (0.0002) Optimism fuist 0.1275%+ (0.0000)
Oil Return/ Trust 0.0828** (0.0175) Optimism / Fear -0.0906*** (0.0000)
Oil Return/ Fear -0.1511%** (0.0002) Optimism / Ange -0.0484** (0.0005)
Oil Return/ Anger -0.0745 (0.2952) Trust/ Fear 0186 (0.1750)
Sentiment/ Optimism 0.1001 (0.9914) Trust/ Anger .10B3*** (0.0000)
Sentiment/ Trust 0.3038*** (0.0000) Fear/Anger 0.1928*** (0.0000)
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Sentiment/ Fear -0.1104*** (0.0000)

Note: ***, ** significant at 1% and 5% respectively

Table 5:The BDS test results (fraction of pairs)

HO = independent and identically distributed (iid)

Embedding dimension V-Statistic
2 3 4 5 6

Oil Return 0.0116*** 0.0257*+* 0.0358**+* 0.0432%** 00470** 0.7028
(9.6534) (13.4752) (15.7994) (18.3207) (20.6994)

Sentiment 0.0580*** 0.0910*** 0.1075*** 0.1132%** QL117** 0.7042
(53.9968) (53.3645) (53.0393) (53.6538) (54.9933)

Optimism 0.0365** 0.0589*** 0.0712%* 0.0746** 00738** 0.7047
(34.0436) (0.0017) (0.0021) (0.0021) (0.0021)

Trust 0.0232%** 0.0414%** 0.0520*** 0.0568*** 0.058** 0.7041
(17.5239) (19.6513) (20.6940) (21.6907) (22.5215)

Fear 0.0781*** 0.1324*** 0.1660*** 0.1844*** 0.1942* 0.7037
(60.2567) (64.2796) (67.6958) (72.1930) (78.8161)

Anger 0.0296*** 0.0510%** 0.0633*** 0.0684** 0.06@*** 0.7034
(24.2491) (26.2989) (27.4693) (28.5249) (30.0225)

Note: The table reports the BDS statistic for endiegl dimension 2 to 6 and for epsilon value of fhTes the standard deviation of the

series. Parentheses reports corresponding z-statfi®DS. *** indicates the statistical significee at the 1% level.

Table 6: Causality test results

Panel A: Linear Granger causality tests

Sentiment does not Granger Cause Oil Return
Oil Return does not Granger Cause Sentiment
Optimism does not Granger Cause Oil Return
Oil Return does not Granger Cause Optimism
Trust does not Granger Cause Oil Return

Oil Return does not Granger Cause Trust
Fear does not Granger Cause Oil Return

Oil Return does not Granger Cause Fear
Anger does not Granger Cause Oil Return

Oil Return does not Granger Cause Anger

Lag length=1 Lag length =2 Lag length =3
F-stat P-value F-stat P-value F-stat P-value

10*978* (0.001) 5.853**  (0.003) 4.917%*  (0.002)
11*489* (0.000) 13.313**  (0.000) 8.680*** (0.004)
1.978 (0.159) 1.005 (0.366) 0.880 (0.450)
20.893**(0.000) 11.708**  (0.000) 8.635***  (0.000)
0.924 (0.336) 2.751* (0.063) 1.992 (0.112)
8.390***(0.001) 9.468*** (0.000) 11.850***  (0.000)
4.269**(0.013) 5.682**  (0.008) 4.017% (0.019)
19.517**t0.000) 13.618**  (0.000) 11.258**  (0.000)
2.240* (0.098) 3.135* (0.043) 2.260* (0.079)
1.334 (0.248) 0.661 (0.516) 0.778 (0.505)

Panel B: Diks and Panchenko (2006) nonlinear ciaysests

Embedding dimension=1

Embedding dimension=2

Emimegdiimension=3

Sentiment does not Granger Cause Oil Return
Oil Return does not Granger Cause Sentiment
Optimism does not Granger Cause Oil Return
Oil Return does not Granger Cause Optimism
Trust does not Granger Cause Oil Return

Oil Return does not Granger Cause Trust
Fear does not Granger Cause Oil Return

Oil Return does not Granger Cause Fear
Anger does not Granger Cause Oil Return
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T-stat P-value T-stat P-value T-stat P-value
4.714* (0.000) 3.649**  (0.000) 1.848* (0.032)
1.497 (0.309) 0.449 (0.326) 0.833 (0.202)
1.147 (0.125) 1.240 (0.107) 2.596*** (0.004)
0.204 (0.419) 2.179*** (0.014) 2.344*** (0.009)
1.358 (0.912) 0.002 (1.524) 0.253 (0.400)
3.534***(0.000) 0.499* (0.063) 0.301 (0.381)
2.334***(0.003) 2.002*** (0.009) 1.901** (0.038)
-0.334 (0.630) 1.524* (0.063) 0.253 (0.400)
1.751%*(0.026) 2.011**  (0.008) 2.634**  (0.006)



Oil Return does not Granger Cause Anger 1.573* (0.083) 1.251* (0.100)

0.927

(0.228)

Note: Considering the fact that we have a largepdasize of 5,363 observations and following thggastion of Diks and Panchenko
(2006), the bandwidth inonlinear causality tests was set to 0.7. *** &hd * Significant at the 1%, 5%, and 10% levelspetively.

Table 7: Testing the differential mean returns againsbuy and hold

Difference t-statistics Sum difference t-statistic

Sentiment 1.2273e-04 0.4474 0.3858 37.9134
Sentiment-Momentum -1.3059e-04 -0.4735 -0.6339 395
Sentiment - Contrarian -1.2754e-04 -2.6074 -0.5018 1448675
Optimism 1.1929e-04 0.4463 0.0252 2.5252
Optimism-Momentum -2.1270e-04 -0.7954 -0.6878 -8481
Optimism - Contrarian -5.4911e-05 -0.6652 -0.4477 86-1055
Trust 3.5037e-04 3.1727 4,9107 123.1656
Trust-Momentum 4.7662e-05 0.2446 0.1339 38.6914
Trust- Contrarian -3.0575e-04 -1.5202 -0.9474 -15743
Fear 1.9228e-05 1.0220 0.1249 235.3666
Fear-Momentum 5.4184e-06 0.0273 0.0628 213.3526
Fear- Contrarian -2.6350e-04 -1.3330 -0.9079 -132.34
Anger -7.6390e-05 -2.1976 -0.4095 -173.0596
Anger-Momentum 1.1734e-05 0.0593 0.0124 11.3708
Anger- Contrarian -2.6982e-04 -1.3613 -0.8930 -183P0
Table 8: Bivariate in-sample predictability of daily crude oil returns

Optimism Trust Fear Anger
Panel A: Short-term horizon (2—32 days)
AES;_4 0.0012 -0.0789 -0.0697** -0.0559

(0.843) (0.253) (0.0436) (0.3119)
Panel B: Medium term horizon (32-128 days)
AES:_4 0.7634** -0.0040 -0.0580*** -0.0078

(0.000) (0.851) (0.0000) (0.599)
Panel C: Long-term horizon (256 days and more)
AES;_4 0.7830** 0.7126*** -0.0803*** -0.0114

(0.000) (0.001) (0.000) (0.578)

Note: This table reports in-sample results usingdeh3) incorporate various emotion sentiment iattics (ES;_,) where the
independent variable is oil returmgs. The p-values are in brackets. ***, ** and * Sificant at the 1%, 5%, and 10% levels,

respectively.

Table 9: Multivariate in-sample predictability of daily crude oil returns

Optimism

Trust

Fear

Anger

Panel A: Short-term horizon (2—32 days)

AES,_,

0.0023

-0.0602

27

-0.0710**

-0.0562



(0.0010) (0.7181) (0.2539) (0.0040) (0.4010)

Teoq 0.0666*** 0.0498*** 0.04729*** 0.0503*** 0.0495%*
(0.0000) (0.0027) (0.0049) (0.0023) (0.0000)

Panel B: Medium term horizon (32-128 days)

AES;_4 0.0522%** 0.0496** -0.0003 -0.0192 -0.0015
(0.000) (0.000) (0.8513) (0.0000) (0.4630)

Te_q 0.5606*** 0.5827** 0.5876*** 0.5879*** 0.5876***
(0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

Panel C: Long-term horizon (256 days and more)

AES; 4 0.0288*** 0.0402** 0.7628** - 0.1052*** -0.0022
(0.000) (0.0000) (0.001) (0.000) (0.778)

Teoq 0.5996*** 0.5987*** 0.5996%*** 0.5964*** 0.5996%***
(0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

Note: This table reports in-sample results usingleh@4) incorporate various emotion sentiment iatlics (ES,_,) and lage of oil
returns where the independent variable is oil retyr. The p-values are in brackets. ***, ** and * Sificant at the 1%, 5%, and 10%
levels, respectively.

Table 10: Out-sample predictability of daily crude dl returns

Sentiment Optimism Trust Fear Anger
Panel A: Short-term horizon (2—32 days)
R2, 0.0545 0.0015 0.0072 0.0415 -0.0032
MSFE—adjusted 12.6607*** -3.6159 -6.7883 9.5564*+* -19.7748
(0.0000) (0.6948) (0.8647) (0.0014) (1.0000)
Panel B: Medium term horizon (32-128 days)
R2, 0.0613 0.0550 -0.0178 -0.1310 -0.0854
MSFE-adjusted 15.8075*** 7.5846** -4.1095 -13.4727 16.4653
(0.0000) (0.0335) (0.9703) (0.9910) (1.0000)
Panel C: Long-term horizon (256 days and more)
R2, 0.04109 0.05691 0.0898 0.2219 -2.0244
MSFFE—adjusted 9.1337*+* 13.0904*** 14.8291*** 21.5293** 46.5628
(0.0047) (0.0000) (0.0000) (0.0000) (1.0000)

Note: This table reports out-of-sample performarafegarious emotion sentiment indicators in pradgtdaily oil returns. The table
presents the Campbell and Thompson (2008)’s ostofpleR? statistic(R2,) and Clark and West (2007)'s MSFE-adjusted stasistic
The out-of-sample evaluation period is over Janda®009 to July 30, 2018. The p-values are inketsc ***, ** and * Significant at
the 1%, 5%, and 10% levels, respectively.
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Figure 1: Time series plots for ail returns and inestors’ emotion sentiments
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Figure 2: Wavelet coherence between emotional sem&nts and crude oil returns
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Investor anger Vs Crude oil returns
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Notes: This figure plots the Wavelet coherencepiairs of oil-specific sentiments and oil returnsnfr January 1, 1998 to July 30, 2018
using daily sampling. Time is represented on thezbotal axis, while the vertical axis shows fregcies (the lower the frequency, the
higher the scale). The level of correlation is @adied by the color on the right-hand side of thertglihe warmer the colors (red) the higher
the absolute correlation between the pairs, whilder colors (blue) indicate lower dependence betweairs. Cold regions beyond the
significant areas represent time and frequencigs no dependence in the series. The warmer the cbla region, the greater the
coherence between the pairs is. The black solakligolate the statistically significant area at 3 significance level, where significance
values were generated through Monte Carlo simulatidn arrow represents the lead/lag phase relatietween the two series. A zero
phase difference means that the two time serieeragether on a particular scale. Arrows poinhiright (left) when the time series are
in phase (anti-phase). Arrows pointing to the rdbtvn or left-up indicate that the first variabteléading, while arrows pointing to the
right-up or left-down show that the second variableading.
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Figure 3: The performance of psychology indices ag@st buy and hold
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Figure 4: Wavelet decomposition of the oil returnsand oil-specific sentiments
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Figure 5: Rolling-window testing the dependence fnm oil-specific sentiments to oil returns
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