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Introduction

Market efficiency and investor behavior have always been a driving force behind behavioral finance research.
Originating from the traditional theory of efficient markets, several pioneers achieved valuable research
breakthroughs (Fama, 1970; Samuelson, 1965; Shleifer & Vishny, 1997). Nonetheless, the omnipresent uncertainty
in financial markets guided the researchers’ focus on more psychology-based approaches. Barberis and Thaler (2003)
laid the foundation for behavioral finance by publishing an extensive survey of behavioral finance and its
implications. Thenceforth, many other researchers followed, investigating the interconnectedness of psychological
and emotional factors in financial markets. There is an extensive body of literature on different aspects of behavioral
finance, yet to the best of our knowledge, no publication introduces a holistic survey of the plethora of studies on
behavioral finance. Driven by the demand to understand the interconnectedness between psychology and financial
theories and to provide a comprehensive view of the development of behavioral finance, this paper aims to provide a
systematic literature review.

Researchers have investigated different aspects of behavioral finance. Barberis and Thaler (2003) inform readers
about those studies focusing on different biases such as conservatism, overconfidence, representativeness, and its
influence on the investors’ unconscious decision making. Today, the most influential research streams focus on
cognitive and emotional biases (Sahi, Arora, & Dhameja, 2013). Within research on behavioral biases, there are two
main strands, those who approach behavioral biases and their influence on the market holistically (Gokhale,
Tremblay, & Tremblay, 2015; Korniotis & Kumar, 2011; Wei, 2018), and those who instead focus on one specific
bias at a time, such as the anchoring bias (Anderson & Zastawniak, 2016) or the confirmation bias (Duong, Pescetto,
& Santamaria, 2012). Embedded within the research on behavioral biases, the disposition effect has gained
prominence since Barber-is and Thaler’s survey. The effect has been critically revisited with the focus on gender

* Corresponding author.
E-Mail address: katharina.a.fischer@gmail.com

https://doi.org/10.35944/jofrp.2021.10.1.004
ISSN 2305-7394



https://doi.org/10.35944/jofrp.2021.10.1.004
mailto:katharina.a.fischer@gmail.com
https://doi.org/10.35944/jofrp.2021.10.1.004

K. Fischer, O. M. Lehner / ACRN Journal of Finance and Risk Perspectives 10 (2021) 54-76

(Durand, Fung, & Limkriangkrai, 2019; Meziani & Noma, 2018), maturity (Cheng, Lee, & Lin, 2013; Kubinska,
Markiewicz, & Tyszka, 2012), and personality traits (Cecchini, Bajo, Russo, & Sobrero, 2019). Besides the well-
known focal points within research in behavioral finance, such as herding behavior, risk perception, or cognitive
dissonance, a relatively new field has emerged, namely, that focusing on the influence of the (news) media on
financial markets (Peress, 2014). Next to the increase in information transparency (Fan, Talavera, & Tran, 2019),
social media platforms, such as Twitter, can also threaten the price development of specific securities through the
spread of fake information, which might negatively impact the investors’ price perception (Reed, 2016). Furthermore,
a new line of investigation has considered the so-called calendar effects such as the January effect, Halloween effect,
or Monday effect (Chen & Daves, 2018; Urquhart & McGroarty, 2014) as well as weather conditions (Goetzmann,
Kim, Kumar, & Wang, 2015; Kim, 2017) and their impact on trading volume and asset pricing. The evidence further
suggests a strong connection of such effects with market sentiment.

The overall aim of behavioral finance is to predict future stock market returns and explain occurred mispricing.
New findings help explain economic phenomena such as the momentum effects (Galariotis, Holmes, Kallinterakis,
& Ma, 2014; Hao, Chou, Ko, & Yang, 2018), post-earnings-announcement-drift (Yan & Zhao, 2018), and the MAX-
effect (Bali, Cakici, & White-law, 2011), all of which are elicited by behavioral biases. To reiterate, the importance
is attributed to the influence of cognitive factors and emotions on the decision-making process with extensive
economic consequences (Barberis & Thaler, 2003). It is, therefore, necessary to embed psychological and emotional
proxies in finance models. A breakthrough in research was the birth of Neurofinance as a subfield of behavioral
finance. Its insights facilitate the development of economic models with the support of neurosciences and psychology,
which jointly shed light on the human mind and behavior (Cheng, 2014; Taffler, 2017).

Lastly, it was pertinent, for present purposes, to browse through literature revisiting the limits to arbitrage. Shleifer
and Vishny (1997) already extensively researched this topic. Various anomalies have been associated with limits to
arbitrage, such as the asset growth anomaly (Lam & Wei, 2011) and the turnover anomaly (Chou, Huang, & Yang,
2013). Extensive research has been carried out within the field of behavioral finance. Therefore, this systematic
literature review aims to provide a bird’s eye view of the developments within this vibrant field. The goal with this
is to determine patterns and paradoxes emerging from the past ten years of research. For this, a keyword search was
carried out in articles published since 2009 in 36 prominent finance journals. Consequently, eight salient streams of
research were identified, with each contributing to the holistic framework of current financial behavior research.

Research Methodology

A systematic literature review (SLR) is a systematic and comprehensive process of evaluating and analyzing data to
minimize bias (Tranfield, Denyer, & Smart, 2003) and identify articles providing evidence-based recommendations
(Aguinis, Ramani, & Alabduljader, 2018). According to Tranfield et al. (2003), an SLR is a three-step process, which
comprises (1) planning the review, (2) conducting it, and (3) reporting on and disseminating the results. As shown in
Figure 1, the six-step approach proposed by Anguinis et al. (2007) was followed.

Step 1: Aim and Scope of
Review

Step 2: Determine Journal
Selection Procedure

Step 3: Source Selection
Process

Step 4: Select Sources W

Step 5: Calibrate Content
Extraction Process

Step 6: Extract Relevant
Content

Figure 1. Six-Step Model by Anguinis, Ramani, & Alabduljader, 2018
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The Three-Step Systematic Literature Review

This literature review aimed to evaluate the most salient strands of research and their interconnectedness with the field of
behavioral finance at large. First, the relevant and clearly delineated research questions were formulated, which this systematic
search hopes to answer (Burgers et al. 2019):

RQ1. Are there any patterns or paradoxes in the current state of research?
RQ?2. Can a halistic behavioral finance theory yet be identified?
RQ3. What is the trajectory within the current state of research in behavioral finance?

The selection of articles was based on preliminary research in the field, which led to creating a set of clear inclusion
criteria. After that, the search was limited based on the year of publication, the source type, publication stage,
Academic Journal Guide (AJG) rating, and stipulated search terms. The systematic search was defined through
selected keywords and related terms. To enable a holistic evaluation of the development of behavioral finance
research, all journals from the respective finance category that were listed in the AJG 2018 with a ranking of three or
higher were included. The only exception was including the Journal of Behavioral Finance with an AJG 2018 ranking
of two, considering its high relevance for the studied topic. The data ranged between 2009 and 2019 to ensure that it
revealed the recent developments in research. All included articles had evidence-based recommendations as part of
their analytical work, empirical data, or both (Aguinis et al., 2018). Upon determining the search criteria, search
strings were defined, and the appropriate search engine was identified for locating and appraising as much relevant
literature as possible. Based on the pre-defined keywords and terms, we created search strings for our databank search.
Five different search strings using Boolean operators were used to ensure that the identified papers adopted varied
nomenclature. The search was specified by incorporating defined specifications as the time frame and selected finance
journals with specific ratings. Finally, only journal articles in the publication stage “final” were included in the search.
To conduct an interdisciplinary, systematic literature review, a computerized search of the literature was carried out
through Scopus as the selected databank search engine. The outcome of the databank search is listed in the Appendix.

The impact factor is a scientometric index that reflects the frequency with which an average article in a journal
was cited in a particular year and is thus frequently used as a proxy for the relative importance of a journal within its
field. Therefore, the importance of the findings can be calculated by establishing the number of articles in each journal
instead of the total number of findings and then weighting that number by the impact factor.

Table 1. Keywords and corresponding terms for databank search

Keyword Including
Behavioral Finance Behavioral Economics, Emotional Finance, Predictability
Investors Behavior Overconfidence, Investor Confidence, Investor Sentiment,

Mood, Noise Trader, Herding, Rationality

Limits to Arbitrage Avrbitrageur, Rational Traders, Equilibrium
Market Anomalies Mispricing, Return Anomalies, Market Inefficiency
Behavioral Biases Cogpnitive Dissonance, Neurofinance

The first broad-ranging search elicited 2,969 journal articles, including duplicates due to the different search terms’
overlap. Next, the duplicated articles were eliminated, upon which 2,472 articles remained. Thereafter, the first
analysis of content was conducted through title screening, which resulted in filtering out articles that did not adhere
to the inclusion criteria or did not provide answers to the research questions. The significance of the remaining 609
articles was assessed through abstract screening. Following this step, 213 journal articles remained, with an additional
four identified via relevant citations.

The last step of this protocol was the quality assessment of the remaining articles, upon which ultimately 149
remained.
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Table 2. shows the distribution of 149 articles per journal. The impact factor was available for 23 journals. For
one article and one discussion paper, no impact factor could be determined. The weighted average of the impact factor
based on the collected articles per journal is 3.778.

Table 2. Distribution of used articles by journal incl. impact factor

Journal ngigzs used IF
Journal of Behavioral Finance 38 0.581
International Review of Financial Analysis 14 0.782
Journal of Banking and Finance 14 1.599
Journal of Finance 11 17.973
Journal of Financial Economics* 10 13.636
European Journal of Finance 8 0.533
Journal of Empirical Finance 7 1.072
Review of Finance Studies 7 12.516
European Financial Management 5 0.618
Financial Analysts Journal 5 0.92
Journal of Financial Research 5 0.76
Review of Finance (formerly European Finance Review) 5 3.465
Financial Management 3 1.262
Journal of Financial Markets 3 1.033
Financial Review 2 0.567
Journal of Future Markets 2 0.829
Review of Quantitative Finance and Accounting 2 0.65
Annual Review of Financial Economics 1 4.584
Journal of Corporate Finance 1 1.748
Journal of Financial and Quantitative Analysis 1 3.986
Journal of Financial Intermediation 1 3.514
Journal of International Financial Markets Institutions and Money 1 0.956
American Economic Review* 1 11.889
Total 147 3.778
FRB International Finance Discussion Paper No. 1147* 1 no IF
Journal of Economics and Behavioral Studies* 1 no IF

*includes articles from relevant citations
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2,969 journal articles
identified through
databank search

497 excluded
(duplicates)

2,472 journal articles
without duplicates

609 journal articles after
title screening

213 journal articles after 4 journal articles from
abstract screening relevant citations

149 journal articles
incorporated in our SLR

Figure 2. Flowchart of the selection process
Streams of Research in Behavioral Finance

The eight streams identified in the findings form the root of the structure in the developmental leaps of behavioral
finance. First, significant trends were identified concerning behavioral biases. Moreover, the analysis revealed a
particular interest in the disposition effect, risk perception, and herding behavior. Following the theoretical framework of
behavioral biases, salient approaches to behavioral proxies in different finance models were also covered. Social media
and news research emerged as a relatively new area of behavioral finance whose significance has amplified over the past
few years. Moreover, weather conditions and calendar effects on asset prices have also been critically examined in
current literature. Since many factors impact the investors’ mood, further affects influence the sentiment-driven decision-
making process. Understanding the involved market participants’ sentiment appears to be vital to explaining occurred
mispricing and predicting future stock market returns. Lastly, our findings revealed that limits to arbitrage might be
linked to some financial anomalies.
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Stream 1: New Research in Financial Behavior: Are we even more irrational than we thought?

Barberis and Thaler (2003) have already bestowed consideration on the influence of beliefs on investors’
expectations. Today, those beliefs are known under the term behavioral biases. Although the knowledge on this topic
was limited in 2003, it has been explored extensively in the period examined here. A behavioral bias, either emotional
or cognitive, can be described as a preconceived opinion. Prejudices are known to be a widespread human inclination.
While some biases have a logical background, others are emotionally based. However, these irrational aspects of
human behavior have an impact on the decision-making process and thus might cause some financial phenomena
(Sahi et al., 2013), such as the momentum effect (Galariotis et al., 2014; Hao et al., 2018) or the post-earnings-
announcement-drift (Yan & Zhao, 2018). Other related phenomena include the MAX-effect in reliance on investors’
sentiment (Bali et al., 2011), the unusual behavior resulting from daylight or weather-associated sentiment (Gerlach,
2010), and the investors’ favoring shares in a preferential company (Aspara & Tikkanen, 2011).

The SLR revealed that recent research preferentially focuses on one specific bias rather than on the holistic
approach of the behavior of market participants. While a variety of cognitive biases, such as conservatism and
representativeness (Kariofyllas, Philippas, & Siriopoulos, 2017; Kréaussl & Mirgorodskaya, 2016), overconfidence,
cognitive dissonance, familiarity (Ady, 2018), and anchoring behavior (Anderson & Zastawniak, 2016; DeL.isle,
Diavatopoulos, Fodor, & Krieger, 2017; Lee & Piqueira, 2019), are based on established concepts, emotional biases
usually occur spontaneously and are based on an investor’s beliefs or feelings. Table 3 outlines the well-known biases
and the related literature to provide a better overview of the different biases.

Table 3. Frequently addressed behavioral and psychological biases

Type of Bias Literature

Behavioral Bias Air pollution, behavioral bias, and the disposition effect in China (Li Jennifer, Massa Massimo,
Zhang Hong, Zhang Jian, 2019)
Behavioral biases in the corporate bond market (Wei Jason, 2018)
Misvaluation and Behavioral Bias in Financial Markets (Gokhale Jayendra, Tremblay Carol
Horton, Tremblay Victor J., 2015)
ABCs of Trading: Bahavioral Biases affect Stock Turnover and Value (Itzkowitz Jennifer,
Itzkowitz Jesse, Rothbort Scott, 2016)
An Exploratory Inquiry into the Psychological Biases in Financial Investment Behavior (Sahi
Shalini Kalra, Arora Ashok Pratap, Dhameja Nand, 2013)
Behavioral biases of mutual fund investors (Bailey Warren, Kumar Alok, Ng David, 2011)
Do Behavioral Biases Adversely Affect the Macro-economy (Korniotis George M. Kumar
Alok, 2011)

Cogpnitive Bias The Cognitive and Psychological Bias in Investment Decision-Making Behavior. Evidencfe
From Indonesian Investor’s Behavior (Ady Sri Utami, 2018)
Cognitive Biases in investor’s behavior under stress: Evidence from the London Stock
Exchange (Kariofyllas Spyridon, Philippas Dionisis, Siriopoulos Costas, 2017)
Overcoming Cognitive Biases: A Heuristic for Making Value Investing Decisions (Otuteye
Eben, Siddiqguee Mohammad, 2015)

Underdog Bias Potential Underdog Bias, Overconfidence and Risk Propensity in Investor Decision-Making
Behavior (Combrink Sean, Lew Charlene, 2019)

Anchoring Bias Glamour, value and anchoring on changing P/E (Anderson Keith, Zastawniak Tomasz, 2016)

Confirmation Bias How value-glamour investors use financial information: UK evidence of investor’s
confirmation bias (Duong Chau, Pescetto Gioia, Santamaria Daniel, 2012)

Foreign Bias A cultural explanation of the foreign bias in international asset allocation (Beugelsdijk Sjoerd,
Frijns Bart, 2010)

Name-based Bias Name-Based Behavioral Biases: Are Expert Investors Immune? (ltzkowitz Jennifer, Itzkowitz
Jesse, 2017)

Diversification Bias Diversification Bias and the Law of One Price: An Experiment on Index Mutual Funds (Mauck

Nathan, Salzsieder Leigh, 2017)

Negativity Bias The powerof bad: The negativity bias in Australian consumer sentiment announcments on stock
returns (Akhtar Shumi, Faff Robert, Oliver Barry, Subrahmanyam Avanidhar, 2010)
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Due to the increasing number of anomalies in the financial market, which traditional asset pricing models cannot
explain, attention has been brought to less mathematical approaches. Recent research, therefore, focuses on
behavioral biases, which conclusively led to new insights within behavioral finance. Neurofinance research has been
groundbreaking as it combines psychology, neuroscience, and finance theory to explain financial decision-making
(Cheng, 2014; Taffler, 2017). According to the findings of this review, emotional finance, with particular emphasis
on group psychodynamic processes and the human mind as a subcategory of psychoanalysis, plays a significant role
in understanding financial decision-making (Taffler, 2017).

In the area of cognitive biases, overconfidence is often discussed either in its own right (Grinblatt & Keloharju,
2009; Meier & De Mello, 2019; Merkle, 2017) or in connection to its influence on the market (Adebambo & Yan,
2016). In financial literature, overconfidence is used as a broad term; however, research suggests that there are at
least three subcategories of overconfidence, namely, overestimation, overplacement, and overprecision. It was further
found that overplacement and overprecision are closely related to higher risk-taking behavior (Merkle, 2017).
Research in this field revealed significant evidence that overconfidence leads to increased trading activity (Deaves,
Luders, & Luo, 2009). Huang, Heian, and Zhang (2011) provide additional evidence supporting this claim in their
study on the impact of overconfidence on excessive trading activity. A difference has been found between individual
and institutional traders, where individual investors trade more aggressively with a preference for riskier securities
(Chuang & Susmel, 2011). Overconfidence is also reflected in the difference in momentum profits between the
highest (higher momentum profits) and lowest (lower momentum profits) overconfident investor (Adebambo & Yan,
2016). Furthermore, sentiment as a driver or explanation for momentum effects are addressed in some of the published
work in the field (Adebambo & Yan, 2016; Kim & Suh, 2018; Uhl, 2017).

In summary, in the early days of behavioral finance, emotional and cognitive biases were referred to as beliefs. It
was known that behavioral biases have an impact on investors’ expectations and influence financial decision-making.
However, little was known about the direct effects of different biases on the decision-making process and which
economic phenomena may occur as a result. Over the past ten years, overconfidence has emerged as one of the most
significant biases. Merkle (2017) investigated investors’ overconfidence and suggested the three-partite subdivision
of the term into overestimation, overplacement, and overprecision, ensuring a more detailed analysis of different
aspects of phenomena that used to be placed under a single umbrella term. A further significant trend in behavioral
finance has emerged. Since psychology became an essential cornerstone in behavioral finance, research has combined
insights from neuroscience, psychology, and finance theory under the term Neurofinance. The first results offered
invaluable insights into the financial decision-making process, which could not be explained by mathematical finance
models (Cheng, 2014; Taffler, 2017). Proceeding from Neurofinance, Taffler (2017) further fuels discussion by
urging to complement finance theory with insights from group psychodynamic processes and the human mind, both
of which stem from psychoanalysis.

Behavioral bias is used as an umbrella term to refer to the occurrences emerging from human behavior. From this
review, three salient behavioral finance issues emerged, namely the disposition effect, investors’ risk perception, and
herding behavior, which show potential to provide future research with the developmental leaps in those specific
subcategories.

Stream 2: Critically Revisiting the Disposition Effect

One particularly salient finding concerns the disposition effect. Recent literature has not only revisited this effect but
also critically questioned its relevance. Thus far, a range of cognitive biases was mentioned; Next to overconfidence,
the disposition effect seems to have a significant place in literature, since it has been canvassed a lot over the past
three decades (Ferris, Haugen, & Makhija, 1988; Odean, 1998; Shefrin & Statman, 1985). Researchers still scrutinize
this type of behavior. Hens and Vicek (2011), for instance, were able to explain ex-post disposition behavior through
prospect theory, while ex-ante disposition behavior could not as yet be explicated. Additionally, Braga and Favero
(2017) also argued that it was not possible to fully explain the disposition effect by applying prospect theory.
Further literature indicates that gender has an impact on dispositional behavior. The available evidence seems to
suggest that females are usually more risk-averse or, in other words, that males tend to adopt more distinct risk-taking
behavior (Cheng et al., 2013; Durand et al., 2019; Meziani & Noma, 2018). On these grounds, it is argued that the
disposition effect is more obvious among females than their male counterparts. Evidence was provided that no loss
aversion benefits the circumstance of the disposition effect (Hens & Vicek, 2011). In addition, Cheng et al. (2013)
suggest that the age or maturity of traders likewise intensifies the disposition effect. Others provided evidence that
contrarian investors are more vulnerable to the disposition effect than momentum traders (Kubinska et al., 2012).
Cecchini et al. (2019) focused their research on different personality traits in an attempt to explain the disposition
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effect. Their aim was to help investment firms improve their recruiting strategy to create leveraging by examining
different personality traits of applicants. Nonetheless, further research especially concerning limitations regarding the
observed time horizon and the number of experienced investors in their sample is necessary. Other research focuses
on the disposition effect from the perspective of short-sellers. Surprisingly, a short sellers’ ability to exploit an
arbitrage opportunity is troubled by behavioral biases, which are caused by other market participants’ disposition
effects (von Beschwitz & Massa, 2015).

Chang, Solomon, and Westerfield (2016) investigated the connection between cognitive dissonance and the
disposition effect. The results of this study affirmed previous knowledge about the disposition effect. However, they
observed differences between nondelegated assets like individual stocks and delegated assets like mutual funds. The
disposition effect only applies to nondelegated assets, while delegated assets underly a reverse-disposition effect.
Besides, cognitive dissonance intensifies both the disposition effect and the reverse-disposition effect.

In comparison to the disposition effect, Hartzmark (2015) introduced a critical theory within which extreme
winning and extreme losing positions are sold. The rank effect, as he terms it, applies to both individual investors and
mutual fund managers. In conclusion, current research focuses on explaining the disposition effect with particular
emphasis on the influence of gender. Moreover, researchers distinguish between delegated and nondelegated assets
where different repercussions of the disposition effect have been perceived. Other research suggests different
theoretical approaches drawing on the proposed link between cognitive dissonance and disposition effect or the rank
effect.

In summary, in terms of demographic factors, gender seems to significantly impact the occurrence and strength
of the disposition effect (Cheng et al., 2013; Durand et al., 2019; Meziani & Noma, 2018). Moreover, maturity (Cheng
et al., 2013) and personality traits may be linked to the disposition effect. This insight, in particular, may assist
investment firms to restructure their recruiting needs and optimally balance their employees (Cecchini et al., 2019).
Stemming from the disposition effect, other researchers shifted their view on similar effects, such as the rank effect
(Hartzmark, 2015), to investigate the link between the disposition and the rank effect.

Stream 3: What drives risk perception?

When we talk about investors, we usually do not distinguish between them according to their gender. Behavioral
finance, however, considers gender differences since the decision-making among women and men differs slightly.
As a result, the perceived outcome may differ depending on the investors’ gender. Thus far, it has been explained
that there are significant differences in the risk-taking behavior of women and men. The literature strongly suggests
that females are, on average, more risk-averse than their male counterparts (Cheng et al., 2013; Durand et al., 2019;
Meziani & Noma, 2018). Besides gender-based differences, literature broadly focuses on risk perception and trading
behavior, such as the incorporation of heterogeneity and cognitive biases in risk perception to improve current asset-
pricing models (Wang, Keller, & Siegrist, 2011). Neurofinance also finds explanatory potential in the exploration of
the risk-return relationship (Bekiros, Jlassi, Naoui, & Uddin, 2018). Furthermore, new insights show that the
investors® cognitive ability directly influences risk preferences. Namely, higher cognitive ability tends to coincide
with the expected utility maximization (Ackert, Deaves, Miele, & Nguyen, 2019). Others focus on the effect of
individual investors’ risk perception on market prices. Huber, Palan, and Zeisberger (2019) tested links between risk
perception and asset prices while focusing on the probability of suffering a loss. Consequently, investment decisions
are linked to the probability of suffering a loss relative to the nominal value of an asset, which drives the risk
perception of investors. Thus, prices are directly affected in that those assets which are on average perceived as riskier
are traded at a lower price. Further evidence of this is provided by Elliot, Rennekamp, and White (2017) on an
undocumented behavioral effect that directly influences individual investors’ risk perception. Their findings suggest
that investors with a directional goal neglect their risk perception when assessing value. Additionally, research also
shows that risk perception exhibits a link to herding behavior. More risk-averse individuals are more likely to herd
than their more risk-tolerant counterparts (Christoffersen & Steehr, 2019).

Stream 4: Has herding behavior changed in the past years?

Herding behavior can be observed in financial markets and in any other areas where a significant number of people
come together. Moreover, herding has always been a phenomenon attracting much research. The reason for this is
that aggregated behavior of a group of investors cannot be ignored. The preceding section already addressed risk
perception, which has been defined as an intuitive reaction potentially leading to herding behavior given lower risk
tolerance (Christoffersen & Staehr, 2019). Herding has always prevalent in financial markets. Lakonishok, Shleifer,
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and Vishny (1992), for instance, have looked into herding and positive-feedback trading. The present findings show
that herding continues to be seen as relevant in current literature (Mufioz Torrecillas, Yalamova, & McKelvey, 2016).
First, Andersson, Hedesstrom, and Garling (2014) have addressed the distinction between rational and irrational
herding. While some argue that herding behavior might stabilize the market (Drehmann, Oechssler, & Roider, 2005),
others find that social influence and inaccurate perceptions of the herd should be labeled as irrational herding behavior
(Andersson et al., 2014). Besides the common information-based herding (Zhou & Lai, 2009), another potential
reason for herding s reputational herding. The first laboratory experiment concerning reputational herding based on
Dasgupta, Prat, and Verardo (2011) was conducted by Roider and Voskort (2016), where it was shown that factors
such as career concerns might play a role in herding behavior. Dasgupta et al. (2011) conclude that money managers
tend to imitate past trades and tend to herd to avoid reputational loss. Their model further showed a link between
herding behavior, trading volume, and the time series of stock returns. Second, herding behavior was found to be
more prevalent in futures markets than in equity markets. This may be so as futures markets, where the information
is essentially publicly available, reduce herding, while contrarian trading, where access to information is limited,
enhances herding (Boyd, Biiyiiksahin, Haigh, & Harris, 2016). Third, herding has been investigated from a country
perspective. Already in 2000, herding behavior in different international markets was observed. Findings showed no
evidence of herding in the U.S. or Hong Kong, partial herding in Japan and South Korea, and Taiwan. However,
Bonhl, Branger, and Trede (2017) provided new insights and disproved that earlier research was biased against finding
evidence in favor of herding. Thus, their findings confirm the significance of herding behavior in international
markets and put forward that economic reasons for herding are reputational and career concerns, informational
cascades, and the compensation factor. Besides, Chen (2019) suggests that country herding intensifies or mitigates in
correlation with the positive or negative sentiment in the market. Gegbka and Wohar (2013) investigated the herding
differences across different sectors and found that herding intensity is higher in the oil and gas sector, consumer
services, and essential materials. Herding was significantly less prominent in industrial goods, properties and
construction, information technology, and utilities (Gebka & Wohar, 2013; Zhou & Lai, 2009). Those results foster
debate about sector-specific herding traits since these findings are in contrast to the findings of Hwang and Salmon
(2004) and Kremer and Nautz (2013), who argue that herding may be most common in sectors with inferior
information quality and quantity.

In summary, three developmental leaps dominate research on herding behavior. Herding behavior does not always
have negative consequences since distinction can be made between irrational and rational herding (Andersson et al.,
2014). Moreover, research into herding behavior might be more revealing in futures markets than equity markets
(Boyd et al., 2016). Further fragmentation of herding behavior per country and sector might help understand herding
intentions.

An overview was provided of different emotional and cognitive biases found in financial markets. Some biases,
such as the anchoring or overconfidence, have been accounted for since the dawn of behavioral finance (Barberis &
Thaler, 2003), while others, especially emotional biases, required insights from other fields of research, such as
psychology and neuroscience, to assist in understanding human behavior (Taffler, 2017). With this in mind, let us
turn to the next salient stream of research. New insights have led researchers to develop new theoretical models,
which might be able to illustrate not only the financial factors but also investors’ irrational behavior.

Stream 5: New theoretically founded models and approaches: Are they really better?

Over the last 55 years, much research has been conducted by pioneers who tried to understand and predict market
behavior (Black, Jensen, & Myron, 1972; Fama, 1970; Fama & French, 1992; Samuelson, 1965; Shleifer & Vishny,
1997). Many have set out to investigate topics within behavioral finance, which, as a field, provides new ways of
predicting and modeling future asset prices and stock return. As mentioned beforehand, both types of biases, cognitive
and emotional, constitute a deviation from the rational behavior of economic agents as the efficient-market hypothesis
(EMH) and other rational models suggest. Although the adaptive market hypothesis, as proposed by Farmer and Lo
(1999), suggested a more realistic approach, researchers have focused on developing new approaches. The question
that is often posed within the field is: What drives investment decisions? Individual investors are influenced by
emotions and sentiments contributing to the increased volatility in financial markets (Cheng, 2014). Irrationality is
highly associated with investors’ decision-making, yet many financial theories are based on the assumed agent’s
rationality (Cohen & Kudryavtsev, 2012). The findings of this analysis revealed different approaches to reasonably
predicting financial decision-making. Brown, Farrell, and Weisbenner (2016) focus on different decision-making
approaches such as procrastination, while Cheng (2014) developed a decision utility model based on recent findings
in Neurofinance regarding prospect-based foundation including decision utility and anticipated discrete emotions. A
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groundbreaking test in the field included measuring brain activity during the experimental financial decision process.
The neural data-enabled testing realization utility to explain the participants’ behavior. Researchers suggest using
brain imaging techniques to assess how neural measures can impact trading behavior (Frydman, Barberis, Camerer,
Bossaerts, & Rangel, 2014). Furthermore, Vieito, da Rocha, and Rocha (2015) used electroencephalogram
technologies to map the brain during financial decisions on holding, selling and buying. Additionally, a new turn was
taken by including character traits as variables in the context of decision-making. Oehler, Wendt, Wedlich, and Horn
(2017) found that extraversion and neuroticism influence financial decision-making. Extraverted investors tend to
pay more for risky assets, while neurotic investors tend to buy less risky assets. Lam, Liu, and Wong (2012) developed
a model with the idiosyncrasy that an investor can represent both conservative and representative heuristics at the
same time enhanced by a pseudo-Bayesian approach for explaining some ubiquitous anomalies in the financial
market.

Another approach in current literature is the adjustment of mathematical models, such as the Black-Scholes model,
for certain biases, for instance, anchoring (Siddigi, 2019), or the development of methods that prevent the influence
of biased parameters to enable the investor to avoid cognitive bias problems (Otuteye & Siddiquee, 2015). Besides,
some researchers argue that there is a lack of predictive methods for identifying and estimating the degree of valuation
bias in financial markets for detecting misvaluation caused by behavioral biases (Gokhale et al., 2015). In contrast to
the approaches mentioned above, Crongvist and Siegel (2014) fostered debate on the influence of genetics on
individual trading behavior. They showed evidence that genetic endowments may correlate with individual
investment behavior. According to them, genes may be related to familiarity, overconfidence, sensation-seeking, and
intelligence. McCannon and Peterson (2015) found that a prior financial education amplifies wealth-generating
activities regarding decision making. The authors suggest that those investors with prior financial education are more
likely to exhibit prosocial rather than selfish behavior. In contrast, Bodnaruk and Simonov (2015) found no evidence
of investors with higher financial expertise outperforming those with less financial expertise. Their findings further
show there has been no significant superior risk diversification or sensitivity to exhibit behavioral biases.

In the beginning, finance models were grounded on the assumption of efficient markets where almost all investors
act as rational agents, while the impact of the few irrational investors is quickly reversed by arbitrageurs (Fama, 1970;
Shleifer & Vishny, 1997). Today, research shows that new models take irrational behavior into account, leading to
more accurate descriptions. Besides the decision utility model enriched by insights from Neurofinance (Cheng, 2014),
brain imaging techniques have been used to assess neural measures, which might help to demonstrate emotionality
in decision-making (Frydman et al., 2014). As most of these models and approaches are relatively new to the field,
others have adapted well-established models, such as the Black-Scholes model, to account for certain biases such as
anchoring (Siddigi, 2019). Interestingly, compared to earlier research, some approaches consider the influence of
genetics and education, which deserve attention in their own right (Cronqvist & Siegel, 2014; McCannon & Peterson,
2015). In what follows, let us explore whether and calendar effects as well as the influence of social media, which
are also relatively new to the field of behavioral finance.

Stream 6: Sunshine, Twitter, and Co.: Should we really consider it?

Technology has become increasingly more important over the past few years. This development leads to a new aspect
of behavioral finance as news is now constantly available and the influence and importance of social media have
grown exponentially since Facebook and Twitter were established. Nonetheless, media has always been an influential
factor in financial markets. The importance of media and news is constantly increasing due to the fast development
of news sources (Peress, 2014). Therefore, current literature provides a comprehensive outlook on approaches
predicting the influence of media and news on future stock market returns and asset pricing. Ammann, Frey, and
Verhofen (2014) formulate recommendations based on seven or more clusters of news sources necessary to predict
future stock returns. Conclusively, news can be used as a predictor for future stock market developments. The impact
of social media on financial markets has recently been the topic of some concern. Social media bots, for example,
might lead to instability through fake information dispersion. Nonetheless, social media might help to yield
transparency in information spread (Fan et al., 2019). Literacy and attentiveness might help avoid irrational trading
behavior. Notably, Twitter has been recognized as a relevant source among social media news outlets on topics
regarding economic development, political volatility, and enterprise information, which conclusively might lead to
aggregated trading behavior (Reed, 2016). This influence of mass media on the formation of investors’ expectations
has led to different approaches. Carretta, Farina, Martelli, Fiordelisi, and Schwizer (2011) find that news’s different
tones and content trigger investors’ behavior. The impact of ownership-related news for profitable firms is
predominantly negative, often leading to a disposition of stocks. Others argue that investors might suffer from
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information overload. Conclusively, information processing is affected so that investors might respond less strongly
to media news (Peress, 2014). Savor (2012) claims that investors might underreact to news about fundamentals and
overreact due to other shocks leading to stock price changes. Further, a strong correlation has been found between
the ratio of no-information and information-based price shocks and the aggregate implied volatility, which may help
forecast momentum returns (Mangee, 2018). Google search trends revealed that in contrast to former literature,
extensive Google searches are followed by negative returns. Although it is suggested that Google might be able to
predict future stock returns, there is evidence that this effect is somewhat unsteady over time (Bijl, Kringhaug,
Molnér, & Sandvik, 2016; Dimpfl & Jank, 2016).

Momentum has consistently contradicted the efficient market hypothesis. This anomaly is often explained away
using different approaches. In terms of media impact, Huynh and Smith (2017) found that momentum is greater due
to news coverage. Consequently, we need to distinguish between different types of news outlets as they have a varying
effect on the intensity of investors’ underreaction. In contrast, other literature suggests that macroeconomic and
earnings news enhance overall efficiency since investors might be more able to interpret earnings surprises and
perform a more efficient stock valuation. Chahine, Mansi, and Mazboudi (2015) suggest distinguishing between
informative and uninformative media news. Both have different significant effects on pricing and equity carve-outs
(ECO). While uninformative news amplifies earnings management on ECO performance, informative news reduces
it. Earlier findings have shown that in extreme weather events where newspaper dispersion was interrupted, a strong
link between media and trading behavior was recognized. Today, the same can still be observed as media drives
trading activity (Engelberg & Parsons, 2011).

Besides the previously presented findings of how market social media and news persistence affect asset pricing,
calendar effects, seasonality, and the weather play a significant role. Current research focuses on four different
calendar effects, in particular known as the Monday effect, January effect, Halloween effect, and Turn-of-the-Month
effect (Chen & Daves, 2018; Urquhart & McGroarty, 2014). Evidence was provided on the bi-directional time-
varying behavior of the four calendar anomalies consistent with the adaptive market hypothesis but not the efficient
market hypothesis (Urquhart & McGroarty, 2016).

January effect, in particular, has been well-studied. Investors tend to reevaluate their investment decisions in
January and their demand for risky assets for the remaining months of the year. Investors’ economic outlook and thus
stock market returns from February to December are affected by the January effect. The other January effect (OJE)
has been researched as well, and advice was given against the use of the OJE since the information gathered from the
tool might not be helpful as January is not unique in its capability to predict stock market returns (Bohl & Salm, 2009;
Marshall & Visaltanachoti, 2010). Another market efficiency puzzle is the Halloween effect. Although first observed
some time ago, it is still present according to more recent sources (Jacobsen & Visaltanachoti, 2009). This persistent
anomaly has been interesting for investors due to the greater risk-adjusted returns available by investing in a
Halloween portfolio (Haggard & Witte, 2010). Similar to the already mentioned anomalies, new year celebrations in
different cultures worldwide affect investors’ mood and positively influence stock prices through cash infusions and
retail trading (Bergsma & Jiang, 2016). Since most of the holidays are religious holidays, the religious background
of the market participants plays a notable role in analyzing the holiday effect because a significant number of foreign
investors might influence the prevalent belief system. Conclusively, foreign influence is reflected in the stock market
returns of the local market (Bley & Saad, 2010).

Seasonality has been recently studied in terms of risk and returns. Earlier findings already canvassed the link
between beta and returns (Black et al., 1972; Fama & French, 1992). Keloharju, Linnainmaa, and Nyberg (2016)
suggest that return seasonalities cannot be treated as a distinct class of anomalies but rather as an interconnected
condition with other return anomalies. According to them, different systematic factors, such as size, dividend-to-
price, or industry, influence the occurrence of return seasonalities. Further research in this field revealed that the
seasonality phenomenon might be attributed only to developed markets and not emerging ones. This difference might
be attributable to various reasons such as regression bias, firm size, risk premium, and calendar effects (Li, Zhang, &
Zheng, 2018). Moreover, Fiore and Saha (2015) suggest that the risk-return tradeoff retains in non-summer months.
Conclusively, portfolios of low-risk stocks in summer outperform other buy and hole strategies as the Sell in May
strategy. Heston and Sadka (2010) argue that seasonal strategies outperform nonseasonal strategies based on their
seasonal predictability study. Furthermore, a relatively low correlation across countries concerning seasonal strategies
has been noticed.

Next to calendar effects and seasonality, the literature also sheds light on how weather influences trading volume
and asset pricing (Kim, 2017). Goetzmann et al. (2015) demonstrated that weather-based indicators of mood influence
the decision-making of institutional investors. During cloudier days, the study revealed increased perceived
overpricing in individual stocks as opposed to sunny days. On the other hand, Schmittmann, Pirschel, Meyer, and
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Hackethal (2015) distinguished retail and institutional investors and focused on weather variables and their influence
on retail investors. On sunnier days, the tendency to purchase is higher relative to sales. Furthermore, the demand to
purchase riskier securities and sell the less risky ones is higher on good weather days. This claim is corroborated by
Bassi, Colacito, and Fulghieri (2013), whose test showed that good weather increases investors’ risk perception.
Conversely, Pizzutilo and Roncone (2016) have raised doubts as they failed to identify a systematic correlation
between weather variables and the stock market. Their conclusion is similar to that of Kaustia and Rantapuska (2016),
who also did not find a significant repercussion of weather-induced mood on the trading behavior. Whereas findings
showed a weak correlation between weather conditions and trading volume, it was not statistically significant.

In summary, it can be said that the influence of social media and news should not be ignored but instead considered
in future research since no holistic approach toward the influence of social media has yet been taken. Calendar effects,
such as the Halloween effect or the January effect, influence trading volume and might lead to mispricing (Chen &
Daves, 2018; Urquhart & McGroarty, 2014). Moreover, risk perception changes were investigated concerning
weather conditions (Bassi et al., 2013; Schmittmann et al., 2015). However, the robustness of the findings confirming
the hypothesis has been criticized since some studies failed to demonstrate the influence of weather conditions on
trading behavior (Kaustia & Rantapuska, 2016; Pizzutilo & Roncone, 2016).

Stream 7: How do you feel today? The influence of sentiment on asset prices

In discussions on behavioral finance, one term simply cannot be ignored. The market sentiment reflects the overall
attitude of investors towards the market and securities. This research strand is indebted to De Long, Shleifer,
Summers, and Waldmann (1990), Shleifer and Vishny (1997), and others for their discovery of sentiment as a pricing
factor that should work in equity markets. Unfortunately, traditional economic theory has largely ignored the
significance of sentiment due to its assumed lack of importance or complexity (Shu & Chang, 2015). The sentiment,
which is divorced from rationality, illustrates the entangled nature of the human mind. Therefore, it is not surprising
that sentiment has been used as a generic term associated with emotions and mood (Siganos, VVagenas-Nanos, &
Verwijmeren, 2017). Recent literature confirmed that sentiment should be incorporated into theoretical models since
the derived information may be more significant, especially the pricing of sentiment risk (Chang, Cheng, & Fuh,
2013; Du & Hu, 2017; Hwang, 2011; Keiber & Samyschew, 2018). Since investors’ sentiment has been identified as
a significant contributing factor to asset price changes, it has become an increasingly important area in behavioral
finance (Chau, Deesomsak, & Koutmos, 2016; Huang, Jiang, Tu, & Zhou, 2015; Schmeling, 2009; Sibley, Wang,
Xing, & Zhang, 2016). In the early 2000s, Baker and Wurgler (2006) conducted particularly insightful research into
the importance of market sentiment. The present analysis revealed different approaches within the research on
investors’ sentiment. The general consensus is that negative as well as positive market sentiment affects investment
decisions and market prices as a result (Kaplanski & Levy, 2010).

The available evidence seems to suggest that overvaluation, hence, overpricing, is strongly linked to market
sentiment (Berger & Turtle, 2015; Jacoby & Liao, 2012; Yang, Goh, & Chiyachantana, 2016). Berger and Turtle
(2015) provide strong evidence that, in the short term, increased sentiment positively affects returns due to
overvaluation, which steadily reverses as arbitrageurs even out the effect by trading against behavioral traders and
thus correcting prices. It is thus suggested that investor sentiment may act as a contrarian indicator for subsequent
returns. These findings are complemented by Yang et al. (2016), who show that overpricing is more dominant when
bullish market sentiment prevails. They further suggest that younger, somewhat volatile firms are particularly affected
by mispricing due to sentiment-driven overvaluation. This assertion has been confirmed by Chue, Gul, and Mian
(2019), whose analysis of stock return synchronicity and sentiment focused on young and volatile low-priced stocks.

Driven by the demand to explain financial market anomalies, many researchers focused on the influence of
sentiment. Cheng (2014) and (Taffler, 2017) focused on the interconnectedness of psychology, neuroscience, and
finance, which led to the relatively new research stream of neuroscience. Based on their research of investors’
sentiment, Shu and Chang (2015) suggest a similar approach to enhance traditional economic models by relying on
insights from other fields such as psychology. They provide evidence for the lack of asset-pricing models with
incorporated mood and emotional factors. Nonetheless, research focused on the investigation of investors’ sentiment
and some market anomalies. Fong (2013) reported a strong correlation between sentiment and the MAX effect. In
their research, they confirmed the presence of the MAX effect, first discovered by Bali et al. (2011). The initial
investigation showed that the MAX effects’ occurrence depends on previous high investor sentiment states.
Conclusively, high MAX stocks in connection with high sentiment strongly indicate overpriced stocks. A study by
Blau (2018) supports the view that asset prices are susceptible to deviation from their fundamental value. Besides,
his study found that price clustering is higher during periods of higher investor sentiment states.
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To elaborate on the interconnectedness of these findings, Altanlar, Guo, and Holmes (2018) investigated the link
between cognitive dissonance, sentiment, and cultural effects. They suggest distinguishing between Western and East
Asian cultures and provide further evidence that both culture and sentiment impact cognitive dissonance. Moreover,
other recent studies showed correlations between sentiment and the weather or daytime, which led to different
financial decisions (Gerlach, 2010; Gregory-Allen, Jacobsen, & Marquering, 2010; Kim, 2017). From another
perspective, Hilliard, Narayanasamy, and Zhang (2019) examined mutual fund flows and market sentiment. They
report that investments in riskier fund categories rise as the market sentiment increases while the demand for safer
fund categories rises when sentiment goes down. The high demand for risky assets after a sentiment shock has been
confirmed by Liang (2018) and further addressed by Edelen, Marcus, and Tehranian (2018). Further evidence from
the mutual fund industry confirms that the highly negative impact of synchronicity only occurs in low sentiment times
(Dong & Wilson, 2018).

Predicting future stock returns is one of the major aims of the research. Sentiment has been a driving force in
earlier and contemporary literature where different proxies for measurement became available (Zhang, Swanson, &
Prombutr, 2012). Following pioneers in the field, such as Baker and Wurgler (2006), sentiment indexes remain a
significant area of research. Du and Hu (2017) attempted to show that the influence of sentiment on asset pricing is
much weaker when the Fama-French-Carhart factors are present. Their findings further suggest that Fama-French
factors might be able to capture sources of mispricing due to market-wide sentiment, which again confirms the
hypothesis that asset-pricing models that include sentiment as a pricing factor might be more informative. In terms
of sentiment indexes, several developmental leaps can be observed. Zhang et al. (2012) introduced four new
methodological improvements and selected text classifiers to augment the predictive ability of sentiment indexes
focusing on retail investors. Based on the work of Baker and Wurgler (2006), Huang et al. (2015) proposed a new
measure of investors’ sentiment. They suggest that return predictability is somewhat dependent on investors’ beliefs
about future cash flow than on the underlying discount rate. The new measure also serves as a better forecasting
model for stock returns since it is formed on industry, size, value, and momentum. Furthermore, Sibley et al. (2016)
divided the well-known sentiment index into two components, where the first is related to fundamental variables and
the second unrelated to them. They suggest that the prediction of stock returns is significantly more dependent on
risk/business cycle components. One recent study shows that sentiment metrics account for institutional rather than
individual investors” demand shocks. It is further suggested that the link between sentiment metrics, institutional, and
individual investors should be investigated in future research since it is much more nuanced than initially assumed
(DeVault, Sias, & Starks, 2019).

In summary, earlier studies rarely paid attention to sentiment as a pricing factor. Today, however, we know of the
strong link between mispricing, especially overvaluation, and sentiment. This research development helps explain
overpricing, especially that of younger and volatile firms (Berger & Turtle, 2015; Jacoby & Liao, 2012; Yang & Wu,
2011). Furthermore, the ubiquitous development in Neurofinance pervades many topics in behavioral finance. Shu
and Chang (2015) likewise suggest that finance theory and psychology should collaborate to enhance asset-pricing
models to better understand sentiment. Besides Neurofinance, Altanlar et al. (2018) investigated sentiment and its
different effects in Western and East Asian cultures. Their analysis showed that cognitive dissonance might be
impacted by sentiment. The foundational observations of sentiment indexes introduced by Baker and Wurgler (2006)
have been critically revisited and partially adapted to provide more precise return predictability (DeVault et al., 2019;
Huang et al., 2015; Sibley et al., 2016; Zhang et al., 2012).

Stream 8: Looking for an explanation: New anomalies as a playground for researchers

Limits to arbitrage have always been an important topic within behavioral finance, exemplified by the influential
papers by Shleifer and Vishny (1997) and Barberis and Thaler (2003). The deviation of asset prices from their
fundamental value is a widely discussed topic in literature. New findings suggest that investors’ demand shock may
lead to mispricing (Gromb & Vayanos, 2010). Further, price efficiency is heavily dependent on the intervention of
arbitrageurs to correct occurred mispricing. Even small arbitrageurs can make a difference in partially retrieving
fundamental values (Ljungqvist & Qian, 2016), which confirms former findings. Over the past ten years, different
approaches have seized on limits to arbitrage. In exploring the Shleifer-Vishny model of limits to arbitrage, Arnold
(2009) looked beyond its parameter restrictions. He discovered an equilibrium in which the asset price returns to
fundamental value despite worsening noise trader sentiment. Hombert and Thesmar (2014) conducted their research
on a delegated fund management model in equilibrium. The outcome suggests that while limits to arbitrage are
contemporary, a more robust capital structure may lead to a mitigating effect, and it further drives capital structure
strength and the momentum of asset returns. Another approach shows that a modified MAX measure, where the
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problem of price regulation is eliminated, could be used as an alternative proxy for arbitrage risk (Hung & Yang,
2018).

Besides the diachronic development of different approaches, limits to arbitrage have been associated with different
financial anomalies (see Table 3). With regard to the asset growth anomaly, a strong correlation has been found
between proxies for limits to arbitrage and proxies for investment frictions (Lam & Wei, 2011). Furthermore, the
arbitrage for both asset growth and accrual growth anomaly is difficult, and it poses substantially higher risks, which
indicates that both anomalies exist due to high barriers to arbitrage (Li & Sullivan, 2018). The turnover anomaly was
investigated by Chou et al. (2012), who concluded that the turnover effect might be an indicator for future returns.
The theory assumes that the turnover premium is greater in idiosyncratic volatility, transaction costs higher, and the
institutional ownership and investors’ sophistication lower. Thus, a link has been found between the mispricing on
arbitrage risk and the turnover effect. Recent research further sheds light on another economic phenomenon, namely,
the low-volatility anomaly. The underperformance of high-beta and high-volatility on the contrary to low-beta and
low-volatility stocks led researchers to explain that institutional investors’ targets to beat fixed benchmarks
diminished arbitrage activity. In other words, irrational investors take the opportunity to overpay, while investment
managers avoid such mispricing due to the missing incentive (Baker, Bradley, & Wurgler, 2018; Li, Sullivan, &
Garcia-Feijoo, 2018). Lastly, evidence has shown that overvaluation anomalies can be explained by more significant
limits to arbitrage, such as idiosyncratic risk but not by the noise trader momentum risk. However, no explanation for
undervaluation anomalies connected with limits to arbitrage has been provided (Brav, Heaton, & Li, 2010). This
section addressed the important topic of limits to arbitrage. Earlier research is still validated, while some new findings
accentuate the implications of limits to arbitrage (Arnold, 2009; Gromb & Vayanos, 2010; Ljungqvist & Qian, 2016).
During the analysis, one area of research protruded and was addressed in more depth. Five different market anomalies
have been associated with limits to arbitrage, all of which constitute a relatively new research stream (Baker et al.,
2018; Brav et al., 2010; Chou et al., 2013; Lam & Wei, 2011; Li & Sullivan, 2018; Li, Sullivan, et al., 2018).

Table 4. Types of anomalies associated with limits to arbitrage

Type of Anomaly Literature

Limits-to-arbitrage, investment frictions and the asset growth
anomaly (Lam F.Y. Eric C., K.C. John, 2011)

The Limits to Arbitrage Revisited: The Accrual and Asset and
Asset Growth Anomalies (Li Xi, Sullivan Rodney N., 2018)

Asset Growth Anomaly

Accrual Growth Anomaly The Limits to Arbitrage Revisited: The Accrual and Asset and
Asset Growth Anomalies (Li Xi, Sullivan Rodney N., 2018)
Turnover Anomaly Arbitrage risk and the turnover anomaly (Chou Pin-Huang,

Huang Tsung-Yu, Yang, Hung-Jeh, 2013)

Benchmarks as Limits to Arbitrage: Understanding the Low-

Volatility Anomaly (Malcom Baker, Bradley Brendan,
Low-Volatility Anomaly Wurgler Jeffrey, 2018)

The Limits to Arbitrage and the Low-Volatility Anomaly (Li

Xi, Sullivan Rodney N., Garcia-Feijoo, Luis, 2018)

Overvaluation Anomaly The Limits of the Limits to Arbitrage (Brav Alon, Heaton J.
B., Li Si, 2010)

Conclusion

This systematic literature review investigated the developments in the literature on behavioral finance. Driven by the
demand to understand recent developments, the objective was to identify future research agendas by providing a
holistic picture of the current behavioral finance environment. While the foundation was laid down by Barberis and
Thaler (2003), the developmental leaps in research from 2009 to 2019 were explored. To accomplish this goal, 36
highly rated finance journals were evaluated based on our pre-defined keywords and their corresponding search terms.
Whereas the initial search resulted in 2,472 journal articles, following title and abstract screening, those articles were
excluded that did not cohere with the inclusion criteria nor provide answers to the questions. The search thus resulted
in selecting 149 articles for the systematic literature review. To provide a rounded framework of the research
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development, the findings were clustered into emerged research streams. Still, the dominant research stream discusses
behavioral biases and their implications on financial markets. The most prominent development concerns the
relatively new field of Neurofinance, which combines knowledge from psychology, neuroscience, and finance theory
to understand human decision-making (Cheng, 2014; Taffler, 2017). Time and again, the analysis showed that
neuroscience has become part of the extended investigations on the financial decision-making process (Shu & Chang,
2015) as it further enhanced asset-pricing models to provide better predictability (Huang et al., 2015). Moreover, new
theoretically founded models were introduced that lays out the problem of behavioral biases in classical asset-pricing
models (Cohen & Kudryavtsev, 2012). The most salient findings hereby are the development of a decision utility
model (Cheng, 2014), the usage of brain imaging techniques to assess neural measures (Frydman et al., 2014), and
the additional use of electroencephalogram technologies to map the brain during financial decision-making (Vieito
et al., 2015). From yet another perspective, Crongvist and Siegel (2014) and McCannon and Peterson (2015) foster
debate on the influence of genetics and education on financial decision-making.

Besides the established behavioral finance terms, which are regularly investigated and adapted, a relatively new
stream of research deals with the market biases caused by social media, weather, and calendar effects. While the new
development in technology leads to more transparency, media and news might also have a negative impact due to the
potentially rapid spread of fake information (Reed, 2016). Furthermore, the omnipresent increase of the
interconnectedness between the media and the financial market leads researchers to further investigate possible
development possibilities and related threats (Fan et al., 2019; Peress, 2014). Since evidence has shown that sentiment
may play a key role in overvaluation anomalies and mispricing (Berger & Turtle, 2015; Jacoby & Liao, 2012; Yang
& Wu, 2011), recent research has been driven by the demand to predict future stock market returns and to understand
unresolved financial phenomena. Besides using other research domains such as Neuroscience and Psychology to
understand the market sentiment (Shu & Chang, 2015), evidence has uncovered potential cultural differences in
sentiment between Western and East Asian cultures. Thereafter recent literature on sentiment indexes was further
investigated. Results showed that sentiment indexes still bear little predictability potential. Nonetheless, based on the
foundation laid by Baker and Wurgler (2006), many researchers investigated and adapted sentiment indexes to
enhance predictability potential (Du & Hu, 2017; Huang et al., 2015; Sibley et al., 2016; Zhang et al., 2012). The last
salient stream of research deals with the well-known topic of limits to arbitrage. Surprisingly, a relatively new
discovery was the connection between limits to arbitrage and some financial market anomalies. The formation of
some anomalies, such as the asset growth anomaly or the low-volatility anomaly, might be explained, research
suggests, by looking at the theory of limits to arbitrage (Baker et al., 2018; Brav et al., 2010; Chou et al., 2013; Lam
& Wei, 2011; Li & Sullivan, 2018; Li, Sullivan, et al., 2018).

For future research, a great challenge will be the holistic understanding of neural data in terms of financial
decision-making (Frydman et al., 2014). Since biases affect rational decision-making, Neurofinance helps to identify
some of the biases identified in behavioral finance. Nonetheless, the research into the interplay between the different
research domains of psychology, neuroscience, and finance theory is still in its inception (Taffler, 2017). Emphasis
should be placed on further investigation of the human mind connected with brain imaging techniques to compile a
data set for emotional decision-making and its connection to financial phenomena (Cheng, 2014; Shu & Chang,
2015). Besides the influence of genetics on financial decision-making, further research might also focus on the
influence of former experiences influencing investors’ financial decisions (Crongvist & Siegel, 2014). As a
foundation, the correlation with the prominent literature on narrative economics published by Shiller (2019) might
be helpful to further investigate its influence on human decision-making.

Once more, the influence of social media on the financial market should be highlighted. Technology is rapidly
enhancing, and increasingly people are gathering information in real-time via online platforms. This development
brings with it both threats and opportunities for future research seeing that established models might need to be
augmented by social media factors (Fan et al., 2019). A further stream of research linked to media and news might
investigate the influence of layout, tone, and content of information. It hereby is important not only to focus on
corporate announcements (Carretta et al., 2011) but also on statements made by prominent entrepreneurs,
businesspeople, and economists. The information shared on microblogging sites such as Twitter requires more
detailed investigation since their impact on investors’ decisions has not been measured as of yet.
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APPENDIX
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