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Abstract: This study aims to test the adaptive market hypothesis by using the myopic behavior
of investors as a new proxy. The data have been taken from New York Stock Exchange from
December 1994 to December 2020. Following this collection of data, the companies’ stock prices
were distributed into six different portfolios based on size, investment, a book-to-market value, and
operating profit. Ordinal logistic regression was used to calculate the probability of recovery of losses
after experiencing a decline in the market. As part of the robustness analysis, this study replaces
the Sharpe ratio with a Lower Partial Moment ratio. Most of the results for the Sharpe ratio and
Lower Partial Moment ratio are similar. During 1995–1999, 2002–2006, and 2010–2020, the investors
have not shown myopic behavior towards losses, but from 2000–2001 and 2007–2009 the investors
exhibited myopic characteristics. Furthermore, as investors move between myopic and non-myopic
loss aversion, the study reports that the US market is both efficient and inefficient at various points
in time, following the adaptive market hypothesis. Thus, such a finding could act as a basis for
future investment models by adapting traditional models or by building and contributing to the
development of new ones.

Keywords: adaptive market hypothesis; myopic loss aversion; efficient market hypothesis;
behavioral finance

1. Introduction

Traditional investment theories, commonly known as neoclassical finance theories,
predominantly follow and place great emphasis on the behavioral rationality of investors.
The portfolio theory serves as a benchmark for the creation of conventional finance mod-
els that explain the spectrum of risk, return, correlation, and diversification of portfolio
construction. The theory argues that investors should prefer lower risk for a given level
of return based on the presumption of rationality (Elton et al. 2009; Leibowitz et al. 2010;
Markowitz 2010). One of the profound ways of advocating the rationality of behavior can
be explained by the efficient market hypothesis (Ritter 2003).

Contrary to the previous statement, behavioral finance advocates that investors are
not rational. What is more, it argues that the conventional theory of finance lacks the way
ordinary people make decisions. Shefrin and Statman (2000) point out that behavioral
psychology has shown how and in what ways information, inadequate processors and
mistakes, prejudices, and other illusions of perception affect people. Behavioral differences
arise as people make choices based on their views, desires, and elements of cognitive
psychology. The leading proponents of behavioral finance are renowned authors Kahne-
man and Tversky: their works, namely Kahneman and Tversky (1979) and Tversky and
Kahneman (1992), respectively, led to the development of prospect theory and cumulative
prospect theory.
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Lo (2004, 2005) questions the efficient market hypothesis (EMH) and the behavioral
finance hypothesis and argues that investors are not entirely rational or irrational. Instead,
the investor is at times rational and at times irrational. Lo (2005) also argues that investors
are adaptive to different conditions by moving from irrationality to rationality and vice
versa. He develops an adaptive market hypothesis by combining the conventional efficient
market hypothesis with behavioral science theory. According to the theory of the adaptive
market hypothesis, investors act rationally. However, if there are fluctuations in the market,
investors suddenly respond to such market conditions and may act irrationally (Lim et al.
2013; Urquhart and McGroarty 2016).

This study fills the gap by addressing the problem mentioned above. Consequently,
the adaptiveness of the New York Stock Exchange was tested. We introduced myopic
loss aversion as a proxy for the adaptive market hypothesis, instead of using calendar
anomalies; the reasoning behind this refers to the fact that calendar anomalies only address
the stock behavior at a particular time, such as the day-of-the-week, time-of-the-month, or
time-of-the-year. To capture myopic loss aversion, the Sharpe ratio was used, and a lower
partial moment (LPM) ratio was used for robustness. This study attempts to address the
basis of EMH and behavioral finance. Behavioral anomalies and efficient markets are poles
apart. The EMH reconciles efficient markets with behavioral finance by combining two
theories in an internally consistent and intellectually satisfying way, thus creating a more
holistic view of markets. The significance of the study refers to the fact that it provides
researchers with a direction for building new finance theories in the field of portfolio
management and asset pricing, by resting their views on the adaptive market hypothesis.
In other words, the models will be flexible enough to incorporate classical models and
adjustable enough to cater to the criticism of behavioral finance.

The present study makes a significant theoretical contribution to the theory of adaptive
market hypothesis by using myopic behavior as a proxy for building and testing the model.
The study provides an empirical contribution by introducing a new methodology for the
analysis of robustness. Furthermore, the new methodology enables us to better examine
periods of efficiency and inefficiency by identifying the factors that alter market conditions
on the New York Stock Exchange. Overall, this will be the first comprehensive study that
has applied the new methodology by using a model based on myopic behavior as a proxy.

Following this first introductory section, the paper is organized as follows: Section 2
presents aspects of the literature review, and Section 3 explains the methodology. Section 4
examines the results of the study, where discussions and deliberation are offered. Finally,
Section 5 concludes the paper.

2. Literature Review
2.1. Neoclassical Finance and Its Evidence

The basic assumptions of Neoclassical finance are that the investors are rational,
markets are perfectly competitive, and information is freely available. It includes major
theories and models such as portfolio theory (Markowitz 1952, 2010), Modigliani’s views,
Miller’s investment theory (Miller and Modigliani 1958), Capital Asset pricing model
(Sharpe 1964; Lintner 1965), and the Black–Scholes option-pricing model (Black and Scholes
1973). The most popular and debatable models in Neoclassical finance are the Efficient
Market Hypothesis and the Random Walk Theory. Malkiel (1973) clearly explains the latter
theory, by arguing that the change and movement in price and price level cannot and will
not follow any path; therefore, prices are randomly changed and are unpredictable over
time. Random walk theory is linked with the Efficient Market Hypothesis, as the latter
proposes that information determines stock prices. This information is characterized by
its randomness. In financial literature, there are two schools of thought: one against the
efficient market hypothesis, i.e., random walk theory (Borges 2010; Malkiel 2003; Mlambo
and Biekpe 2007), and another school of thought that supports the random walk theory
(Chitenderu et al. 2014; Levy 2017; Samuelson 1994).
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The EMH framework is therefore simple and appealing, given that it attempts to
capture investor behavior; this is especially the case when the assumption of the myopic
behavior of investors is not held in it (Barberis and Thaler 2003). The rationality of investors
forms the core of EMH and functions somewhat contrary to the myopic behavior of
investors. As a result, difficulties arise when trying to explain financial phenomena by
using the neoclassical paradigm, particularly when using EMH.

2.2. Behavioral Finance and Its Evidence

Behavioral finance explains market anomalies, especially when the markets face
“bubbles” and periods of deep recession (Schwert 2003). It includes major theories, such
as prospect theory (Kahneman and Tversky 1979), cumulative prospect theory (Tversky
and Kahneman 1992), and the behavioral asset pricing model. Behavioral finance provides
guidance and assistance when trying to understand the financial choices made by investors,
by considering the influence of the psychological traits of those investors. It also argues
that financial phenomena can be better understood when investors are not entirely rational.

Investors are generally criticized for their frequent irrational behaviors and beliefs.
Such examples of irrationality take the form of “herd instinct” (do what other people
do) and of emotionally driven responses to stressful circumstances (Haritha and Rishad
2020). Thus, such irrational practices and patterns ultimately affect stock prices and
generate market inefficiencies (Hirshleifer 2001). Evidence is also available for high investor
sentiment (Frazzini and Lamont 2008), financial bubbles (Feldman 2010), social network
sentiment (Asur and Huberman 2010), and market effects (Abu Bakar et al. 2014). Several
studies use behavioral aspects to investigate stock price volatility and report their existence
in both developing and developed financial markets (Benartzi et al. 2004; Corredor et al.
2015; Kaplanski and Levy 2010).

2.3. Reconciling EMH and Behavioral Finance via the Adaptive Market Hypothesis

In 2004, Andrew Lo attempted to reconcile EMH and behavioral finance by claiming
that investors are adaptive to changes. The arrival of new players, changes in the levels
of market competition, various economic and political circumstances, and the ability of
investors to adopt the latest market conditions are all elements that cause changes in the
level of market efficiency. In other words, markets can be efficient at times and inefficient at
other times; however, there is a distinct pattern of efficiency and inefficiency. This distinct
nature of financial markets connects traditional finance and behavioral finance theories
into a unique hypothesis, namely, the adaptive market hypothesis (AMH) (Lo 2004, 2005).

Several empirical studies have been conducted on the application of AMH in different
stock markets around the world. Urquhart and Hudson (2013) find that AMH offers a better
explanation of the stock-return behavior of the US, UK, and Japanese markets. Another
study conducted by Urquhart et al. (2015) in the US, UK, and Japan confirms that all three
markets are aligned with the adaptive market hypothesis. The Indonesian stock market was
also investigated by Almudhaf (2018) to determine whether or not the market is aligned
with the adaptive market hypothesis. According to the observations in that study, market
efficiencies fluctuate over time but are consistent with the adaptive market hypothesis.
Haritha and Rishad (2020) also indicate the deviations from the random walk model and
the invalidity of the efficient market hypothesis in the Indian Stock Exchange.

Several other studies have been conducted on theoretical and empirical testing of
the adaptive market hypothesis, and some drawbacks have been found while testing
AMH. Researchers have empirically tested the adaptive market hypothesis by taking the
country indices, e.g., the French market index, and the US, UK, and Japanese market
indexes. These data on indices have been used for different periods by using volatility
models. Furthermore, GARCH, Auto-correlations test, Runs test, and VAR test were all
used to test the hypothesis (Boya 2019; Ndubuisi and Okere 2018; Urquhart and McGroarty
2016). These tests are based on the simple assumption that the lag(s) term(s) correlate(s)
with present values irrespective of different financial periods and types of stocks used.
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This relationship is self-negating as it rests on the presumption that current markets are
independent of historical data. Robustness analysis is therefore required to observe that
almost the same proxies and models are used both for the theoretical and empirical testing
of the adaptive market hypothesis and for testing the efficient market hypothesis.

2.4. Myopic Loss Aversion as a Proxy of the Adaptive Market Hypothesis

Generally, emotions determine the personality traits or behavior of an individual.
These emotions tend to become unstable when an investor’s fear arises due to perceived
losses. Chen et al. (2004) find that; Chinese investors behave irrationally while investing
because of emotional and behavioral biases. Myopic loss aversion is an important psycho-
logical factor that investors tend to exhibit. According to Thaler et al. (1997), “Myopic Loss
Aversion is defined as the combination of a greater sensitivity to losses than to gains and a
tendency to evaluate outcomes frequently”. Benartzi suggests that myopic loss aversion is
an explanation for the so-called premium equity puzzle, and also reports that individuals
depicting myopic loss aversion are more willing to take risks if they evaluate the results of
their investments less frequently.

Thaler et al. (1997) report that risk-taking behavior towards myopic loss tends to
increase when information is given less frequently. He and Zhou (2014) have checked
the Benartzi and Thaler (1995) hypothesis by taking the data of NYSE equity and US
treasury bond returns for the period from 1926–1990 and suggest that manager’s loss
aversion, evaluation period, and reference point for evaluation impact the decision for asset
allocation. Alrabadi et al. (2018) investigate different behavioral biases that impact the
investment decisions of investors in the Amman Stock Exchange. This means that Myopic
behavior is a behavior based on the pursuance of short-term results and represents an action
regarding what one wants now, without considering any future consequences. Myopic
behavior is linked with behavioral finance including myopic loss aversion, self-deception,
heuristic simplification, emotions, and social influence factors. Lee and Veld-Merkoulova
(2016) have studied the connection between myopic loss aversion and investment decisions
by investors using a survey. The study results show that investors who evaluate their
portfolios more frequently observe fewer losses. As a result, they also did not wish to invest
further in stocks. Investors observe myopic loss aversion and as such, more investigations
of their portfolio performance are being done on a more regular basis; what is more, given
this, investors also trade stocks regularly.

Some of the studies show contradictory results regarding myopic loss aversion the-
ory. Kaustia et al. (2008) and Alevy et al. (2007) find that financial managers are less
prone to behavioral biases than students who have been involved in investment decisions.
Blavatskyy and Pogrebna (2009) confirm that from a behavioral standpoint, the majority of
investors act in a somewhat contradictory manner to myopic loss aversion. Aggarwal and
Damodaran (2020) report that their sample displays an escalation of commitment while
playing the game in the domains of losses.

The financial literature also shows different methods for the measurement of myopic
loss aversion; for example, one of the studies used large-scale field experiments to measure
the phenomenon of myopic loss aversion (Larson et al. 2016). Another study used survey
data for the measurement of private investors’ myopic behavior (Lee and Veld-Merkoulova
2016). Costa (2018) used a systematic test to assess the theory of myopic loss aversion by
considering the relationship between inflation and equity premium. It is also observed that
several studies used the experimental method to determine the phenomenon of myopic
loss aversion (Schwaiger and Hueber 2021; Wesslen et al. 2021).

The evidence of myopic loss aversion is not a conclusion, and mixed results are re-
ported. The presence of myopic loss behavior can be considered as a proxy for irrationality;
whereas, its absence leads to the rationality of investors. Furthermore, the adaptive market
hypothesis is non-restrictive only to rationality or irrationality. It advocates that the market
is adaptive given that investors react to information of all sorts, and thus, at times, they
are rational, and at other times they are irrational. To test this hypothesis, we employ the
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proxy of rationality and irrationality in terms of the myopic loss behavior of an investor.
In this study, myopic behavior is measured by determining the probability of recovering
losses in a particular period through the evaluation of the performance of portfolios. If the
recovery is not possible, the investors show irrational behavior and become panicked and
start selling stocks and making the market adaptive. Based on the discussion above, the
following hypothesis is proposed:

Hypothesis H1. The investors show myopic loss aversion behavior and thus market follows the
adaptive market hypothesis.

3. Data and Methodology
3.1. Data

The data has been taken from the companies listed on the New York Stock Exchange
(NYSE), starting from December 1994 and running to December 2020. The prices of the
companies have been converted into returns by using the simple formula of the log returns.
As a benchmark, the S&P 500 has been used. For six months T-bills have been used as the
risk-free rate of return. The returns of different companies have also been converted into
portfolios; the double-sorted portfolios have been formed by using the methodology of
Fama and French (1995). The factors that have been used for the formation of portfolios are
size, the book-to-market value, investment, and operating profits.

Afterwards, these portfolios have been divided into sub-portfolios, also known as
decile portfolios (Shafique et al. 2019). In this way, six categories of portfolios have been
used, namely: Big–High Book-to-Market Stocks; Small–Low Book-to-Market Stocks; Big–
High Investment Stocks; Small–Low Investment Stocks; Big–High Operating Profit Stocks;
and Small–Low Operating Profit Stocks.

The used methodology is divided into two parts: the first part is related to the calcula-
tion of the performance of the portfolio (by using performance measures); and the second
part refers to the determination of the myopic loss aversion behavior of investors.

3.2. Part 1: Calculating a Portfolio’s Performance by Using Performance Measures

In this study, the Sharpe ratio and LPM ratio have been used as performance measures.
The Sharpe ratio is the traditional and most widely used performance measure (Liu and
Chen 2020) and is based on modern portfolio theory. Sharpe ratio is defined as “the ratio of
the excess returns to the risk (standard deviation) of that return” (Sharpe 1966). It is widely
used by investors and managers for the evaluation of portfolio performance. The return in
Sharpe ratio is calculated via arithmetic returns. The reason for choosing the arithmetic
mean is that theories like portfolio theory and capital asset pricing theory, which are the
basic portfolio management theories use the same return. The risk is calculated by using
the standard deviation, as the standard deviation is the proxy of total risk.

Now, the Sharpe ratio is calculated by using the following formula:

Sharpe Ratio =
Rp − RF

σp
(1)

where: Rp is the portfolio’s expected return, R f is the risk-free rate and σp = portfolio’s risk
standard deviation

The lower partial moment (LPM) ratio is proposed by using the concept of downside
risk, which was first used in the Postmodern Portfolio theory. Bawa (1975) introduced
partial moments as upper partial moments and lower partial moments, where the Lower
Partial Moment (LPM) will handle all below-target observations. Bawa (1975) and Fishburn
(1977) define downside risk as the lower partial moments by incorporating the risk tolerance
of investors in terms of “a”. Bawa (1975) also mathematically proves that LPM as a risk
measure is related to stochastic dominance. Nawrocki (1991) also concludes that traditional
portfolio theory has gone under major improvement over the years concerning downside
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risk measures. According to that study, the semi-variance and LPM are the most widely
used measure for downside risk.

Now, the lower partial moment (LPM) ratio is calculated by using the same concept
and replacing the risk with LPM (downside risk) as follows:

LPM Ratio =
Rp − RF

σlpm
(2)

where: Rp is the expected return of portfolio “p”, R f is the risk-free rate and LPM is the
portfolio’s risk using lower partial moments.

3.3. Part 2: Determination of the Myopic Loss Aversion Behavior of an Investor

In the second part of the methodology, we checked whether investors present myopic
loss aversion or not. For the in-depth analysis, different steps have been introduced in
this part:

In Step 1, the investment horizon is selected, which is one month in this study. After
one month, the investors evaluate the performance of their portfolios. After facing the
market downward trends, what would be the probability of recovering the loss in one
month? There are several alternatives: either the recovery is up to benchmark, which means
that the investors earn a full recovery, or the recovery benchmarks follow the next values:
75%, 50%, and 25%, respectively.

In Step 2, data is arranged into panels. Setting the data into panels will result in a more
precise and accurate analysis as compared to separate cross-sectional or time-series data.
According to the literature, there are several advantages of panel data. The main benefit of
using panel data is its ability to deal with heterogeneity, which makes it superior (Baltagi
2008). The second advantage of panel data is that it enables researchers to deal with a large
number of observations, and what is more, it also grants them the opportunity to make
better predictions (Dougherty 2011).

The third advantage of using panel data is to control the effect of omitted variables
(Wooldridge 1995). Most of the relationships are dynamic and it is not possible to reveal
dynamic relationships easily, so panel data allows us to adjust these dynamic behaviors in
a better way (Pakes and Griliches 1984). It also gives a greater degree of freedom and more
variability, which enables us to get a larger inference of parameters as defined in the model
(Hsiao 2022).

After the arrangement of data into panels, the data was again divided into several
periods, normally taking five years except for 2000–2001 and 2007–2009. These two periods
have different lengths because of the important events documented in them: in 2000, the
regime in United State was changed; in 2001, there was a terrorist attack in September. In
2007–2009, there was a financial global crisis that affected the financial markets adversely.
Consequently, these two periods are separately observed by using different period lengths.

In Step 3, ordinal logistic regression is used for the calculation of the probability by
using Sharpe and LPM ratios. Firstly, accumulative probability can be computed for each
category. In this study, four categories are used 25%, 50%, 75%, and 100% or full.

Pit =
eZit

1 + ezit (3)

where: Pit is the probability of ith case experiences the event of interest, Zit is the value of
the explanatory variable for the ith case.

Generally, the value Zi is an odd ratio which is calculated as follows:

Zit = βit + β1 X1it + β2 X2it + . . . . . . . . . . . . . . . + βp XPit (4)

where: x1it is the ith predictor for the ith the case for time t, βit is the ith beta coefficient
(slope parameters) for time t and P is the number of predictors.
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Specifically, the ordinal logistic model for the recovery in terms of Sharpe and LPM
ratio is as follows:

RECit = βit +β1 SRit + Uit (5)

RECit = βit +β1 LPMit + Uit (6)

where: RECit is recovery represented for the ith the case for time t, βit is the ith beta
coefficient (slope parameters) for time t and SRit and LPMit are the predictors.

The individual probability of each response category is calculated by using the differ-
ence between the cumulative probabilities.

In Step 4, the data is divided into different time frames from the following periods:
1995–1999, 2000–2004, 2005–2009, 2010–2014, and 2015–2020. For every time window, the
above procedure is followed to determine the recovery of loss during a particular time
horizon. There are four benchmarks introduced to assess the level of recovery of loss,
which are: full recovery; 75% recovery of the benchmark; 50% recovery of the benchmark;
and 25% recovery of the benchmark. If there is a high probability of recovery of the ratio
to its respective benchmark by taking the portfolio evaluation frequency for one month,
then it is confirmed that the investors of the United States are not experiencing a myopic
loss aversion; however, if there is no recovery of loss to its full level, then that means that
investors are experiencing a myopic loss behavior. According to the prospect theory, the
investors feel more pain of loss as compared to the gains in a particular period. Therefore,
in this period, the recovery of loss was important. If the recovery is high respective to its
benchmark it means that the investors did not show any panic and waited for the recovery,
thus they did not experience myopic behavior. On the other side, if the recovery is low,
the investor becomes panicked and starts selling and shows myopic behavior during that
period. Moreover, most investors’ myopic behavior makes the market adaptive.

4. Results and Discussion
Results for Recovery Probabilities Using Sharpe and LPM Ratio

The results are discussed in terms of the likelihood of recovery of ratios during a
specific time, which is one month in this study. Table 1 consists of panels A–F, which
gives the results related to the Sharpe ratio of six different stock types: Big–High Book-to-
Market Stocks, Small–Low Book-to-Market Stocks, Big–High Investment Stocks, Small–Low
Investment Stocks, Big–High Operating Profit Stocks, and Small–Low Operating Profit
Stocks. The data sample is divided into different sets of years, i.e., 1995–1999, 2000–2001,
2002–2006, 2007–2009, 2010–2014, and 2015–2020. Four benchmarks have been introduced
to determine the level of recovery: 25% recovery of benchmark; 50% recovery of benchmark;
75% recovery of benchmark; and 100% recovery of the benchmark. The levels are set to
find out if investors display myopic behavior or not. The cutoff point used in this study is
50%. In other words, investors will feel better off and less threatened at levels above 50% of
the recovery of wealth. This is an optimistic view with at least a 50% chance of recovery
in all periods. If the probability of recovery to any benchmark level is more than or equal
to 50%, it means that the investors did not show any panic and do not experience myopic
behavior. However, if the probability of recovery to any benchmark level is less than 50%,
this means that investors show myopic behavior and are ready to sell the stocks in a panic.
In this situation, most of the time, the market follows the adaptive market hypothesis.

By using the Sharpe ratio, the results for the average predicted probability to fully
recover investments to their benchmark levels for S&P-500 stocks during 1995–1999,
2002–2006, 2010–2014, and 2015–2020 time periods are 97.23%, 95.70%, 99%, and 98.34%,
respectively. During 2000–2001 and 2007–2009, the entire stock portfolio shows an average
predicted probability of recovery of 25% of the benchmark, which revolves around the
following levels: 95.6%, and 82.50%, respectively. The investors who are using the Sharpe
ratio for the evaluation of portfolios have less than a 10% chance of recovering 50% and
75% of the benchmark during the time.
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Panels A–F of Table 2 give the results of an average predicted probability to fully
recover the investment, by using the LPM ratio for all-stock portfolios during the 1995–1999,
2010–2014, and 2015–2020 timeframes. These average predicted probabilities are: 62.70%,
63.70%, and 98.06%, respectively. During 2000–2001, 2002–2006, and 2007–2009, for the
entire stock portfolio, Table 2 shows that the average predicted probability of recovery of
25% of the benchmark is 94.50%, 61.05%, and 96.04%, respectively. By using the LPM ratio,
investors are unable to achieve 25%, 50%, and 75% of the benchmark, but they do manage
to achieve full recovery after one month.

Table 1. Recovery Probabilities for Sharpe ratio of Six Types of Stocks for Different Time Periods.

Panel A: Recovery Probabilities for Sharpe Ratio of
Big–High Book-to-Market Stocks

Panel B: Recovery Probabilities for Sharpe Ratio of
Small–Low Book-to-Market Stocks

Benchmark Recovery (%) Benchmark Recovery (%)

Year 25 50 75 Full Year 25 50 75 Full

1995–1999 0.43 0.04 0.00 99.52 1995–1999 0.45 0.27 0.05 99.23

2000–2001 94.30 2.61 2.60 0.49 2000–2001 93.22 0.68 1.86 4.25

2002–2006 1.54 1.07 2.18 95.21 2002–2006 4.00 2.86 0.65 92.49

2007–2009 95.08 3.36 1.25 0.30 2007–2009 99.43 0.48 0.08 0.01

2010–2014 0.39 0.03 0.00 99.58 2010–2014 1.01 0.33 1.44 97.22

2015–2020 0.28 0.00 0.04 99.68 2015–2020 0.70 0.60 1.91 96.79

Panel C: Recovery Probabilities for Sharpe Ratio of
Big–High Investment Stocks

Panel D: Recovery Probabilities for Sharpe Ratio of
Small–Low Investment Stocks

Benchmark Recovery (%) Benchmark Recovery (%)

Year 25 50 75 Full Year 25 50 75 Full

1995–1999 0.75 0.00 0.40 98.85 1995–1999 0.74 0.35 0.59 98.32

2000–2001 96.44 2.38 0.78 0.39 2000–2001 96.31 1.64 0.82 1.23

2002–2006 2.04 0.75 1.48 95.74 2002–2006 1.08 0.34 0.43 98.15

2007–2009 96.96 1.65 0.93 0.45 2007–2009 99.92 0.0 0.01 0.00

2010–2014 0.17 0.04 0.04 99.76 2010–2014 0.28 0.06 0.15 99.51

2015–2020 1.00 0.33 0.45 98.23 2015–2020 2.00 1.80 1.20 95.00

Panel E: Recovery Probabilities for Sharpe Ratio of Big–High
Operating Profit Stocks

Panel F: Recovery Probabilities for Sharpe Ratio of
Small–Low Operating Profit Stocks

Benchmark Recovery (%) Benchmark Recovery (%)

Year 25 50 75 Full Year 25 50 75 Full

1995–1999 0.48 0.18 0.19 99.15 1995–1999 1.04 0.35 0.53 98.08

2000–2001 96.55 1.93 1.52 0.00 2000–2001 96.86 1.58 1.56 0.00

2002–2006 1.42 1.14 2.89 94.54 2002–2006 0.99 0.44 0.35 98.23

2007–2009 98.99 0.73 0.16 0.13 2007–2009 99.52 0.41 0.07 0.01

2010–2014 0.09 0.02 0.02 99.88 2010–2014 0.79 0.26 0.40 98.55

2015–2020 1.00 0.34 0.66 98.00 2015–2020 0.67 0.10 0.42 98.81

Thus, it is observed that by using the Sharpe ratio, the investors in the United States
do not display myopic loss aversion as they fully recovered losses between 1995 and 1999,
2002–2006, 2010–2014, and 2015–2020. During these periods, the investors remain calm,
composed, and are likely to continue with their previous strategy, and do not want to
sell stocks. From 2000 to 2001 and from 2007 to 2009, the investors display myopic loss
aversion, and they show panic in their behavior during this period. Thus, they start selling
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their stocks because there is no recovery of their losses during these periods. The results
for the LPM ratio are the same as in the Sharpe ratio during 2010–2020, a period in which
the markets are efficient, and investors are no more representing myopic behavior during
investment. It is observed that from 2000 to 2001, 2002 to 2006, and 2007 to 2009, the
investors display myopic loss behavior. The reasons for displaying such myopic behavior
during these periods are the 9/11 terrorist attacks in 2001 and Financial Global Crisis
in 2007–2008. In 2000–2001, the 9/11 terrorist attack on the United States also affected
the US economy negatively. Due to this, there was high uncertainty and volatility in the
market and investors were reluctant to make new investments in the US Stock Market.
Moreover, they already made investments in the stocks and other assets showed losses,
and it remained a challenge to show any substantial recovery in a considerable period.

Several studies show the same findings that after the 9/11 attacks, the New York Stock
Exchange become more volatile because of the high level of uncertainty and many key
market elements were damaged or destroyed in the attack. The economic loss was much
more than anything else at that period. Due to the sudden change, the profits of the firms
decreased, thus fueling the individual investor’s fear to invest because of high fluctuations
in the stock prices (Lacker 2004; Chen and Siems 2004; Nedelescu and Johnston 2005).

From 2007–2009, the financial global crisis also impacted economic activities adversely,
and many developed economies including the United States of America experienced
liquidity problems and recession that led ultimately to financial stress. In the financial
global crises, the investments by individual investors are also greatly decreased because of
the fear of an uncertain future (Olbrys 2021). Moreover, the results of the current findings
also coincide with the previous existing studies due to the behavioral biases; the investors
show contradictory behavior, and the market becomes adaptive (Blavatskyy and Pogrebna
2009). Furthermore, the results also show the same findings as shown by Lee and Veld-
Merkoulova (2016) that the investors who evaluate their investments more frequently are
likely to suffer less losses irrespective of any economic events.

Table 2. Recovery Probabilities for LPM ratio of Six Types of Stocks for Different Time Periods.

Panel A: Recovery Probabilities for LPM Ratio of Big–High
Book-to-Market Stocks

Panel B: Recovery Probabilities for LPM Ratio of Small–Low
Book-to-Market Stocks

Benchmark Recovery (%) Benchmark Recovery (%)

Year 25 50 75 Full Year 25 50 75 Full

1995–1999 96.68 0.77 0.69 1.85 1995–1999 56.03 6.11 3.85 34.01

2000–2001 78.78 5.78 3.11 12.33 2000–2001 97.90 0.53 0.51 1.07

2002–2006 89.09 0.00 1.53 9.38 2002–2006 1.87 0.51 0.51 97.11

2007–2009 87.60 3.79 2.22 6.39 2007–2009 99.57 0.06 0.09 0.27

2010–2014 26.54 3.00 2.76 67.70 2010–2014 29.68 4.46 3.94 61.92

2015–2020 5.02 0.91 0.88 93.20 2015–2020 2.00 0.27 0.25 97.49

Panel C: Recovery Probabilities for LPM Ratio of Big–High
Investment Stocks

Panel D: Recovery Probabilities for LPM Ratio of Small–Low
Investment Stocks

Benchmark Recovery (%) Benchmark Recovery (%)

Year 25 50 75 Full Year 25 50 75 Full

1995–1999 33.24 4.88 2.89 58.98 1995–1999 3.50 0.84 0.83 94.83

2000–2001 98.70 0.27 0.40 0.63 2000–2001 95.17 1.24 1.27 2.32

2002–2006 4.25 1.33 0.97 93.45 2002–2006 99.99 0.00 0.00 0.01

2007–2009 97.32 0.55 0.55 1.58 2007–2009 95.96 1.38 1.19 1.46

2010–2014 20.24 3.61 3.30 72.85 2010–2014 6.83 1.39 1.35 90.43

2015–2020 2.34 0.33 0.33 97.00 2015–2020 0.55 0.45 2.00 97.00
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Table 2. Cont.

Panel E: Recovery Probabilities for LPM Ratio of Big–High
Operating Profit Stocks

Panel F: Recovery Probabilities for LPM Ratio of Small–Low
Operating Profit Stocks

Benchmark Recovery (%) Benchmark Recovery (%)

Year 25 50 75 Full Year 25 50 75 Full

1995–1999 6.14 1.52 1.58 90.76 1995–1999 3.09 0.57 0.56 95.79

2000–2001 97.95 0.63 0.62 0.80 2000–2001 98.52 0.51 0.33 0.64

2002–2006 85.72 2.48 2.45 9.35 2002–2006 88.11 3.30 1.35 7.24

2007–2009 97.09 0.96 0.95 0.99 2007–2009 98.72 0.48 0.47 0.33

2010–2014 6.70 2.11 2.02 89.17 2010–2014 7.45 1.82 1.76 88.96

2015–2020 1.12 0.50 0.34 98.00 2015–2020 0.48 0.07 0.45 99.00

Tables 3 and 4 show the cumulative results by considering Table 1 (Sharpe ratio) and
Table 2 (LPM ratio). According to the recovery probabilities by using the Sharpe ratio,
the market becomes efficient during 1995–1999, 2002–2006, and 2010–2020 and myopic
behavior is not present during this period. However, during 2000–2001 and 2007–2009, the
market follows the adaptive market hypothesis and investors exhibit myopic loss aversion
behavior. By using the LPM ratio, from 1995 to 2009, the market follows the adaptive market
hypothesis; this means that the market is neither efficient nor inefficient. Between 2010
and 2020, the NYSE is less adaptive and more efficient, thus following the efficient market
hypothesis. The reasons for this are: firstly, the period from 2010 to 2020 is considered a
booming period in the history of the NYSE; secondly, during this period, profitable mergers
and acquisitions take place, which positively influences NYSE; lastly, in 2013, NYSE joined
the United Nations Sustainable Stock Exchange initiatives, which also positively influences
the NYSE and makes it more efficient; as opposed to its previous adaptive period from
1995 to 2009. The practical implications of the results give an understanding to the financial
analysts, investors, and policymakers related to the financial markets, especially when it
follows the efficient market hypothesis and when it follows the adaptive market hypothesis.
Moreover, these results also demonstrate how individual investors deal with the losses and
make better investment decisions.

Table 3. Overall results in terms of myopic loss aversion, Efficient Market Hypothesis, and Adaptive
Market Hypothesis by using Sharpe ratio.

Years Myopic Behavior Efficient Market
Hypothesis (EMH)

Adaptive Market
Hypothesis (AMH)

1995–1999 Myopic behavior is
not present Supported Not supported

2000–2001 Myopic behavior present Not Supported Supported

2002–2006 Myopic behavior is
not present Supported Not supported

2007–2009 Myopic behavior present Not Supported supported

2010–2014 Myopic behavior is
not present Supported Not supported

2015–2020 Myopic behavior is
not present Supported Not supported
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Table 4. Overall results in terms of myopic loss aversion, Efficient Market Hypothesis, and Adaptive
Market Hypothesis by using LPM ratio.

Years Myopic Behavior Efficient Market
Hypothesis (EMH)

Adaptive Market
Hypothesis (AMH)

1995–1999 Myopic behavior present Not supported supported

2000–2001 Myopic behavior present Not Supported Supported

2002–2006 Myopic behavior is
not present Supported Not supported

2007–2009 Myopic behavior present Not Supported supported

2010–2014 Myopic behavior is
not present Supported Not supported

2015–2020 Myopic behavior is
not present Supported Not supported

According to the overall results, the acceptance and rejection of the hypothesis in
terms of Sharpe and LPM ratio are presented in Table 5:

Table 5. Overall acceptance and rejection of Hypothesis.

Sharpe Ratio LPM Ratio

X The H1 is accepted for the periods
2000–2001 and 2007–2009. This means
that investors show myopic behavior,
and the market follows the adaptive
market hypothesis.

X During 1995–1999, 2002–2006, and
2010–2020, the market becomes efficient,
thus H1 is rejected in this case.

X The H1 is accepted for the periods
2000–2009. This means that investors
show myopic behavior, and the market
follows the adaptive market hypothesis.

X During 1995–1999 and 2010–2020, the
market becomes efficient, thus H1 is
rejected in this case.

5. Conclusions

Predictably, the share prices in financial markets are mispriced due to behavioral
influences. This study has attempted to determine the adaptiveness st of the US market by
using the proxy of myopic loss behavior. Investors make sound decisions by getting all
the knowledge available in and from the market; however, the financial behavioral theory
is contrary to the principle of conventional theory due to psychological influences and
their effect on trade decision making. This study particularly focuses on the premise that
generally, investors who are exposed to lose myopia start selling their stock when there is a
downward trend in the market.

The performance of portfolios is measured in terms of the Sharpe and LPM ratio.
Following this step, ordinal logistic regression is used for calculating the probability that
investors will recover 25%, 50%, 75%, or 100% of the ratios of their investments during the
specified time. The results show that for both Sharpe and LPM ratios from 2010 to 2020
a full recovery of losses can be noticed. This means that investors do not need to panic
in times of downward trends in the US market and that calmness may be a winning tool
for investors. Thus, we reject the theory of myopic loss aversion and the hypothesis. For
2000–2001, 2002–2006, and 2007–2009 we have shown that losses are not fully recovered,
hence the hypothesis is accepted during the recession and global financial crisis in the
United States.

Another conclusion drawn from this study is that New York Stock Exchange is consis-
tent with the adaptive market hypothesis during the following different periods: 1995–1999,
2000–2001, 2002–2006, and 2007–2009; after the downward trend, the U.S. market starts the
process of recovery of losses and investors show myopic behavior. Interestingly, the NYSE
is more efficient during the period from 2010–2020, and as such, it does not support the
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adaptive market hypothesis; this is due to the boom period faced by the NYSE, and several
mergers and acquisitions that have taken place on the NYSE that have pushed the market
towards increased efficiency.

This study helps to predict the probabilities of recovering past performance. It enables
investors to get a better understanding of the behavior necessary to obtain the best stock
returns and to devise profitable investment strategies according to market conditions. The
study has theoretical and practical implications for researchers, individual and institutional
investors, policymakers, and economic analysts. Theoretically, this study is a valuable
addition to Behavioral and Standard finance. The phenomenon of myopic loss aversion is
linked with the adaptive market hypothesis to determine whether the market is efficient
or adaptive. Moreover, the study provides insight into how to control emotions to avoid
further losses when there is a downward trend in the market.

The practical implication of this study included through AMH is that the profitability
of following a particular investment strategy produces cyclical profits or losses over time.
Similarly, another implication is that it allows one to view market efficiency as changing
over time. There are some limitations and recommendations for a future study, as this
study was limited to the New York Stock Exchange, which is a developed market; further
investigations may be done on other developed or developing countries. There was another
limitation in that the study was based on the Sharpe ratio and LPM ratio. Further research
will be conducted by using other performance measures such as the value-at-risk ratio, the
Sortino ratio, and the Treynor Index. Furthermore, this study used a one-month frequency
of data; future studies will also be based on daily, weekly, quarterly, or yearly data frequency.
Finally, other stock categories, such as momentum and growth, will also be tested in the
future as this study was only considering three stock categories.
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