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Abstract
Various factor models extended by Jensen’s (J Financ 23:389–416, 1968) alpha have 
been used to measure the retail investors’ portfolio (under-) performance compared 
to the market portfolio. The previous studies tried to explain this anomaly in behav-
ioral finance by examining retail investors’ cognitive biases that induce irrational 
trading behavior. While operationalizing these cognitive biases in trading is not 
trivial, researchers still have found measures to proxy for biases and prove their sta-
tistical and economic significance. However, these studies only focused on linking 
one or a subset of behavioral biases and their effect on portfolio performance. In 
addition, different measures of biases across studies complicate the comparability of 
results. Therefore, this paper provides a structured overview of the current state of 
the literature regarding behavioral biases and their measurements to design a behav-
ioral factor model that should help to explain the performance alpha from a behavio-
ral finance perspective. The paper presents an overview of 11 behavioral bias factors 
and 29 corresponding measurements to consider inputting in such a model. With an 
application-oriented focus, it is recommended to include the most researched bias 
factors in a factor model, which are also the most detrimental to portfolio perfor-
mance, as well as to include the most frequently used and least complex measures, 
which results in the primary inclusion of the following eight behavioral bias factors: 
disposition effect, under-diversification, home bias, local bias, lottery stock prefer-
ence, trend chasing, overtrading, and trade clustering.
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Investment behavior · Portfolio management
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JEL classification G41 (Role and effects of psychological, emotional, social, and 
cognitive factors on decision-making in financial markets) · G11 (Portfolio choice 
and investment decisions) · G53 (Financial literacy) · C38 (Factor models)

1 Introduction

As history proves that the market outperforms the average retail investor, what is 
driving investors to deviate from classic buy-and-hold strategies of market indices? 
In Traut’s (2023) review, he names the most prevailing causes for this anomaly: 
exposure to coskewness risk, investor constraints, agency problems, and behavio-
ral biases. This paper focuses on behavioral biases, trying to understand better why 
people make certain choices and what can be done to improve those choices from a 
behavioral finance perspective because when making financial decisions like invest-
ing, we are less rational than traditional finance theory predicts. Thus, instead of 
making the best (rational) choices, we often make facilitated choices based on heu-
ristics that are rather satisfactory to our individual preferences (e.g., mental com-
partments) than rational. Cognitive biases induce this irrational investment behavior 
as our (bounded) rationality is limited by our thinking capacity, the information that 
is available to us, and time (Campitelli and Gobet 2010; Kahneman 2003).

Much research has followed Campbell’s (2006) call to financial economists to 
work on insights that improve individual investors’ decision-making. For instance, 
there is evidence that financial education programs may improve individuals’ finan-
cial decision-making (Fox et  al. 2005). Yet, the average level of financial literacy 
continues to be low (Lusardi and Mitchell 2014). Programs such as the “Save More 
Tomorrow” plan (Thaler and Benartzi 2004), which target and exploit specific 
behavioral biases, therefore appear to be a promising alternative. Financial advice, 
on the other hand, is often found not to help investors, either because it is subject to 
agency conflicts and may be biased due to the service’s commission and fee struc-
ture (Hackethal et al. 2012; Inderst and Ottaviani 2009), because financial advisors 
themselves are affected by cognitive biases, e.g., loss aversion (Eriksen and Kvaløy, 
2010), or because investors do not adhere to it (Bhattacharya et al. 2012).

If behavioral biases are detrimental to investment performance, how can we help 
avoid them?

First, by raising awareness of their presence. The impact of behavioral biases 
must be tangible (measurable) such that investors and financial advisors may under-
stand the link between the bias exposure and its costly effect on their portfolio per-
formance. Measuring the exposure to these cognitive limitations is not trivial, but 
research has found ways (proxies) to operationalize investment behaviors, which 
will be presented and discussed in Sects. 3 and 4.

Second, these behavioral biases must be integrated into a holistic performance 
attribution model so that investors can recognize the underperformance’s origin. A 
performance attribution model typically includes at least one performance factor 
and an additional performance measure. The most famous and widely accepted per-
formance measure is Jensen’s alpha (Jensen 1968), which determines the abnormal 
return of a security or portfolio of securities over the theoretical expected return. For 
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example, in the context of asset pricing, the Capital Asset Pricing Model (1) uses a 
market factor (expected return of the market) and a sensitivity factor beta to deter-
mine a theoretically appropriate rate of return for an asset (Sharpe 1964). Then, the 
alpha measures the idiosyncrasy of a given retail investor’s portfolio compared to the 
market portfolio. Further factor models (2)–(4) include the three-factor model (Fama 
and French 1993), the four-factor model (Carhart 1997), and the five-factor-model 
(Fama and French 2015), which also include factors regarding the firms’ characteris-
tics held: small minus big (SMB), high minus low (HML), the momentum (MOM), 
robust minus weak (RMW), or the conservative minus aggressive (CMA) factor. 
In addition, Daniel et al. (2020) proposed a three-factor (5),1 including a financing 
(FIN) and post-earnings announcement drift (PEAD) anomaly factor.

In the respective equations, the alpha quantifies the abnormal return of a port-
folio compared to the included factors in the mentioned models, and any devia-
tion from these models ( �j ≠ 0) can be seen as idiosyncratic because these models 
tend to explain roughly 95% of the achieved portfolio returns (Carhart 1997; Dan-
iel et al. 2020; Fama and French 2015, 1993). However, these models assume that 
retail investors hold a diversified portfolio and disregard transaction costs (trading 
frequency), whose costly presence is discussed in Sect. 4. Therefore, it is suggested 
to further examine the idiosyncratic component of these models, the alpha com-
ponent, by considering behavioral biases to derive the explanations for the perfor-
mance deviations from the mentioned factor models above. The determined variable 
(alpha) should be explained as a function of multiple behavioral bias factors multi-
plied by a sensitivity factor beta.

(1)(Ri−Rf ) = �iM ∗
(

Rm − Rf

)

+ �j

(2)(Ri−Rf ) = �m ∗
(

Rm − Rf

)

+�smb ∗ SMB + �hml ∗ HML + �j

(3)
(Ri−Rf ) = �m ∗

(

Rm − Rf

)

+�smb ∗ SMB + �hml ∗ HML + �mom ∗ MOM + �j

(4)
(Ri−Rf ) = �m ∗

(

Rm − Rf

)

+�smb ∗ SMB + �hml ∗ HML + �rmv ∗ RMW + �cma ∗ CMA + �j

(5)(Ri−Rf ) = �m ∗
(

Rm − Rf

)

+ �fin ∗ FIN + �pead ∗ PEAD + �j

1 Daniel et al. (2020) proposed a “Behavioral Factor Model” consisting of two factors based on thirty-
four anomalies (firms’ characteristics), PEAD proxying for short-term anomaly (limited attention) con-
structed by going long firms with positive earnings surprises and short firms with negative surprises and 
FIN for long-term anomaly (overconfidence) by considering a composite of the 1-year net-share-issuance 
(NSI) and 5-year composite-share-issuance (CSI) measures. Daniel et al. (2020)’s approach is different 
from this paper: Their overall goal was to examine mispricing in financial markets based on firms’ finan-
cials, while this paper provides bias factors to examine portfolio return anomalies (the alpha component 
of the mentioned models) of retail investors based on retail investors’ bias-induced trading behaviors. 
However, similarly to the other named factor models (1)–(4), the bias factors provided in this paper could 
enhance the applicability of the model (5) on retail investors by explaining its alpha component. In com-
parison with (1)–(4), the factors FIN and PEAD must be calculated manually.
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Eventually, a visual presentation of the alpha return decomposition into multi-
ple investment behaviors in a financial tool would help the user (retail investor and 
financial advisor) to realize the implicit costs of specific behavioral biases in port-
folio choice and management and would consequently enable appropriate actions to 
mitigate those.

Hence, this paper should provide the foundation further to explain the factor mod-
els’ idiosyncratic component alpha. Therefore, two requirements for a holistic evalu-
ation of behavioral biases are defined, which align with the mutually exclusive and 
collectively exhaustive (MECE) principles (Minto 2002): First, a holistic approach 
implies the collective exhaustiveness of the behavioral biases considered. Therefore, 
an extensive literature review was conducted. Second, mutual exclusiveness means 
that behavioral biases do not overlap. As this paper performs a qualitative assess-
ment of empirical studies, there will be no quantitative examination of correlations. 
However, in the conclusion of this paper, a reduced number of behavioral bias fac-
tors are suggested based on the maturity of the research of the respective biases and 
based on the validated economic significance in numerous studies.

This paper contributes to the intention of policymakers and financial advisors 
to improve programs or measures intended to make investors aware of their costly 
investment behaviors and subsequently enhance their financial choices and, thus, 
investment performance. Additionally, this paper provides an extensive review of 
existing behavioral biases, which enables the holistic and systematic examination of 
behavioral biases in portfolio choice and management in the future research.

The remainder of this paper is structured as follows. Section 2 provides the meth-
odology, and Sect. 3 collects empirical evidence in various settings. Section 4 lists 
and discusses the results. Finally, Sect. 5 provides a conclusion of the findings.

2  Methodology

A systematic review of the international literature on behavioral biases in trading 
was performed according to the PRISMA method (Moher et  al. 2009) for studies 
published in two electronic databases: Google Scholar and the University Library 
RWTH Aachen. The review focused on identifying a set of operationalizations of 
investment behaviors (bias factors) and their effect on portfolio performance in 
quantitative studies. The search was performed by combining keyword blocks such 
as “investment behavior,” “investment bias,” or “cognitive bias” with “operationali-
zation,” “measure,” “private investor,” or “behavioral finance.” Additional studies 
were identified by following references that met the inclusion criteria. The flowchart 
of this process is shown in Fig. 1.

The selected studies were eligible if they met the following inclusion criteria: (1) 
They had to be either relevant (high number of citations) or recent (recently pub-
lished studies), (2) they had to conduct quantitative measurements of investment 
behaviors, and (3) they had to be written in either English or German.

(6)�j = �1 ∗ BIAS1 + (… ) + �n ∗ BIASn + �
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After identifying relevant studies with the keyword search, the identified studies 
were merged and initially screened for eligibility based on their titles and abstracts. 
Then, full-text studies were further assessed for eligibility, i.e., checked that the 
inclusion mentioned above criteria was satisfied.

3  Results

The keyword search initially led to a total of 136 studies. Twenty-eight of these 
136 studies were excluded from screening the initial abstract, and 24 were excluded 
from screening the complete text because they were assessed against the inclusion 
criteria. The remaining 84 studies were reviewed, focusing on bias-induced invest-
ment behaviors, their operationalization, and their effect on portfolio performance. 

Fig. 1  PRISMA flow diagram (Moher et al. 2009)
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However, 50 of these studies did not provide quantitative measurements and their 
impact, so these were further excluded from this review. Eventually, a total of 34 
studies were included in this systematic review. Table 1 presents the main character-
istics of the included studies in this review.

3.1  Publication year and sample data

The review includes 34 studies over 23  years, from 1998 until 2021. No relevant 
studies were published in 2002, 2003, and 2004. From 1998 until 2009, 17 relevant 
studies were included with an average of 1720 citations; more recent 17 studies had 
300 citations. Most studies were conducted in the USA (n = 22), followed by studies 
considering multiple countries (n = 4), Germany (n = 3), Finland (n = 2), and then 
the Netherlands, Brazil, and Sweden (n = 1).

3.2  Duration of examinations and target groups

The duration of the examinations varied considerably from 1 to 7  years for retail 
trading data obtained from brokerage firms (n = 19) and from 6 to 79 years for pub-
licly available data sets, e.g., stock trading data from stock exchanges and surveys. 
Whereas the former exclusively analyzed the trading behavior of retail investors, and 
the latter (publicly data sets, surveys, or stock market simulations) analyzed charac-
teristics of stocks, funds, and indices.

3.3  Bias‑induced investment behaviors

The bias-induced investment behaviors included in this review were analyzed, and 
the results are presented in Tables 1, 2, 3, and 4. The first table (Table 1) provides 
an overview of the included studies, their characteristics, the examined bias factors 
and measurements, and their key findings. The second table (Table 2) briefly sum-
marizes the definition of the identified behavioral bias factors, the number of studies 
that examined them, the total number of measurements, and their effect on portfolio 
performance. Finally, the third table (Table 3) provides an overview of the measures 
used to operationalize the behavioral biases in the reviewed quantitative studies, and 
Table 4 concludes with a recommended shortlist of bias factors and measures.

3.3.1  Operationalized behavioral biases

Eleven bias factors were identified in this review and are described in Table 2, while 
their measures are presented in Table 3. Bias factors were grouped into three groups 
based on their similar characteristics to have a comprehensible overview and are 
introduced by a short description in the following.
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3.3.1.1 Biases related to portfolio composition Twenty studies examined biases that 
influence the composition and structure of investment portfolios, such as under-diver-
sification, home, and local bias. The under-diversification factor, frequently driven 
by overconfidence (Ivković and Weisbenner 2005; Leković, 2020), results in inves-
tors holding concentrated investment portfolios, which is measured by the number of 
stocks held (number of stocks), the summed squared weight of all portfolio positions 
(Herfindahl index), or the squared variance of the portfolio divided by the squared 
average variance of the individual stocks in the portfolio (normalized portfolio vari-
ance). The tendency to hold concentrated portfolios can further be induced by the 
familiarity bias, for example, by preferring companies from one’s home country or 
nearby locations, which is operationalized by computing the ratio between the vol-
ume of home or local stocks and the total portfolio volume (Grinblatt and Keloharju 
2001; Lovric et al. 2010).

3.3.1.2 Biases related to the decision‑making process Another 17 studies examined 
biases that impact investors’ trading decisions and frequency. Overtrading arises 
from overconfidence (Barber and Odean 1998; Graham et al. 2009), causing frequent 
trading and thus an increased purchase and sales transaction volumes (average port-
folio turnover) that may lead to suboptimal performance. Leading turnover share and 
inattention to news indicate an inclination to informed trading, measured by executed 
trades ahead of other investors or around news events (Bailey et al. 2011; Weber et al. 
2014). Trade clustering, calculated by the number of trading days by the number of 
trades, proxies for the narrow framing bias, wherein investors trading on multiple 
days tend to make isolated trading decisions, i.e., not considering their broader port-
folio impact (Kumar and Lim 2008). Lastly, the disposition effect examines if inves-
tors hold on to their losing investment due to loss aversion (Kahneman and Tversky 
1979; Odean 1998), which can be observed by examining the proportion of realized 
and unrealized losses to gains.

3.3.1.3 Biases related to stock picking Investors exposed to lottery stock prefer-
ence and trend chasing tend to buy high-risk stocks with speculative attributes, 
e.g., high volatility, high recent return, and low price (Bali et al. 2011, 2017, 2021; 
Dhar and Kumar 2001). While trend chasing only considers newly purchased 

Table 4  List of recommended 
behavioral bias factors and 
measurements for future 
research (see Table 3 for the 
respective formulas)

Behavioral bias factor Formula(s)

Disposition effect (DE) 1.2
Under-diversification (UD) 2.1, 2.2, 2.3
Home bias (HB) 3.2
Local bias (LB) 4.2
Lottery stock preference (LSP) 5.1
Trend chasing (TCH) 6.1
Overtrading (OT) 8.1
Trade clustering (TCL) 10.1
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transactions with speculative attributes, lottery stock picking measures the overall 
ratio of speculative stocks and the total portfolio volume. Ten studies examined 
these biases (Table 2), which collectively underscore the cognitive influences on 
individual stock selection, ranging from sensation-seeking behaviors to the over-
confidence-driven preference for trending assets or an inflated perception of one’s 
forecasting acumen.

3.3.2  Operational differences to measure behavioral biases

Twenty-nine measurements were identified for the eleven bias factors and are pre-
sented in Table 3. The differences in measures vary with the required data input, 
the computational arrangement of variables, and their theoretical range.

3.3.2.1 Different data requirements Several data sources are required to measure 
the identified bias factors. All 29 measurements need portfolio trading data, at 
least either portfolio holdings or transaction data. Additionally, bias factors such 
as home and local bias require information about the assets and the investor, i.e., 
the country or location of the asset’s headquarters and the investor’s geographi-
cal position. For lottery stock preference and trend chasing, information about 
an asset’s historical performance is required for its measurements. Bias factors, 
that proxy for informed trading, require public news data, e.g., relevant macroeco-
nomic news related to the respective portfolio holdings.

3.3.2.2 Different mathematical computations Eight of 11 bias factors (disposition 
effect, home bias, trend chasing, leading turnover share, average portfolio turnover, 
overconfidence, trade clustering, and inattention to news) differ only because of their 
measurement techniques, e.g., subtracting instead of dividing the share of domestic 
holdings from overall portfolio holdings for the home bias (formulas 3.1 and 3.5 
in Table 3). The remaining three bias factors (under-diversification, local bias, and 
lottery stock preference) differ in operationalization (required input variables). The 
under-diversification measures either consider the number of stocks (2.1), consider 
the weights of portfolio positions (2.2), consider the portfolio variances (2.3), or con-
sider the beta-induced return loss (2.4). One measurement (4.1) of the local bias 
calculates the absolute distance between the asset’s headquarters and the investor. 
In contrast, the other formula (4.2) measures the share of local equities, which is 
determined by a threshold distance in the portfolio. For lottery stock preference, three 
of four measures consider the share of lottery stocks in portfolio holdings, while for-
mula 5.4 only focuses on the share of lottery stock purchases.

3.3.2.3 Different theoretical ranges Fifteen of 29 measurements indicate a theo-
retical range from 0 to 1, 10 measures have at least a one-sided infinite range, and 
nine measures can obtain negative values. These differences occur across the 11 
bias factors and in measures within one bias factor, e.g., the six disposition effect 
measures have three different theoretical ranges.
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3.3.3  Performance measures and effects of behavioral biases

Four techniques to measure portfolio performance were identified in the reviewed 
studies and are presented in Table 1. Seventeen of the 34 studies used factor models, 
including an alpha component (Carhart 1997; Fama and French 1993; Jensen 1968), 
which is used to determine the abnormal return of a security or portfolio of secu-
rities over the theoretical expected return. Further, ten studies used Sharpe ratios 
(Sharpe 1964), another ten used raw returns, and five used excess returns to a chosen 
benchmark. Six of the 34 reviewed studies did not provide a performance measure 
as the focus of these studies was, e.g., to examine the link between specific bias fac-
tors and investor characteristics (Dhar and Zhu 2006) and not performance impact.

According to Table  2, the included studies showed that most of the biases are 
costly. However, some investors seem to expose themselves to biases, e.g., con-
sciously highly concentrate their portfolios (under-diversification, local bias, and 
home bias) and earn abnormal returns (Coval and Moskowitz 2001; Ivković et al. 
2008; Ivković and Weisbenner 2005; Seasholes and Zhu 2010; Von Nitzsch and 
Stotz 2005; Weber et  al. 2014). Another exception is trend chasing, as Dhar and 
Kumar 2001 show that contrarian investors may earn higher returns by selling 
instead of holding winners.

4  Discussion

4.1  Behavioral bias factors and their measurements

The systematic review highlights the importance and impact of behavioral bias fac-
tors on portfolio performance to raise awareness of costly behaviors to protect the 
retail investor’s financial health. The core findings of this review are that the 11 
bias factors have been proven economically significant in several settings. However, 
mixed results (effects) are also presented in Table 1, especially regarding the con-
centration of portfolios and stock-picking skills of investors, which require further 
examination.

The review indicates a reliance on the USA-based research and data scarcity in 
general (Table 1). Most studies were conducted in the USA (n = 22) and used bro-
kerage trading data (n = 15). However, 11 of these 15 studies used the same data set 
from Odean (1998). All other studies constructed or obtained their own data sets (no 
overlaps), which means that despite the scarce data availability, researchers seem 
to keep their data set private. While the USA focus may be explained by the high 
willingness of the USA population to invest in the capital market, data scarcity is a 
well-known problem that hinders further investigation of bias factors to derive coun-
termeasures against these costly behaviors. Solving this problem should be endorsed 
by brokerage firms as their customers, the investors, are more likely to stop trading 
after realizing their ability to trade is low (Seru et al. 2010).

Several cognitive biases induce costly investment behaviors for investors, 
such that investors deviate from the standard Modern Portfolio Theory (Markow-
itz 1952). The identified bias factors suggest that these deviations are caused by 
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investors’ insufficient decision-making process and inability to pick and manage 
their portfolios.

Studies examining bias factors related to portfolio composition—home bias, local 
bias, and under-diversification—indicate conflicting impacts on investors’ portfolio 
performance. At the same time, several studies report negative returns (Bailey et al. 
2011; Calvet et al. 2006; Faruqee et al. 2004; Grinblatt et al. 2011; Han and Kumar 
2013), while some studies find conflicting or positive returns associated with home 
and local bias (Coval and Moskowitz 2001; Goetzmann and Kumar 2008; Ivković 
et  al. 2008; Ivković and Weisbenner 2005; Seasholes and Zhu 2010; Von Nitzsch 
and Stotz 2005). Positive returns for home bias were found only for samples from 
the USA and no other country, which may be explained by its market capitaliza-
tion and developed capital market. Examining the geographically even more detailed 
local bias, Ivković et al. (2008) found that the average household within their USA 
sample generates an additional return of 3.7% per year from its local holdings rela-
tive to its non-local holdings, suggesting that local investors can exploit local infor-
mation. This is especially true for stocks not in the S&P500 index. Their results 
are not driven by specialization in a particular industry, inside information, broad 
market timing, repeated trades in a particular stock, or regional differences across 
investors. Instead, the results reflect that wealthy households who concentrate their 
holdings on a few stocks tend to be able to identify superior stock picks. However, 
these excess returns come with larger risks and lower sharp ratios. Another reason 
for local bias may be discounted rates for employees to buy company stocks.

Among others, Calvet et al. (2006) reported that Swedish investors lose up to 10% 
return p.a. due to holding undiversified portfolios. They add that households out-
perform the domestic benchmark via international diversification or fund investing. 
Grinblatt et al. (2011) found that higher IQ leads to a higher Sharpe ratio (mainly 
because of lower volatility), more stocks held, and a higher probability for a fund 
to be held and, thus, more diversification. Among active (highest turnover quin-
tile) investors, less diversified investors have a higher return and alpha than better-
diversified investors (Goetzmann and Kumar 2008). This evidence aligns with the 
mentioned small, active group of under-diversified investors who might be skilled in 
exhibiting home and local bias.

Further studies measure bias factors related to the decision-making process—dis-
position effect, overtrading, overconfidence, trade clustering, leading turnover share, 
and inattention to news—and are associated with a mostly negative impact on port-
folio performance (Table 2). The disposition effect is this review’s most examined 
bias factor (n = 13). Investors that exhibit the disposition effect underperform inves-
tors with no disposition effect by 2.35% p.a.. For winners that are sold, the average 
excess return over the following year is 3.4% more than for losers that are not sold, 
suggesting that investors should rather hold on to winners and sell losers (Odean 
1998).

This finding is in line with the results of overtrading that purchases of an investor 
underperform their sales by an average return of 3.31% p.a. (Odean 1999). While 
men indicate a higher exposure to overtrading (6.4% annual turnover) compared 
to women (4.4% annual turnover), both men and women achieve a lower return by 
trading (Barber and Odean 1998), which costs them 6.8% p.a. relative to the returns 



290 D. Gorzon et al.

1 3

earned by low turnover households (Barber and Odean 2000). These investors in 
the highest portfolio turnover and lowest performance quintile, i.e., those who trade 
the most but attain the worst performance, are labeled overconfident (Bailey et al. 
2011; Goetzmann und Kumar 2008). As trading is detrimental, these findings sug-
gest that investors should stick to the buy-and-hold strategy, which should eliminate 
the disposition effect, overtrading and consequently overconfidence. Also, wealthier 
individuals and individuals employed in professional financial occupations exhibit 
a lower disposition effect and trading frequency (Dhar and Zhu 2006). In an experi-
ment, Fischbacher et al. (2017) found that automatic selling devices helped investors 
to increase the proportion of losers realized.

Another costly bias-induced behavior is trade clustering. Investors with the high-
est (and thus the broadest framing) and those investors with the lowest trade cluster-
ing (and hence the narrowest framing) differ by 1.6% (Kumar and Lim 2008) and 
2.1% (Bailey et  al. 2011) return performance p.a.. These two studies use slightly 
different measures 10.1 and 10.2 which explain the given delta of 0.5% p.a. in the 
performance impact. Contrary to these findings, Weber et al. (2014) found that the 
average narrow-framed investor earns 2.12% p.a. more than the broader-framed. 
However, suppose an investor executes the same number of trades in fewer days, 
e.g., ten trades on one single day instead of two trades on 5 consecutive days. In that 
case, he should be broader-framed (instead of narrower) and thus make decisions 
more holistically, which should be more profitable in the long run. Lastly, the results 
for leading turnover share (Weber et al. 2014) and inattention to news (Bailey et al. 
2011) hurt return, meaning that investors tend to time their buys and sales poorly. 
Better timing of investments might be possible by the cost averaging strategy or by 
constant acquisition of information and thus trading more informed.

In this review, ten studies included bias factors related to stock-picking abili-
ties–lottery stock preference and trend chasing—which negatively impact portfo-
lio performance. The investors’ risk-seeking behavior induces a preference to buy 
lottery stocks, which are characterized by abnormal recent returns, low prices, and 
increased volatility and hurt the investor by 6.2% (Kumar 2009) or 7.2% (Han and 
Kumar 2013) performance reduction p.a.. These findings are consistent with stud-
ies focusing on analyzing individual lottery stocks and their performance (Bali et al. 
2011, 2017, 2021; Bergsma and Tayal 2019). Lottery stocks represent 1.25% of 
the total stock market capitalization. However, their total number represents about 
13% of the market, so retail investors should be even more cautious because of their 
disproportionate presence (Kumar 2009). Consistent with the evidence that lottery 
demand is attributable to individual, not institutional, investors, the beta anomaly is 
concentrated among stocks that have low institutional ownership (Bali et al. 2021). 
Having roughly double the standard deviation compared to non-lottery stocks, these 
stocks are associated with high-risk investments (Kumar 2009). Further, most lot-
tery stocks are primarily present in the energy, mining, financial services, biotech-
nology, and technology sectors and are less present in utilities, consumer goods, and 
restaurants (Kumar 2009).

Similar to lottery stock characteristics, the measure for trend chasing uses the 
average recent k-day returns of stocks to measure trend chasing behavior. Dhar and 
Kumar (2001) found a negative portfolio impact of 4.4% p.a. for momentum retail 
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investors, while contrarian retail investors, who buy against the trend, seem to earn 
abnormal returns of 7% p.a. in comparison. Sirri and Tufano (1998) examined trend 
chasing for mutual funds and found that buyers of equity funds disproportionately 
stick to high-performing funds while failing to exit lower-performing funds at the 
same rate. High performance is most salient for funds with higher marketing efforts, 
as measured by higher fees. Flows are directly related to the size of the fund’s com-
plex, and the current media attention received by the fund, which lowers consumers’ 
search costs.

4.2  Comparability of bias factors

In this review, 28 of 34 studies provided a performance measure to compare biases 
based on their impact on returns. The most frequent performance measures were 
factor models, including an alpha component (alpha measures), Sharpe ratio, excess 
return, and raw return, which differ in interpretability. Raw returns provide an 
unmodified view of performance. However, not considering a benchmark, raw data 
complicate evaluating whether the achieved results were good or bad depending on 
the settings, e.g., sample and time.

Excess returns consider a benchmark, as they measure the respective over- or 
underperformance (excess). But studies choose different benchmarks and, for exam-
ple, measure excess return compared to the market portfolio (e.g., Goetzmann und 
Kumar 2008) or between quantiles of retail investors, e.g., quantiles determined by 
their exposure to a bias factor (e.g., Odean 1998; Kumar und Lim 2008). This means 
that excess return only enables a comparison of results across studies if the samples 
are the same or within one sample between subsets of investors.

The Sharpe ratio quantifies risk-adjusted returns, which enables the compari-
son of investments’ performance relative to their risk levels and thus helps to raise 
awareness for retail investors. However, its reliance on assumptions of normal distri-
bution and a single risk measure (variance) may limit its accuracy and applicability 
in capturing the intricacies of diverse investment scenarios.

The advantage of using factor models including an alpha measure, e.g., the 
Fama–French model, for comparing different research studies lies in its wide accept-
ance in studies and accessibility of its historical data. French provides access to his-
torical data by maintaining a website that provides historical data related to sev-
eral variations of factor models, allowing cross-study comparison. Still, interpreting 
Fama–French alpha values can be complex, as these models’ returns are attributed to 
several model factors, requiring careful consideration and contextual analysis when 
comparing researchers’ regression analyses.

5  Conclusion

This paper presents 11 behavioral bias factors (Table  2) and 29 corresponding 
measurements (Table 3). While some bias factors are well examined, e.g., disposi-
tion effect and under-diversification, more recently developed factors need further 
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investigation, e.g., leading turnover share and inattention to news. Further, the iden-
tified bias factors differed in the required data input and measurement techniques. 
With these differences, the complexity of the measures varied from, e.g., simply 
counting the number of stocks to conducting a regression analysis to determine a 
single bias factor (Table  3). In addition, different theoretical ranges of measures, 
including differences within one bias factor, complicated the comparison across 
studies. Regarding the effect on return, four performance measures were presented, 
and factor models including an alpha measure, e.g., the alpha of the Fama–French 
three-factor model, were found most helpful to allow for cross-validation across 
multiple studies because it offers a publicly available factor model as a benchmark, 
thus easing comparability.

Overall, the bias-induced behaviors of under-diversification and lottery stock 
preference were found to be the most hurtful, while some investors with a home or 
local bias seem to exploit superior information and earn an excess return compared 
to the market portfolio.

As the provided list of measurements is already extensive (Table 3), it provides 
a great opportunity to improve the design of portfolio analytic tools and include 
behavioral bias factors in a portfolio overview where returns are attributed to the 
respective bias factor. Therefore, with an application-oriented focus, further investi-
gations should focus on two things: First, they should focus on bias factors that are 
easy to calculate to enable recalculating these for further research and financial tool 
providers, and second, they should focus on bias factors that are simple to follow 
to ensure their understandability for the retail investor. It is further recommended 
to include the most researched bias factors (Table 2) in a factor model, which are 
also the most detrimental to portfolio performance, as well as to include the most 
frequently used and least complex measures (Table 3), which results in the primary 
inclusion of the eight behavioral bias factors and their measures presented in the fol-
lowing Table 4.

These behavioral bias factors should be used to explain the idiosyncratic com-
ponent (alpha) of the factor models described in Sect. 1, resulting in the following 
adjustment of the formula (6):

Instead of deriving further sophisticated measures for these biases, future research 
should focus on the recommended existing list of bias factors and measurements 
(Table  4) and examine if all provided behavioral bias factors in (7) add value in 
explaining the abnormal return of retail investors. A reduced scope of factors should 
further enhance the investors’ understanding of their exposure to behavioral biases, 
thus increasing the chance of mitigating these costly behaviors. In addition, future 
research should further examine normalization methods, as the examined meas-
ures in this paper showed differences in theoretical ranges, which may significantly 
impact multivariate analysis models.

Eventually, it should be a common goal for policymakers and brokerage firms to 
design a financial tool, e.g., a behavioral performance return attribution overview, 

(7)
�j = �1 ∗ DE1 + �2 ∗ UD2 + �3 ∗ HB3 + �4 ∗ LB4 + �5 ∗ LSP5

+ �6 ∗ TCH6 + �7 ∗ OT7 + �8 ∗ TCL8 + �
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to help investors protect their investments by raising awareness of their costly 
behaviors.
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