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Abstract: We examine whether investor sentiment can explain anomalies such as size and book-
to-market in the US stock market. Differently from the literature, we test combination portfolios
(portfolios formed on more than one factor such as size, book-to-market ratio, etc.) of developed
markets for the same purpose. We find that sentiment is related to some anomalies in Europe,
Japan, North America and global portfolios; hence, the sentiment and anomaly relationship may be
universal. In addition, when size factor is controlled, the explanatory power of sentiment in anomaly
returns changes.
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1. Introduction

Although the efficient markets hypothesis (EMH) claims that there is no free lunch
in the sense that asset prices reflect all available information, a vast body of research
bolsters the opposite opinion. Several strategies, e.g., size and value, have been found to
result in returns that are higher than what is anticipated by Fama—-French’s three-factor
model (Fama and French 1993). For instance, size strategy (or size anomaly) contends
that going long with small sized stocks and (simultaneously) short with large sized stocks
produces a higher return than that anticipated by common asset pricing models, i.e., it
generates a positive alpha (Banz 1981). Fama and French (1992) documented that stocks
with higher book-to-market ratios have a higher risk-adjusted return compared to stocks
with lower ratios.

Anomalies are not limited to size and book-to-market ratio. Momentum (Jegadeesh
and Titman 1993), asset growth (Cooper et al. 2008), January (Keim 1983; Reinganum
1983), and contrarian (De Bondt and Thaler 1985) effects are among the well-known market
anomalies. Lu et al. (2017) indicated that several anomalies exist, not only in the US but
also in Canada, France, Germany, Japan and the UK.

Researchers have long been attempting to explore the reasons behind anomalies.
Among them, Stambaugh et al. (2012) advocated that anomalies can be explained by
investor sentiment. Additionally, Altanlar et al. (2019); Zaremba (2016); Jacobs (2015) and
Ali and Gurun (2009) argue that investor sentiment plays a key role in anomaly returns.

Motivated by these arguments, we investigated anomalies for various countries and
with different portfolio sets. We first checked whether there were anomalies in the US
stock market. Then, using predictive analysis, we showed that investor sentiment explains
anomalies such as size and investments in the US stock market. We examined regions other
than the US by using portfolio returns based upon binary combinations of anomalies. Our
findings indicate that when size impact is removed, the power of sentiment to explain
anomaly returns changes. The findings and the method (using combination portfolios) are
supported by the robustness checks.
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This study contributes to the literature in various ways. To explain anomalies, we
followed Stambaugh et al. (2012), yet included more anomalies than they did. Moreover,
we used the Fama-French five-factor model (Fama and French 2015) while they used the
Fama-French three-factor model. We tested fifteen different factors and examined long-
short strategies in the US stock market. Furthermore, we based our strategy on portfolios
containing combinations of different anomalies and composed of European, Japanese,
North American and global assets, assuming that each market can exhibit different anoma-
lies. We examined the explanatory power of sentiment in anomaly strategies by controlling
the size factor. For instance, we examined the book-to-market anomaly on stocks with
small market capitalization and big market capitalization separately. Hence, our research
opens up new ground for anomaly research in terms of considering stock characteristics
and proposes a new practice (using combination portfolios).

This paper is organized as follows. Section 2 reviews the literature related to anomalies
and investor sentiment. Section 3 summarizes the data and models. Section 4 lists the
empirical results and displays robustness checks. Section 5 concludes this study.

2. Literature Review

The anomaly literature has gained traction after Banz (1981) argued that small cap
stocks have higher risk-adjusted returns than large cap stocks. Thereafter, the phenomenon
was called the size effect. Though widely used in trading strategies afterwards, Schwert
(2003) stated that this effect disappeared in the subsequent years. One decade later, Fama
and French (1992) detected a correlation between book-to-market ratio and stock returns
in the US stock market, known as the book-to-market anomaly. This idea has attracted
keen interest among scholars and influenced countless studies through the years. Based on
previous price dynamics, the momentum effect is another anomaly that cannot be explained
by asset pricing models. According to this effect, stocks that recorded have previously
a rise perform better in the upcoming months (Jegadeesh and Titman 1993). Yet, when
the time horizon is extended, the results might not be the same. De Bondt and Thaler
(1985) showed that stocks performing worse in the last three years beat other stocks in
the following three years, referred to as the reversal (contrarian) effect. Keim (1983) and
Reinganum (1983) found evidence of the January effect, which is when small stocks yield
more in the month of January. More recently, Cooper et al. (2008) indicated that stocks
with lower asset growth record higher risk-adjusted returns, a phenomenon called the asset
growth anomaly. Sloan (1996) documented the accrual anomaly, which is the opposite
predictive relationship between accounting accruals and stock returns.

Several studies show that anomalies exist not only in the US but also in many other
countries. The book-to-market anomaly has also been validated for the Japanese stock
market (Chan et al. 1991). In turn, Griffin et al. (2003) showed that the momentum effect is
not particular to the US but exists in other countries as well. Lu et al. (2017) found many of
the aforementioned anomalies in Europe, Canada, Japan and the UK. It is worth noting
that while examining return data, dependence and nonlinearity may create issues. For
instance, Ferreira and Dionisio (2014) indicated that Japanese and Canadian index data
carry random walk whereas several other indices do not.

Obviously, the existence of these anomalies is a challenge for the efficient markets
hypothesis. Many researchers seek answers for market anomalies. For instance, according
to De Bondt and Thaler (1985), reversal occurs due to overreaction. Conversely, according
to Jegadeesh and Titman (1993), the momentum effect exists because of underreaction.
Nonetheless, the literature is far from reaching consensus on the causes of these anomalies.
In the last decade, certain researchers have focused on the role of investor sentiment
in explaining anomalies. For example, Lee et al. (2002) found that positive changes in
sentiment lead to higher excess returns and not only in small stocks. Brown and Cliff
(2005) indicate that sentiment affects asset valuations and that pricing models should
include investor sentiment. Stambaugh et al. (2012) stated that investor sentiment can
explain the excess return obtained by implementing strategies based upon anomalies.
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Altanlar et al. (2019) claimed that cognitive dissonance caused by sentiment and culture
could be the reason for momentum and post-earnings-announcement drifts. Zaremba
(2016) found that investor sentiment affects cross-country stock market anomalies. Jacobs
(2015) tested one hundred anomaly strategies and concluded that sentiment has a role
in explaining anomalies. Ali and Gurun (2009) related the accruals anomaly to investor
sentiment. Stambaugh and Yuan (2017) suggested a new asset pricing model with two
mispricing factors by using information from 11 anomalies in order to explain anomaly
returns. Authors have argued that their model performs well, and that sentiment predicts
these mispricing factors. On the other hand, Kim and Na (2018) did not find the same
result regarding the relationship between anomaly and sentiment when they incorporated
macroeconomic variables.

Anomaly trading has become more prominent following the publication of related
academic papers and investor attention days. Calluzzo et al. (2019) indicated that anomaly-
based trading occurs after an anomaly is announced in an academic paper, and that institu-
tional investors play a key role in arbitrage trading and hence bolster market efficiency. In
turn, Jiang et al. (2021) indicated that anomaly returns are higher right after high investor
attention days. The authors also showed that large traders are more active following high
attention days. Supporting Schwert (2003), Jacobs and Miiller (2019) find that long—short
returns of anomalies decrease after the publication of anomalies.

Several studies have examined the relationship between sentiment and anomalies for
different countries. For example, Han and Shi (2022) found that investor sentiment is able
to predict anomaly returns in China. Yang et al. (2017) showed that investor sentiment has
a significant effect on stock returns in Korea, and that the impact is stronger on stocks with
small size, high book-to-market ratio, high volatility and high excess return. Moreover,
Bathia and Bredin (2013) indicated that the returns of value stocks in G7 countries are more
prone to sentiment effect. These examples reveal that the relationship between sentiment
and market anomalies needs to be investigated in more detail.

3. Data and Methodology
3.1. Data

Listed in Table 1, our dataset consists of monthly portfolio return data and investor
sentiment index data for five countries or regions (US, Japan, Europe, North America and
World) from 1978, 1990, 2004 to 2015, and 2018, depending on the country or region. Hence,
the focus is to analyze major markets and regions over a long time period.

Table 1. Dataset.

Country/Region Data Period Nb of Months Sentiment Indicators
Us January 1978-September 2015 453 Baker and Wurgler, U Michigan
Japan March 2004—October 2018 176 Japanese CCI
Europe July 1990-October 2018 340 ESI
North America November 1990-September 2015 299 Baker and Wurgler, U Michigan
Global November 1990-September 2015 299 Baker and Wurgler, U Michigan

Notes: Our dataset consists of five countries or regions (US, Japan, Europe, North America and global) and
monthly portfolio return data and investor sentiment index data from 1978, 1990,2004 to 2015, and 2018, depending
on the country or region.

So far, several sentiment indicators have been developed and are commonly used by
both academics and practitioners. Among them are the University of Michigan consumer
sentiment index, which is a direct indicator!, and Baker and Wurgler (2006)’s sentiment
index, which is an indirect indicator, both originally launched in the US. Japanese consumer
confidence index (CCI)? and the economic sentiment indicator (ESI®) of Europe4 are direct
sentiment indicators.

Other than the US, Japan and Europe, we conducted the same analysis for North
American and global portfolios by using the US sentiment indicators as a proxy because



Int. |. Financial Stud. 2023, 11,49

4 0f 21

Baker et al. (2012) indicated that the correlation between sentiment indicators of the US
and Canada is 0.60, and that the US sentiment indicator has the highest correlation with
the authors’ global sentiment indicator.

Narayan and Sharma (2015) and Narayan et al. (2015) argued that financial models
can be data-frequency-dependent. Hence, selecting the right frequency reveals crucial in
hypothesis testing. In this study, we employed monthly frequency following the major
papers in this field (e.g., Stambaugh et al. 2012; Jacobs 2015) that opt for monthly frequency,
possibly due to the unavailability of the sentiment data at other frequencies. As is typical
in the literature, our sentiment data (Baker and Wurgler as well as consumer confidence
indices) were released on monthly basis.

Our examination of anomalies equally varied across countries and regions. For in-
stance, we investigated fifteen different anomalies for the US while only five for Japan,
Europe, North America and the globe. These are tabulated in Table 2.

Table 2. Anomalies analyzed in this paper.

Anomaly Reference Strategy
Size Banz (1981) Decile 1-Decile 10
Book-to-market Fama and French (1992) Decile 10-Decile 1
Momentum Jegadeesh and Titman (1993) Decile 10-Decile 1

Operating profitability
Investments (asset growth)

Short-term reversal
Long-term reversal
Accruals
Cashflow /price
Dividend yield
Earnings/price
Market beta

Net share issues

Residual variance
Variance

Decile 10-Decile 1
Decile 1-Decile 10
Decile 1-Decile 10
Decile 1-Decile 10
Decile 1-Decile 10
Decile 10-Decile 1
Decile 10-Decile 1
Decile 10-Decile 1
Decile 1-Decile 10

Decile 1-Decile 10

Decile 1-Decile 10
Decile 1-Decile 10

Fama and French (2016); Chen et al. (2011)
Cooper et al. (2008)
Jegadeesh (1990)

De Bondt and Thaler (1987)
Sloan (1996)

Hackel et al. (2000)

Naranjo et al. (1998)

Basu (1977, 1983)

Frazzini and Pedersen (2014)
Loughran and Ritter (1995); Daniel and
Titman (2006); Fama and French (2016)
Ang et al. (2006)

Ang et al. (2006)

Notes: The table shows fifteen different anomalies included in the analysis. We investigated all the anomalies
for the US portfolio whereas only first five anomalies for Japan, Europe and global portfolios were investigated.
Portfolios are separated into 10 groups based on these anomalies. For instance, for size anomaly, Decile 1 includes
the stocks with the smallest and Decile 10 includes the stocks with the largest market cap. A strategy consists of
taking a long position in one extreme portfolio and simultaneously a short position in the opposite extreme. As an
example, “Decile 1-Decile 10” means buying Decile 1 portfolio and selling Decile 10 portfolio.

Before starting anomaly studies, stocks are divided into 10 deciles (groups) according
to factors (anomalies) such as size, book-to-asset ratio and market beta. An anomaly
strategy consists of taking a long position in stocks with an extreme decile and a short
position in stocks with the opposite extreme decile (e.g., for size strategy, going long with
the decile having the stocks with the lowest sizes, and going short with the decile having
the stocks with the largest sizes). These strategies are listed in Table 2.

In anomaly studies, an anomaly strategy is simulated, and the return of this simulation
is regressed using various independent variables (in our case, sentiment indicators), along
with control variables (as in Stambaugh et al. (2012)). However, before this step, we checked
whether anomalies existed (returns were regressed along with control variables, excluding
sentiment).

To do so, we calculated “anomaly strategy” (also called “hedge strategy”) returns for
the US. On the other hand, for other regions—as opposed to the current literature—we
calculated portfolio returns based upon binary combinations of anomalies due to lack of
return data for pure anomaly portfolios. For instance, we used six available portfolios
composed of stocks sorted according to their size and book-to-market value (classified
as “small” and “big” for size and “low”, “mid” and “high” for book-to-market value), as
illustrated in Table 3. Each portfolio is a binary combination of size and book-to-market
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ratio. In this example, the first portfolio consists of stocks with a small size and low
book-to-market ratio whereas the last portfolio consists of stocks with a big size and high
book-to-market ratio. All the data to calculate pure portfolio returns are obtained from
Kenneth French’s data library.

Table 3. Combination portfolios based on size and book-to-market values.

Pf1 Pf2 Pf3 Pf4 Pf5 Pfe6
Size Small Small Small Big Big Big
Book-to-market Low Mid High Low Mid High

Note: The table shows binary combinations of portfolios sorted for size and book-to-market ratio. For example,
the first portfolio (Pf 1) consists of stocks with small size and low book-to-market ratio whereas the last portfolio
(Pf 6) consists of stocks with big size and high book-to-market ratio. Portfolio data belong to the Kenneth French
Data Library.

In order to calculate the return of the low book-to-market strategy, we averaged the
return of the portfolio consisting of stocks with a small size and low book-to-market ratio
(Pf 1), and that of the portfolio consisting of stocks with a big size and low book-to-market
ratio (Pf 4). We argue that this method provides the return of a pure low book-to-market
strategy because the averaging process removes the impact of size (we preferred to use
equally weighted portfolios instead of value-weighted portfolios for this analysis in order
to eliminate the impact of market capitalization). Similarly, for a high book-to-market
strategy, we averaged the returns of Pf 3 and Pf 6. Accordingly, the difference between high
and low book-to-market strategy returns revealed the return of book-to-market anomaly
(i.e., taking a long position in stocks with high book-to-market ratios and simultaneously
taking a short position in stocks with low book-to-market ratios). Investment, operating
profitability and momentum strategies were calculated analogously.

Aside from the pure anomaly portfolios, we found the outcome of these strategies
when the size factor was fixed. In other words, we analyzed the book-to-market anomaly
in two different cases; in one case, the size was “small” and in the other case, the size was
“big”. Hence, we were able to measure the impact of size on other strategies.

In this second method (i.e., fixing size factor), the calculation of our dependent variable
(i.e., anomaly strategy return, in which size factor was fixed) was straightforward. The third
portfolio (Pf 3) minus the first portfolio (Pf 1) produced results for a book-to-market strategy
when size was small, i.e., the strategy included stocks with small market capitalization.
Accordingly, Pf 6 minus Pf 4 could be used to measure book-to-market anomaly when
size was big. Investment, operating profitability and momentum strategies were examined
analogously.

3.2. Models

On the empirical side, we primarily tested the existence of anomalies with reference
to two alternative models extensively used in the literature. These were the Fama—French
three-factor model (FF3F) and Fama-French five-factor model (FF5F), as illustrated in
Equations (1) and (2), respectively.

FE3F: Rit — 1 =a+b Ryt — 1) +5 SMB; + h HML; + ¢ 1)

FF5F: Rit — T’ﬂ =a+b (Rmt — rft) +5s SMBt +h HML; + r RMW; + ¢ CMAt + &t (2)

where t is the time subscript, i = 1 to 15 is the anomaly strategy, R; is the return obtained by
implementing the anomaly strategy i, ¢ is risk-free rate, R, is market return (in our case,
market return is defined according to the region where the portfolio is composed of), SMB
(small minus big) is the size premium, HML (high minus low) is the value premium, RMW
(robust minus weak) is the difference between the returns of portfolios composed of stocks
with robust and weak profitability, and CMA (conservative minus aggressive) is the return
difference of conservative investment portfolios and aggressive investment portfolios.
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We first hypothesized whether anomalies existed in the returns of the different coun-
tries or regions described above. Following this, we sought whether anomalies could be
predicted or explained by investor sentiment. Finally, we inquired as to whether sentiment
was still able to explain anomalies when the size factor was controlled.

To test the above statements, we worked on different models that consider predictive
relations. For example, Model 3 adds to the standard FF3F the sentiment change (AS;) as
an independent variable. Model 4 adds the same variable to FF5F.

Ry — rp=4a +b (Rmt — rft) + S SMB; + h HML; + 6 AS; + ¢ (3)

Rit—rft=a+b(Rmt —rft)+sSMBt+hHMLt+rRMWt+cCMAt+(5ASt+st 4)

4. Results
4.1. Pure Anomaly Strategies

Table 4 summarizes the statistics relating to the monthly returns of anomaly strategies
in the US stock market. The table indicates that momentum, variance and residual variance
are the riskiest strategies revealed by high standard deviations. Referring to mean return,
momentum was the most (residual variance is the least) profitable strategy with an average
monthly return of 1.2% (—0.8%) in the research period.

Table 4. Summary statistics relating to the returns of anomaly strategies for the US.

Variable Mean Std Dev Min Max N

Size 0.2 4.6 -21.0 32.1 453
Book-to-market 0.4 4.7 —20.2 24.3 453
Momentum 1.2 7.5 —45.6 26.2 453
Short-term-reversal 0.2 5.6 —-25.0 214 453
Long-term-reversal 0.2 4.8 —13.9 23.7 453
Accruals -0.3 2.8 —-12.4 8.8 453
Cashflow /price 0.3 4.1 —-134 15.1 453
Dividend yield 0.0 5.5 —-22.1 26.4 453
Earnings/price 0.3 4.2 -14.1 15.3 453
Investments —0.5 3.2 —15.8 10.7 453
Market beta 0.1 6.6 —24.0 25.0 453
Net share issues —0.5 3.1 —-10.9 11.9 453
Operating profitability 0.4 4.3 —234 19.1 453
Residual variance —0.8 74 —33.6 30.8 453
Variance —0.6 8.2 —35.2 36.0 453

Note: The table provides the summary statistics about the returns (in percent) of anomaly strategies calculated on
the US data.

Table 5 tabulates the correlations among sentiment indicators and anomaly strategies’
returns. It depicts significant relationships among several anomalies as well as sentiment in-
dicators. For instance, the returns of variance and residual variance anomalies are strongly
correlated (0.95). Likewise, the correlation between the returns of market beta and variance
anomalies (0.84) and the one between the returns of operating profitability and residual
variance (0.73) are particularly high. The strong correlation between the returns of the
earning-to-price and cashflow-to-price anomalies (0.84) is attributable to the mathematical
relationship between earnings and cash flows. Additionally, the relatively high correlation
between the returns of size and book-to-market strategies (0.32) is noteworthy. Expectedly,
Baker and Wurgler’s sentiment index is positively correlated with the University of Michi-
gan consumer sentiment index (0.36). However, its correlation with anomalies” returns
is generally higher compared to the University of Michigan consumer sentiment index.
One may expect this outcome because it considers market variables that reflect timely
behavior of investors whereas the University of Michigan consumer sentiment index is
survey-based and has several drawbacks such as surveying few people and only on certain
dates, observing what is said rather than what is done, and being subject to biases and
hesitation of respondents when expressing their opinion (Salur and Ekinci 2023).



Int. |. Financial Stud. 2023, 11, 49

7 of 21

Table 5. Correlation matrix.

1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17

1 Baker and Wurgler index
2 Uni. Michigan 0.36 ***
3 Size 006 —003
4 Book-to-market 0.14 *** 0.07 0.32 ***
5 Momentum 0.06 0.05 —001 0¥

. —0.38
6 Short-term reversal 0.00 0.01 0.13 *** 0.08 wr

020
7 Long-term reversal 0.05 —0.04 0.41 *** 0.56 *** o 0.09 *
—0.15
8 Accruals 0.07 0.09 ** 005 0.A3% 002 —006
9 Cashflow/price 0.14% 003 002 058 000 010 gq9w 006
10 Dividend yield 017* 004 013 ggpee 016 06 gogr 005 042
11 Earnings/price 017+ 001 005  058** 000 005 022% 002 084" 045%
12 Investments 0.13% 007  016*  04d*  010% 009 ggeee  gqgwe 0350 034w 0354
13 Market beta 020%* 007 —043 000 020 025 006 010%  036%* 065 0390 026
5 ke * —0.37 % —0.13 * kot *k% *k *kk 3k

14 Net share issues 021 0.08 —001 010 007 009 0.28 0.35 024 036 0.56
15 Operating profitability 020% 002 051 021 gqgaee 017 028 00 goowe Q27 0267 005 060%™ 053
16 Residual variance 022+ 002 060 08 o5 02 013 0.08  030%%  048™*  038%* 025" 081 (59%%  073%
17 Variance 0.22% 000 050 07 23w 028 011 006  032%%  053®%  040**  0.23%% 084 060" 071t 095

Notes: Correlations are based upon monthly data from Jan 1978 to Sep 2015 (453 observations). *, ** and *** indicate significance at 10%, 5% and 1%, respectively.
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The sentiment indicators’ trajectory is depicted in Figure 1. Baker and Wurgler’s index
is more sensitive to stock market fluctuations because it incorporates stock market related
variables (the index rose to record high levels prior to the 2001 crisis and then plunged
sharply during the crisis). On the other hand, the University of Michigan consumer
sentiment index is more prone to consumers’ expectations on general economic conditions.

The US Sentiment Indicators

120
. 100
80
60
40
20

1982-01
1984-01
1986-01
1988-01
1990-01
1992-01
1994-01
1996-01
1998-(

2000-01
2002-01
2004-01
2006-01
2008-01
2010-01
2012-01
2014-01

e Baker and Wurgler's Sentiment Index (LHS) ~ seceeesee University of Michigan Consumer Sentiment Index

Figure 1. The US sentiment indicators. Note: The figure illustrates the most widely used sentiment
indicators: Baker and Wurgler’s sentiment index and University of Michigan consumer sentiment
index. Both indices were measured on a monthly basis. Left axis shows values of Baker and Wurgler’s
index and right axis shows values of University of Michigan consumer sentiment index.

Table 6 provides the constant coefficients (“a” parameter in the regressions, also called
“alpha” in common practice) estimated by the regressions suggested by FF3F and FF5F
models (Equations (1) and (2), respectively). Alpha refers to excess risk-adjusted return
that cannot be explained by the control variables. Any significant alpha reveals that the
relevant anomaly return is not fully explained by the factors suggested by the FF3F or
FF5F models and could be potentially explained further by adding other variables to the
model. The table shows that, in the case of the US, the coefficient is significantly positive
for anomaly strategies such as momentum, accruals, net share issues and residual variance
(investment, operating profitability, market beta and variance) considering both FF3F and
FF5F (considering only FF3F). For other regions, investments is the anomaly for which the
coefficient is commonly significant (except Japan) and positive and other anomalies such as
size, book-to-market or momentum (in line with Griffin et al. 2003) also reveal significance.
These results indicate that many anomalies are still active (as also documented by Liu et al.
2017) and cannot by fully explained by the FF3F and FF5F models.
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Table 6. Regression results: constant coefficient (alpha) in the FF3F and FF5F models.

us Japan Europe North America Global
Anomaly No Anomaly FF3F FF5F FF3F FF5F FF3F FF5F FF3F FF5F FF3F FF5F
1 Size —-0.11 0.05 0.16 * 0.14 —0.02 0.03 0.19* 0.36 *** 0.22 *** 0.25 ***
0.24 0.61 0.07 0.11 0.82 0.67 0.08 0.00 0.01 0.00
2 Book-to-market —0.26 ** —0.06 0.12* 0.11 0.26 *** 0.12 ** 0.29 *** 0.15 ** 0.30 *** 0.18 ***
0.02 0.57 0.10 0.13 0.00 0.01 0.00 0.03 0.00 0.00
3 Momentum 1.61 *** 1.06 *** 0.02 —-0.37 1.17 *** 0.68 *** 0.95 *** 0.72 *** 0.96 *** 0.69 ***
0.00 0.00 0.69 0.31 0.00 0.00 0.00 0.01 0.00 0.00
4 Investments 0.33 ** 0.08 0.11 0.05 0.26 *** 0.11** 0.59 *** 0.36 *** 0.36 *** 0.22 ***
0.01 047 0.37 0.35 0.00 0.02 0.00 0.00 0.00 0.00
5 Operating profitability 0.64 *** —0.03 0.11 0.05 0.41 *** —0.33 ¥** 0.19* —0.22 *¥* 0.14 —0.17 ***
0.00 0.73 0.27 0.42 0.00 0.00 0.09 0.00 0.04 ** 0.00
6 Short-term reversal —0.11 0.04
0.67 0.90
7 Long-term reversal —0.15 —0.05
0.43 0.76
8 Accruals 0.38 *** 0.38 ***
0.00 0.00
9 Cashflow /price 0.10 0.00
0.46 0.99
10 Dividend yield —0.02 0.02
0.93 0.92
11 Earnings/price 0.06 —0.05
0.68 0.73
12 Market beta 0.47 ** 0.10
0.01 0.56
13 Net share issues 0.65 *** 0.30 ***
0.00 0.01
14 Residual variance 1.27 *#** 0.52 ***
0.00 0.00
15 Variance 1.17 *** 0.37*
0.00 0.08

Notes: FF3F and FF5F stand for Fama-French three-factor and Fama-French five-factor models, respectively, and are defined as follows. FF3F: R;; — Th=a+ b (Rt frﬂ) + s SMB;
+ h HML; + ¢ and FF5F: R;; — rgp=a+ b (R — rﬂ) +5 SMBi+ h HML; + ¥ RMW; + ¢ CMA; + ¢ where t is time subscript, i = 1 to 15 is anomaly strategy, R; is the return obtained by
implementing the anomaly strategy i, rf is risk-free rate, Ry, is market return, SMB (small minus big) is size premium, HML (high minus low) is value premium, RMW (robust minus
weak) is the difference between the returns of portfolios composed of stocks with robust and weak profitability, and CMA (conservative minus aggressive) is the return difference of
conservative investment portfolios and aggressive investment portfolios. The dataset consists of five countries or regions (US, Japan, Europe, North America and global) and monthly
portfolio return data and investor sentiment index data from 1978, 1990, 2004 to 2015, and 2018, depending on the country or region. The US return data are value-weighted. Japan,
Europe, North America and global portfolios were calculated using combination portfolios. The figures show the constant coefficient (a) in each regression and the related p-value below.
Any significance means that anomaly return has still an unexplained component beyond the factors suggested by the FE3F or FF5F models. *, ** and *** indicate significance at 10%, 5%
and 1%, respectively.



Int. |. Financial Stud. 2023, 11,49

10 of 21

The figures in the table also signal that, in the US, strategies such as book-to-market,
investments, operating profitability, market beta and variance do not produce a significant
alpha when FF5F is used instead of FF3F. This finding supports the prevalence of FE5F over
FF3F. Meanwhile, the insignificance of certain anomalies may support Schwert (2003), who
argued that anomalies may disappear after traders are informed about their existence.

Table 7 provides the coefficient of the sentiment change variable in the regressions
based on the augmented FF3F and FF5F models described in Equations (3) and (4), re-
spectively. Any significance in this coefficient (sentiment variable) reveals that sentiment
change contributes to explaining anomaly strategy returns. According to the table, senti-
ment change has a significantly positive coefficient when size strategy returns are used
as the dependent variable, regardless of the model (FF3F or FF5F) and geographic region
(with the only exceptions of significance being the Japanese and global portfolios). Other
results were more heterogenous across regions or sentiment indices. For example, for the
US portfolio, when sentiment was measured using the Baker and Wurgler index, sentiment
change had a significantly positive impact on investment strategy returns in the case of
both FE3F and FF5F models, while this impact disappeared when it as measured using
the U Michigan index. For the Japanese portfolio, sentiment change had a significantly
positive impact on operating profitability strategy return in the case of FF3F. Across regions,
momentum anomaly was the only one for which sentiment change had a negative sign.
Under the assumption that momentum stocks are more volatile, this outcome could be
explained by the negative relationship between volatile stocks and sentiment since Baker
and Wurgler (2006) indicate that when sentiment is low, the subsequent returns are higher
for high volatile stocks.
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Table 7. Regression results: coefficient of the sentiment change variable in the augmented FF3F and FF5F models.
US (Baker and Wurgler) US (U Michigan) Japan Europe North America Global
An No Anomaly FF3F FF5F FF3F FF5F FF3F FF5F FF3F FF5F FF3F FF5F FF3F FF5F
1 Size 1.53 #** 1.69 *** 0.06 *** 0.06 *** 0.05 0.05 0.09 ** 0.10 ** 0.07 ** 0.06 ** 0.00 —0.00
0.01 0.01 0.01 0.01 0.35 0.33 0.04 0.03 0.01 0.02 0.99 0.95
2 Book-to-market 0.72 0.88 0.01 0.01 —0.06 —0.04 0.04 0.04 0.00 0.00 —0.00 0.00
0.31 0.19 0.65 0.67 0.20 0.37 0.25 0.23 0.83 0.76 0.96 0.88
3 Momentum —0.43 —0.73 —0.18 ** —0.18 ** —0.36 ** -0.23 —0.04 —0.06 —0.18 *** —0.18 *** —0.12 ** —0.11 **
0.84 0.72 0.04 0.03 0.03 0.11 0.75 0.62 0.00 0.00 0.01 0.02
4 Investments 1.32* 1.27 * —0.03 —0.02 —0.16 * 0.04 —0.02 0.00 0.02 0.01 —0.00 0.00
0.10 0.05 0.46 0.49 0.03 0.25 0.65 0.86 0.33 0.37 0.94 0.69
5 Operating profitability 1.55 1.01* 0.01 0.01 0.11* 0.05 0.00 —0.02 —0.00 0.01 0.01 0.01
0.12 0.09 0.76 0.78 0.08 0.19 0.95 0.50 0.96 0.39 0.69 0.33
6 Short-term reversal 1.03 1.10 0.00 0.01
0.52 0.49 0.93 0.94
7 Long-term reversal 0.40 0.58 —0.03 —0.03
0.73 0.58 0.47 0.47
8 Accruals 0.81 0.85 —0.01 —0.00
0.32 0.29 0.88 0.99
9 Cashflow /price —0.12 —-0.22 —0.00 —0.01
0.89 0.80 0.95 0.87
10 Dividend yield —0.23 -0.17 —0.03 —0.02
0.84 0.88 0.59 0.62
11 Earnings/price 0.38 0.27 —0.01 —0.01
0.66 0.74 0.86 0.78
12 Market beta —0.46 —0.69 0.02 0.03
0.68 0.51 0.61 0.51
13 Net share issues 0.93 0.72 —0.01 —0.01
0.23 0.30 0.79 0.85
14 Residual variance —0.22 —0.76 —0.06 —0.05
0.87 0.48 0.30 0.23
15 Variance 0.90 0.35 -0.07 —0.06
0.54 0.78 0.27 0.23

Notes: Augmented FF3F and augmented FF5F stand for Fama—French 3-factor and Fama—French 5-factor models, respectively, added with a sentiment variable. They are defined
as follows. FF3F: R;; — rp=a+ b (Rt — rft) + 8 SMB; + h HML; + 6 ASy + ¢ and FF5F: R;; — rp=a+ b (Rt — rﬂ) + 5 SMB;+ h HML; + r RMW; + ¢ CMA; + 6 AS; + & where t is time
subscript, i = 1 to 15 is anomaly strategy, R; is the return obtained by implementing the anomaly strategy i, rf is risk-free rate, R, is market return, SMB (small minus big) is size premium,
HML (high minus low) is value premium, RMW (robust minus weak) is the difference between the returns of portfolios composed of stocks with robust and weak profitability, CMA
(conservative minus aggressive) is the return difference of conservative investment portfolios and aggressive investment portfolios, and S is investor sentiment (measured by U Michigan
indices for US as well as North American and global portfolios, CCI for Japanese portfolio and ESI for European portfolio). The dataset consists of five countries or regions (US, Japan,
Europe, North America and global) and monthly portfolio return data and investor sentiment index data from 1978, 1990, 2004 to 2015, and 2018, depending on the country or region.
The US return data are value-weighted. Japan, Europe, North America and global portfolios were calculated using combination portfolios. The figures show the constant coefficient (a) in

each regression and the related p-value parentheses below. *, ** and *** indicate significance at 10%, 5% and 1%, respectively.
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Table 7 does not list constant coefficients (alphas) since our focus is sentiment and
the return relationship. Yet, our findings indicate that alphas are still significant when
sentiment change is used. In other words, while sentiment change has an impact on
anomaly returns, it is not the only answer for excess alpha.

Our findings partially match with the literature. For example, the fact that sentiment
is able to explain several anomaly returns is in line with Stambaugh et al. (2012) and
Stambaugh and Yuan (2017)°. On the other hand, Stambaugh et al. (2012) only employed a
FF3F model whereas we confirmed the results using both FF3F and FF5F models.

4.2. Fixing the Size Factor

In a recent study, Fama and French (2016) examined anomaly returns by controlling
(fixing) size factor. Inspired by this study, we examined sentiment’s explanatory power
on four different anomalies’ (book-to-market, momentum, investments and operating
profitability) returns by fixing the size factor. For this, we defined “combination portfolios”
(Pfs 1 to 6 in Table 8) that consist of binary combinations of size (small and big) and the
relevant anomaly (low, mid and high). Consequently, it is possible to define anomaly
strategy return separately for small and large firms simply by subtracting the returns of
combination portfolios from each other. For example, the return of Pf 3 minus the return
of Pf 1 shows the book-to-market strategy return for small firms and return of Pf 6 minus
return of Pf 4 shows the book-to-market strategy return for large firms (analogously for
other anomalies).

Table 8. Combination portfolios based on size and other factors.

Pf1 Pf2 Pf3 Pf4 Pf5 Pfe6

Size Small Small Small Big Big Big
Book-to-market Low Mid High Low Mid High
Pf1 Pf2 Pf3 Pf4 Pf5 Pfe6

Size Small Small Small Big Big Big
Investments Low Mid High Low Mid High
Pf1 Pf2 Pf3 Pf4 Pf5 Pfe6

Size Small Small Small Big Big Big
Operating profitability Low Mid High Low Mid High
Pf1 Pf2 Pf3 Pf4 Pf5 Pfe6

Size Small Small Small Big Big Big
Momentum Low Mid High Low Mid High

Notes: Each portfolio is a binary combination of size and book-to-market value. In the first panel, the first portfolio
(Pf 1) consists of stocks with small size and low book-to-market ratio whereas the last portfolio (Pf 6) consists of
stocks with big size and high book-to-market ratio. Other panels are analogous.

The results shown in Table 9 indicate that for investment strategy, the coefficient for
the US portfolios is significantly positive. Yet, when separately analyzed, one can notice
that this is rather the case for small stocks while the evidence for large-size stocks does
not exist.
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Table 9. Regression results for the combination portfolios: coefficient of the sentiment change variable in the augmented FF3F model.

Panel A: US Equally Weighted Controlling Size Factor
Sentiment t-Stat p-Value Adj R-Square Sentiment t-Stat p-Value Adj R-Square
When size is small —0.31 —0.53 0.60 0.67
Book-to-market 0.70 0.99 0.32 0.66 When size is big 1.24 %+ 3.29 0.00 0.83
When size is small 1.25** 224 0.03 0.19
Investments 1.99* 2.41 0.02 0.21 When size is big 0.83 1.64 0.10 0.52
) N When size is small —1.54** —-1.98 0.05 0.17
Operating profitability —1.94* -177 0.08 0.23 When size is big 0.97 1.25 0.21 0.14
When size is small —0.26 —0.20 0.84 0.02
Momentum —0.95 —0.50 0.62 0.02 When size is big -0.10 -0.07 0.94 0.09
Panel B: Europe Equally Weighted Controlling Size Factor
Sentiment t-Stat p-Value Adj R-Square Sentiment t-Stat p-Value Adj R-Square
When size is small 0.08 * 1.65 0.10 0.59
Book-to-market 0.04 1.14 0.25 0.84 When size is big —0.01 —0.18 0.86 0.78
When size is small 0.00 0.04 0.97 0.39
Investments —0.02 —0.46 0.65 0.49 When size is big —0.04 —0.78 0.44 0.43
. o When size is small —0.02 —0.36 0.72 0.03
Operating profitability 0.00 0.06 0.95 0.11 When size is big 0.02 043 0.67 0.21
When size is small —0.10 —0.88 0.38 0.08
Momentum —0.04 —0.32 0.74 0.12 When size is big 0.02 0.16 0.88 0.14
Panel C: Japan Equally Weighted Controlling Size Factor
Sentiment t-Stat p-Value Adj R-Square Sentiment t-Stat p-Value Adj R-Square
When size is small —0.05 —0.50 0.62 0.60
Book-to-market —0.06 —1.30 0.20 0.85 When size is big —0.08 -1.26 0.21 0.78
When size is small —0.14* -1.73 0.09 0.34
Investments —0.16 * -217 0.03 0.34 When size is big —0.18** —2.06 0.04 0.24
) o When size is small 0.09 1.30 0.20 0.41
Operating profitability 0.11* 1.77 0.08 0.35 When size is big 0.14* 1.65 0.10 0.19
When size is small —-0.32* —1.97 0.05 0.07

Momentum —0.36** —2.26 0.03 0.13 When size is big 0.40 ** —-2.20 0.03 0.14
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Table 9. Cont.

Panel D: North America Equally Weighted Controlling Size Factor

Sentiment t-Stat p-Value Adj R-Square Sentiment t-Stat p-Value Adj R-Square

When size is small —0.11 -0.17 0.86 0.80

Book-to-market 0.27 0.63 0.53 0.89 When size is big 0.64 141 0.16 0.87

When size is small 1.29% 1.84 0.07 0.35

Investments 0.99 % 1.68 0.09 0.62 When size is big 0.71 1.04 0.30 0.69

. o When size is small —2.22 *** —2.94 0.00 0.31

Operating profitability —0.69 -1.03 0.31 042 When size is big 0.85 113 0.26 0.44

When size is small —0.08 —0.05 0.96 0.04

Momentum 0.1 0.07 0.95 0.10 When size is big 0.29 0.17 0.87 0.14

Panel E: Global Portfolios Equally Weighted Controlling Size Factor

Sentiment t-Stat p-Value Adj R-Square Sentiment t-Stat p-Value Adj R-Square

When size is small —0.46 -1.20 0.23 0.79

Book-to-market 0.02 0.06 0.95 0.90 When size is big 0.49 1.42 0.16 0.85

When size is small 0.50 122 0.22 0.43

Investments 0.47 122 0.22 0.64 When size is big 0.44 0.92 0.36 0.67

) o When size is small —0.99 ** —222 0.03 0.25

Operating profitability —0.12 —0.30 0.76 0.37 When size is big 0.75 1.60 0.11 0.37

When size is small 0.74 0.66 0.51 0.08

Momentum 0.64 0.54 0.59 0.13 When size is big 0.54 0.40 0.69 0.16

Notes: Augmented FF3F stands for Fama—French three-factor model, added with a sentiment change variable. It is defined as follows FF3F: R;; — rp=a+ b (Ryt — T ) +s SMB; + h HML;
+ &, where t is time subscript, 7 = 1 to 15 is anomaly strategy, R; is the return obtained by implementing the anomaly strategy i, 7 is risk-free rate, Ry, is market return, SMB (small minus
big) is size premium, HML (high minus low) is value premium, and S is investor sentiment (measured using Baker and Wurgler index for US as well as North American and global
portfolios, CCI for Japanese portfolio and ESI for European portfolio). The dataset consists of five countries or regions (US, Japan, Europe, North America and global) and monthly
portfolio return data and investor sentiment index data from 1978, 1990, 2004 to 2015, and 2018, depending on the country or region. The US return data are value-weighted. Japan,
Europe, North America and global portfolios were calculated using combination portfolios. The figures show the constant coefficient (a) in each regression and the related p-value below.
*, ** and *** indicate significance at 10%, 5% and 1%, respectively.
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Considering overall stocks on the left halves of the panels, the coefficients of other
anomaly returns were not systematically significant. However, when size factor was
controlled, the results changed markedly. For example, concerning the momentum strategy
returns in Japanese portfolios, the coefficients were significantly negative (positive) for
small (large) stocks. It appears that momentum anomaly returns are negatively related
with sentiment change when small stocks are used. Additionally, in the case of the US
portfolio, the coefficients (sentiment change) for operating profitability were significantly
negative for small stocks yet insignificant for large stocks. However, this result held only
for the US and North America portfolios.

These findings show that sentiment change helps to explain investments and operating
profitability anomaly returns. A deeper analysis reveals that the size factor plays a key role
in anomaly returns. Yang et al. (2017) argued that sentiment has stronger impact on stocks
with lower market capitalization. Moreover, Bathia and Bredin (2013) indicated that value
stocks’ returns in G7 countries are more prone to the sentiment effect. We confirmed that
stock characteristics are important to the explanatory power of sentiment for investments
anomaly in the US, Europe and North America.

4.3. Robustness Checks
4.3.1. Combination Portfolios Instead of Portfolios Formed Based on a Single Anomaly

In the previous section, we used combination portfolios for regions other than the
US not only for fixing one factor but also due to the lack of pure anomaly strategy return
data. These two-dimensional feature of anomaly returns (e.g., book-to-market anomaly
returns when stock size is small or big) are used to proxy for anomaly returns. For example,
referring to the upper part of Table 8 (regarding size and book-to-market), averaging the
returns of Pf 1 and Pf 4 would provide the return of a pure low book-to-market strategy
while averaging the returns of Pf 3 and Pf 6 would provide the return of a pure high
book-to-market strategy (with the difference that portfolios composed in this way are
equally weighted instead of being value-weighted). Effectively, the effect of size becomes
neutralized. Then, subtracting the former from the latter (high minus low) provides the
book-to-market anomaly return (analogously for investment, operating profitability and
momentum strategies). Hence, we performed an alternative analysis and check for whether
this method yielded the same findings for the pure strategy returns found in Section 4.1.

On Kenneth French’s data library®, only nine different anomaly portfolios were avail-
able in combination format for the US market. Among these portfolios, five strategies (size,
book-to-market, investment, operating profitability, and momentum) were examined for
Europe, Japan, North America and global markets’. We calculated the anomaly returns
as explained above and tested the relation between anomalies and the investor sentiment
measure.

As Table 10 indicates, anomaly strategies calculated from combination portfolios have
a similar relationship with single anomaly portfolios composed of 10 deciles at the 5%
significance level. This finding supports our intention to use combination portfolios for
Europe, Japan, North America and global markets in anomaly research.
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Table 10. Using combination portfolios for US data.

Equally Weighted Combination Portfolio
Anomalies Sentiment  t-Stat p-Value Adj R-Square  Sentiment t-Stat p-Value Adj R-Square
Size 2.84 *** 3.16 0.00 0.59 1.37 ** 222 0.03 0.59
Book-to-market 0.70 0.99 0.32 0.66 0.46 1.29 0.20 0.84
Momentum —0.95 —0.50 0.62 0.02 —0.18 —0.14 0.89 0.05
Investments 1.99 ** 241 0.02 0.21 1.04 ** 247 0.01 0.45
Operating ~194* 177 0.08 0.23 029  —041 0.68 0.16
profitability
Notes: Three-factor model was used in this test (Fama and French 1993). Rt — rft =« + B (Rm — rf)t + s(SMB)t +
h(HML)t + § A (S)t + ¢, where Ri is return of the anomaly strategy, 7f is risk-free rate, Rm — 1f is the difference
between rf and return of value-weighted market portfolio, SMB is size premium, HML is value premium, and S
is sentiment. Sentiment measure refers to Baker and Wurgler (2006). Parameter estimate belongs to sentiment
variable. *, ** and *** indicate significance at 10%, 5% and 1%, respectively.
4.3.2. Using Equally Weighted Portfolios Instead of Value-Weighted Portfolios

It can be argued that value-weighted portfolios are more meaningful in examining
the relationship between sentiment and anomaly returns. Followingly, we check whether
choosing a value-weighted or equally weighted portfolio really makes a difference as to
the relationship between sentiment and anomaly returns®.

The results shown in Table 11 indicate that the sign and significance of the sentiment
change coefficient for different anomalies do not really change across the two types of
portfolios at 1% significance. These results provide support for Stambaugh et al. (2012) and
Jacobs (2015), who found that equally weighted and value-weighted anomaly portfolios
attain similar results.

Table 11. Value-weighted vs equally weighted portfolios (US data).
Equally Weighted Value-Weighted

Anomalies Sentiment T-Stat p-Value Adj R-Square  Sentiment t-Stat p-Value Adj R-Square
Size 2.84 %+ 3.16 0.00 0.59 1.53 # 2.78 0.01 0.83
Book-to-market 0.70 0.99 0.32 0.66 0.72 1.02 0.31 0.74
Momentum —0.95 —0.50 0.62 0.02 —0.42 —0.20 0.84 0.07
Short-term reversal 2.62*% 1.76 0.08 0.07 1.02 0.65 0.52 0.09
Long-term reversal 2.64 ** 2.24 0.03 0.23 0.40 0.35 0.73 0.34
Accruals 1.08 ** 2.20 0.03 0.02 0.81 1.00 0.32 0.02
Cashflow /price 0.18 0.30 0.77 0.54 —0.11 —0.13 0.89 0.47
Dividend yield 0.57 0.67 0.50 0.46 -0.23 —0.20 0.84 0.53
Earnings/price 0.14 0.23 0.82 0.55 0.38 0.44 0.66 0.51
Investments 1.99 ** 241 0.02 0.21 1.32% 1.66 0.10 0.29
Market beta —1.56 —-1.59 0.11 0.65 —0.46 -0.41 0.68 0.67
Net share issues -0.47 —0.54 0.59 0.40 0.93 1.21 0.23 0.31
Operating ~194* 177 0.08 0.23 1.55 157 0.12 0.39

profitability

Residual variance —1.81 —1.34 0.18 0.57 -0.22 -0.17 0.87 0.65
Variance —1.40 -1.02 0.31 0.58 0.89 0.61 0.54 0.63

Notes: Three-factor model was used in this test (Fama and French 1993). Rt — rft =« + B (Rm — rf)t + s(SMB)t +
h(HML)t + § A (S)t + ¢, where Ri is return of the anomaly strategy, 7f is risk-free rate, Rm — rf is the difference
between rf and return of value-weighted market portfolio, SMB is size premium, HML is value premium and S
is sentiment. Sentiment measure refers to Baker and Wurgler (2006). Parameter estimate belongs to sentiment
variable. *, ** and *** indicate significance at 10%, 5% and 1%, respectively.

4.3.3. Examining Size Anomaly While Controlling Other Factors

We wondered whether size anomaly is related with sentiment when some factors are
constant. In order to test this, we regressed size anomalies by fixing one factor.

Table 12 shows that size anomaly and sentiment have a predictive relationship when
stocks” book-to-market and operating profit factors are low and momentum is high. The



Int. |. Financial Stud. 2023, 11,49

17 of 21

latter part of Table 12 lists results regarding the size anomaly and sentiment relationship
without controlling any factor. Hence, fixing factors other than size may be important in
the sentiment and anomaly relationship.

Table 12. Examining size anomaly while controlling other factors (US data).

Size Anomaly with Different Stock Characteristics

. Adj

Sentiment t-Stat p-Value R-Square
When book-to-market is low 2.39 *** 2.96 0.00 0.52
When book-to-market is 0.87 1.55 0.12 0.62

medium

When book-to-market is high 0.84 1.18 0.24 0.50
When investment is low 2.25 ** 2.50 0.01 0.48
When investment is medium 0.54 1.11 0.27 0.62
When investment is high 1.84 *** 2.80 0.00 0.47
When operating profit is low 2.73 *** 3.08 0.00 0.38
When operating is medium 0.23 0.51 0.61 0.58
When operating profit is high 0.22 0.46 0.64 0.65
When momentum is low 1.32 1.27 0.21 0.36
When momentum is medium 0.65 1.38 0.17 0.60
When momentum is high 1.16 ** 2.00 0.05 0.46
Size anomaly 2.84 *** 3.16 0.00 0.59

Notes: Three-factor model was used in this test (Fama and French 1993). Rt —rft = a + B (Rm — rf)t + s(SMB)t +
h(HML)t + § A (S)t + ¢, where Ri is return of the anomaly strategy, #f is risk-free rate, Rm — rf is the difference
between rf and return of value-weighted market portfolio, SMB is size premium, HML is value premium, and S
is sentiment. Sentiment measure refers to Baker and Wurgler (2006). Parameter estimate belongs to sentiment
variable. ** and *** indicate significance at 5% and 1%, respectively.

4.3.4. Calculating Size Anomaly Returns from Various Combination Portfolios

In this study, we defined various anomaly returns using combination portfolios. For
example, referring to the upper part of Table 8, the average return of Pf 1, Pf 2 and Pf 3
minus the average return of Pf 4, Pf 5 and Pf 6 provides the return for size anomaly (small
minus big) using book-to-market portfolios. Yet, size anomaly return can be also obtained
by combining size with investments, operating profitability and momentum portfolios.
Whether alternative combinations to calculate a certain anomaly return provide the same
result as for the relationship between sentiment change and relevant anomaly returns
remains an open question.

Table 13 shows the coefficient of sentiment change variable in the FF3F based regres-
sion model to explain size anomaly return for different geographic regions. According
to the table, even if the sign and significance of the coefficients may vary across regions
(e.g., they are insignificant except for Europe), they remain the same across combinations
(within each panel). Hence, we concluded that calculating anomaly returns using different
combinations does not matter.
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Table 13. Regression results: coefficient of sentiment change in the augmented FF3F model when size
anomaly return is calculated with alternative combinations.

Parameter Estimate t-Stat p-Value Adj R-Square
Panel A: European Portfolios
Size strategy return from book-to-market combination 0.09 ** 2.03 0.04 0.66
Size strategy return from investment combination 0.09 ** 2.01 0.05 0.66
Size strategy return from operating profit combination 0.11 *** 2.61 0.01 0.69
Size strategy return from momentum combination 0.08 * 1.65 0.10 0.62
Panel B: Japanese Portfolios
Size strategy return from book-to-market combination 0.05 0.93 0.35 0.75
Size strategy return from investment combination 0.04 0.77 0.44 0.75
Size strategy return from operating profit combination 0.04 0.67 0.51 0.74
Size strategy return from momentum combination 0.11* 1.96 0.05 0.67
Panel C: North America Portfolios
Size strategy return from book-to-market combination 2.07 *** 3.13 0.00 0.64
Size strategy return from investment combination 1.89 *** 3.12 0.00 0.59
Size strategy return from operating profit combination 1.29 ** 2.49 0.01 0.62
Size strategy return from momentum combination 1.73 *** 2.69 0.01 0.51
Panel D: Global Portfolios
Size strategy return from book-to-market combination 1.67 *** 3.53 0.00 0.60
Size strategy return from investment combination 1.57 *** 3.48 0.00 0.58
Size strategy return from operating profit combination 1.27 *** 3.05 0.00 0.61
Size strategy return from momentum combination 1.43 *** 2.99 0.00 0.53

Notes: Three-factor model was used in this test (Fama and French 1993). Rt — rft =« + B (Rm — 1)t + s(SMB)t +
h(HML)t + § A (S)t + ¢, where Ri is return of the anomaly strategy, 7f is risk-free rate, Rm — rf is the difference
between rf and return of value-weighted market portfolio, SMB is size premium, HML is value premium,
and S is sentiment. For North America and global portfolios, sentiment measure refers to Baker and Wurgler
(2006). Parameter estimate belongs to sentiment variable. *, ** and *** indicate significance at 10%, 5% and 1%,
respectively.

5. Conclusions

Price anomalies have long been investigated in the finance literature. However,
whether they can be explained by investor sentiment in addition to other existing as-
set pricing models remains open to debate. Motivated by this fact, we conducted an
analysis on stock portfolios representing various geographic locations (US, Europe, Japan,
North America and global). Our dataset extends to 1978, 1990, 2004 to 2015, and 2018,
depending on the country or region. We examined the existence of anomalies, explained
these anomalies with sentiment indicators and assessed whether the explanatory power of
sentiment depends on size factor.

Our evidence shows that anomalies exist in the US stock market when tested using
the Fama—French three-factor (FF3F) and Fama—French five-factor (FF5F) models. We also
asserted that momentum, accruals, net share issues and residual variance strategies produce
higher returns than risk-adjusted returns. Additionally, in the US market, size, investments
and operating profitability anomalies were predicted using Baker and Wurgler’s investor
sentiment index. On the other hand, the University of Michigan consumer sentiment index
explained only returns of size and momentum anomalies. Hence, we conclude that indirect
sentiment indicators perform better in this aspect.

Investor sentiment’s power in anomaly explanations is valid not only in the US but
also in the Europe, Japan and global portfolios. Therefore, investor sentiment’s explanatory
power might be universal, but it changes on the basis of anomalies. Additionally, the
explanatory power of sentiment changes when the size factor is fixed. In other words, the
impact of sentiment on returns is related to market capitalization. For instance, sentiment
can explain investment anomaly in US portfolios. However, when separately analyzed, one
might notice that this is rather the case for small stocks but not for large stocks. Our findings
and the method (using combination portfolios) were supported by robustness checks.

Our study has several implications. First, preference for indirect sentiment indicators
over direct ones may improve prediction models both in academia and practice. Secondly,
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asset managers who follow factor-investing strategies can consider the impact of the size
factor. For example, for book-to-market strategy, picking larger stocks when sentiment is
expected to rise might result in higher returns. On the other hand, the opposite method of
trading is valid for investment strategy.

Our study offers new ground for anomaly research by fixing the stock characteristics
when analyzing the effect of sentiment. Additionally, creating pure anomaly returns from
combination portfolios is a new practice that could potentially gain traction.

As further research, the relationship between sentiment and anomaly should be exam-
ined in other parts of the world and with different types of investor sentiment indicators.
Note that indirect indicators seem a better choice for this analysis. Furthermore, referring to
Bathia and Bredin (2013), Yang et al. (2017) and our findings in Section 4.3.3. (i.e., examining
the size anomaly while controlling other factors), anomaly and sentiment relationship can
be examined by fixing other factors such as book-to-market ratio and volatility.
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Notes

! “Direct” indicators are sentiment measures obtained by surveys. “Indirect” indicators, on the other hand, are calculated by using

market data such as put/call parity and discounts on closed-end funds.

Available on http:/ /www.cao.go.jp/index-e.html (accessed on 15 January 2020).
https://ec.europa.eu/info/business-economy-euro/indicators-statistics /economic-databases /business-and-consumer-surveys_
en (accessed on 16 January 2020).

Based on surveys, the economic sentiment indicator (ESI) of Europe consists of five different sub-indicators, namely industrial
confidence (40%), service confidence (30%), consumer confidence (20%), retail trade confidence (5%) and construction confidence
(5%).

Stambaugh and Yuan (2017) suggest a new model with two mispricing factors, which having predictive relationship with investor
sentiment, in order to explain anomaly returns.

https:/ /mba.tuck.dartmouth.edu/pages/faculty /ken.french/data_library.html (accessed on 10 January 2020).

Other anomaly returns are not available for Europe, Japan, North America and global markets.

Due to the lack of data for other regions, we do this check only for the US market.
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