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Since the 1980s, prospect theory has been considered as the most successful descriptive theory
for decision making. In this paper, we examine the predictive power of prospect theory in the
U.S. corporate bond market. The empirical evidence shows that prospect theory has significant
predictive power for corporate bond returns, especially for junk bond returns. Unlike the findings
for the stock market, the loss aversion component plays the most important role in predicting
corporate bond returns. The probability weighting component also plays a predictive role for
junk bonds, but not for investment-grade bonds.

© 2018 Elsevier B.V. All rights reserved.

1. Introduction

Kahneman and Tversky (1979) propose prospect theory and Tversky and Kahneman (1992) modify it into the known cumulative
prospect theory. Since then, prospect theory has been widely considered to be the most successful descriptive theory for decision
making. A number of studies have reported that prospect theory can explain some financial phenomena, such as the long-run
underperformance of initial public offerings (IPOs) (Ma and Shen, 2003), skewness of stock returns (Barberis and Huang, 2008),
inflation perceptions (Brachinger, 2008), stock option pricing (Gurevich et al., 2009), stock momentum (Menkhoff and Schmeling,
2006), and etc.

Benartzi and Thaler (1995) propose that investors evaluate the stock/bond market by calculating the prospect theory value of its
historical return distributions. Barberis et al. (2016) propose a stock-level analog of Benartzi and Thaler’s (1995) market-level model.
Their empirical evidence shows that prospect theory based on a stock’s historical return distributions has significant predictive power
for subsequent stock returns.

Although it has been shown that prospect theory has predictive power for stock returns, there is a paucity of studies implementing
prospect theory in the corporate bond market. This raises a natural question: Does prospect theory have predictive power in the
corporate bond market? Furthermore, unlike the stock market, institutional investors hold most of the investment-grade corporate
bonds, while individual investors play an important role in junk bonds.1 The different investors’ structure between the investment-
grade and junk bonds provides an ideal setting to test whether institutional investors make decisions differently from individual
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1 The Securities Industry and Financial Markets Association 2015 report shows that the total outstanding of U.S. corporate bond volume is about $8 trillion, among
which $6.2 trillion is in investment-grade bonds and $1.8 trillion is in junk bonds (Acciavatti et al., 2015). Becker and Ivashina (2015) report that insurance companies
hold around 70% of the newly-issued investment-grade bonds and less than 40% of junk bonds. Also, dealers may redistribute bonds to individual investors after
their issuance (e.g., Goldstein and Hotchkiss, 2007), there are still a significant proportion of the corporate bonds that are held by individual investors. Based on the
2014 Federal Reserve Board report, individual investors owned around 20% of the total outstanding corporate bonds. Since institution investors have stricter capital
requirements for bonds with lower ratings, we can infer that individual investors should hold much more than 20% of the junk bonds.
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investors. In this paper, we develop our hypotheses around these questions and test them by using both investment-grade and junk
bonds.

The essential concept of prospect theory is called ‘‘mental accounting’’ (Kahneman and Tversky, 1984; Thaler, 1985). It involves
the mental process of an investor in both coding and evaluating financial assets. For the process of coding a financial asset, the
historical return distribution is the most convenient, easily accessible, and intuitive information that investors can get when they
make investment decisions. As proposed by Benartzi and Thaler (1995), investors evaluate a corporate bond’s historical returns
through a mental mechanism that is captured by prospect theory.

To explain the rationality of this, we start by introducing two closely related concepts in cognitive psychology: System 1 and
System 2 thinking processes. In these two concepts of cognitive psychology, people follow a two-step mental procedure when making
decisions (Kahneman and Frederick, 2002). Stanovich and West (2000) named them as System 1 and System 2 thinking processes,
respectively. System 1 thinking is quick with little consciousness, and is basically pretty primitive. In contrast, System 2 thinking is
slower, more reflective, and acquire proficiency and skills. In the first step, people use System 1 thinking to make a quick, intuitive
judgment to a problem. There is little effort exerted in this step and it does not require the use of learned rules and skills. In the
second step, people use System 2 thinking to evaluate the judgment made in the first step and accept, revise, or override it.

Frederick (2005) uses an example of when people solve the cognitive reflection test problem: If it takes 5 machines 5 min to make
5 widgets, how long would it take 100 machines to make 100 widgets? An intuitive answer to this problem would be 100 min. The
thinking process that leads to this intuitive answer is System 1 thinking. A reevaluation of the answer will then recognize that the
original 5 machines are enough to make 100 widgets in 100 min. A more careful and elaborative calculation will then lead to the
correct answer of 5 min. The thinking process that reevaluates System 1 thinking and may override the incorrect answer from System
1 thinking with the correct answer is System 2 thinking.

System 1 thinking is mainly intuitive, while System 2 thinking is more sophisticated and requires related proficiency and skills.
Thus, some individual investors are likely to make decisions based on System 1 thinking, while the decisions of institutional investors
are more determined through System 2 thinking. Since prospect theory is a way of quantitatively measuring System 1 thinking,
individual investors who rely more on System 1 thinking are more likely to evaluate a bond according to prospect theory. This does
not mean that institutional investors’ evaluation procedure does not involve System 1 thinking. In fact, System 1 thinking often
involves the entire thinking process even if System 2 thinking also involves (e.g., Frederick, 2005). Therefore, we expect the prospect
theory value to have some predictive power for future bond returns, and the predictive power should be stronger for bonds in which
individual investors play a more active role, such as junk bonds.

The above discussion leads to the prediction that investors evaluate a bond by its historical return distributions through a mental
mechanism that is captured by prospect theory. If the prospect theory value of this bond is higher (lower), then this bond is attractive
(unattractive) to investors. Investors tend to tilt toward (away) this bond in their portfolios, causing the bond to be overvalued
(undervalued) and to earn lower (higher) future returns. In short, bonds with higher (lower) prospect theory value are attractive
(unattractive) to investors, which may cause them to be overvalued (undervalued) and hence earn lower (higher) future returns.

The prospect theory value we employ in this paper, which is constructed to quantitatively measure System 1 thinking, is a
transformation of a bond’s historical return distribution. It is constructed in a unique way to capture information in the full bond return
distribution, as opposed to other transformations like volatility, skewness, and etc. We show the specificity in the transformations
of the prospect theory value by controlling these variables. In addition, we consider the possibility that investors evaluate a bond
according to expected utility, instead of prospect theory. We find that the expected utility shows little predictive power for future
returns. Although this finding does not provide evidence against the expected utility function, it suggests that the prospect theory
value transfers the historical returns in a uniquely informative way that can capture investors’ evaluation process.

Investment-grade bonds and junk bonds are held by different investors, and the market behavior for them is totally different
(Avramov et al., 2007; Bao et al., 2011; Lin et al., 2013; Liu et al., 2009; Longstaff et al., 2005). The psychological biases in investment
behaviors typically affect individual investors more severely than institutional investors due to their lack of professionalism. Therefore,
we expect that the predictability of prospect theory should hold more strongly for bonds held by more individual investors, for
example, junk bonds.

In summary, our main empirical prediction is that a bond’s prospect theory value based on its historical return distributions
has predictive power for its future returns with a negative sign. This predictive power should be stronger for junk bonds in which
individual investors play a more important role.

We test our prediction using corporate bond data from January 1973 to December 2013. Both portfolio and regression analyses
show that bonds with higher (lower) prospect theory value will earn lower (higher) future returns. In other words, prospect theory
values can predict future returns. Our findings are robust to various specifications of prospect theory value and model specifications.
We also find that the predictive power is much stronger for junk bonds, where individual investors typically play a more important
role. This finding further supports our prediction that investors evaluate a bond according to its prospect theory value.

We also try to identify which aspect of prospect theory explains why some bonds are appealing to investors. We explore this
problem by looking at three embedded components of prospect theory: loss aversion, probability weighting, and concave/convex.
We find that unlike the findings for the stock market, the loss aversion component accounts for most of prospect theory’s predictive
power in the bond market, while the probability weighting component contributes to the predictability of prospect theory only for
junk bonds.

The corporate bond market is largely dominated by institutional investors. Barberis et al. (2001), Haigh and List (2005), and
Connell and Teo (2009) show that due to fear of being less respected by their peers, institutional investors are generally more
loss-averse than individual investors. The loss aversion of institutional investors explains why the loss aversion accounts for most
predictive power of prospect theory in bond market.
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The probability weighting component captures two types of investors’ demand: the lottery type and the insurance type. Gompers
and Metrick (2001), Frieder and Subrahmanyam (2005), and Kumar (2009) find that individual investors have a strong preference for
the lottery-type demand, while institutional investors lean toward insurance-type demand. On one hand, since individual investors
account for a much larger proportion of junk bonds holdings, it is natural to expect that the lottery-type demand is stronger for junk
bonds. On the other hand, the ‘‘floor’’ nature of bonds leads to little downside risk for investment-grade bonds. Since the downside risk
protection is the main resource where the insurance-type demand comes from Ilmanen (2012), this demand should be much greater
among junk bonds investors due to the default risks. Simultaneously considering these two types of demands, it is not surprising that
the probability weighting component contributes to the predictability of prospect theory for junk bonds only.

Our research is related to recent work by Bai et al. (2016), who examine the predictability of distributional characteristics,
such like volatility, skewness, kurtosis, and etc. for future bond returns. Their results suggest a significantly positive (negative) link
between volatility (skewness) and expected returns, and the findings are robust after controlling for transaction costs, liquidity, and
bond characteristics. In this paper, we examine the predictability of prospect theory for future bond returns after controlling bond
characteristics and return distribution characteristics, such as volatility, skewness, and etc. We also examine the robustness of our
results by accounting for transaction costs and at firm level, our findings remain unchanged.

The remainder of the paper is organized as follows. Section 2 presents the model and develops testable hypotheses. We describe
the data in Section 3. In Section 4, we examine the predictive power of prospect theory, as well as which aspect of prospect theory
accounts for the predictive power. Some robustness tests are discussed in Section 5, and Section 6 concludes.

2. Prospect theory value and hypothesis development

In the following Section 2.1, we describe the prospect theory value that is constructed based on a bond’s historical returns. In
Section 2.2, we develop four hypotheses on the predictive power of prospect theory.

2.1. Prospect theory value based on a bond’s historical return

We employ Barberis et al.’s (2016) model to construct a bond’s prospect theory value based on its past 60-month return.2 These
returns3 are sorted in an increasing order, which leads to a series of 𝑟𝑖. We assume n of these returns are negative, and the remaining
𝑚 = 60 − 𝑛 are positive. Applying Tversky and Kahneman’s (1992) value function, the prospect theory value based on a bond’s
historical returns can be calculated as:

𝑃𝑇𝑉 =
𝑚
∑

𝑖=−𝑛
𝐸(𝑟𝑖) ⋅ 𝜋𝑖, (1)
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with:

𝑓 (𝑝) =
𝑝𝛿

[𝑝𝛿 + (1 − 𝑝)𝛿]1∕𝛿
(4)

is known as the probability weighting function.
In the definition of the prospect theory value in Eqs. (1)–(4), there are three parameters, 𝜆, 𝛿, and 𝑐, corresponding to the three

components of prospect theory: loss aversion, probability weighting, and concave/convex. The loss aversion component is accounted
for by the coefficient of 𝜆 in Eq. (2). Specifically, a 𝜆 larger than 1 implies that the investor is more sensitive to losses than to gains of
the same magnitude, while a higher value of 𝜆 implies a greater sensitivity to losses. When 𝜆 = 1, the investor has no loss aversion,
that is, the investor is indifferent between the sensitivity of the same magnitude of losses and gains.

The second component, probability weighting, is reflected in Eqs. (3) and (4). Probability weighting captures the behavior of
investors who need to make a decision between an extremely large gain (loss) with small probability and a certain small gain (loss).
Investors tend to choose the former when facing potential gains, but to choose the latter when facing potential losses. For example,
investors tend to choose a gain of $1000 with a probability of 0.001 over a certain gain of $1, which is a lottery-type demand.
However, investors tend to choose a certain loss of $1 over a loss of $1000 with a probability of 0.001, which is an insurance-type
demand. A logit function like in Eq. (4) will overweight the extreme outcomes with small probability, which simultaneously reflects
the investors’ demand of extreme gains and avoidance of extreme losses. The parameter 𝛿 ∈ (0, 1) is used to control the magnitude of

2 Robustness checks show that the results do not change materially for other time windows.
3 We calculate PTV only when there is more than 10 months’ return within the past five years. When there is less than 60 months’ return, the PTV is calculated

based on available monthly returns.
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overweighting. The smaller 𝛿 is, the more overweighting of extreme outcomes. Setting 𝛿 = 1 leads to 𝑓 (𝑝) = 𝑝, which means that the
extreme outcomes will not be overweighted.

The third component is the concave/convex element, which is reflected in the value function of returns in Eq. (2). Note that
the value function in Eq. (2) is concave over gains and convex over losses. By varying the value of parameter 𝑐, we can control the
concavity/convexity of the value function. The smaller 𝑐 is, the larger concavity/convexity the value function has. Like the other two
parameters, setting 𝑐 = 1 leads to a linear value function, which means that the function has no concavity or convexity.

All three parameters need to be estimated before calculating the prospective theory value in Eq. (1). Researchers have estimated
these parameters through experiments. For the loss aversion parameter𝜆, Tversky and Kahneman (1992) estimate it to be 2.25 for
their median subject. Gonzalez and Wu (1999) and Abdellaoui (2000) use nonparametric methods and obtain similar estimates. This
means that investors have twice as much sensitivity to losses as to gains. The concave/convexity parameter 𝑐 estimated by Tversky
and Kahneman (1992) is around 0.88.

The probability weighting parameter 𝛿 in Eq. (4) has also been estimated. Due to loss aversion, investors tend to weight losses
relatively more than gains. According to this, 𝛿 should be larger for 𝑟𝑖 < 0 than it is for 𝑟𝑖 > 0. This is consistent with the findings
in Tversky and Kahneman (1992), Gonzalez and Wu (1999), and Abdellaoui (2000). In particular, Tversky and Kahneman (1992)
estimate 𝛿 to be 0.61 for gains and 0.69 for losses. Other studies have similar estimates (Abdellaoui, 2000; Gonzalez and Wu, 1999).

There are two reasons we use the parameter estimates from the experiments to calculate our prospect theory value for the bonds.
Firstly, we use experiments that do not have pre-assumptions on the type of financial markets to estimate the parameters. Secondly,
although many mechanisms for the cumulative prospect theory have been developed (e.g., Abdellaoui et al., 2007; Bleichrodt and
Pinto, 2000), the prospect theory parameters elicited via standardized computer tools are generally not suitable for investment
counseling (Erner et al., 2008). Therefore, we use the parameters obtained by Tversky and Kahneman (1992) as our start points.

2.2. Hypotheses development

In this section, we develop four testable hypotheses. We employ our first hypothesis to examine whether a bond’s prospect theory
value has predictive power for its future returns. Using both cross-sectional and time series analyses, researchers have found that
prospect theory value has predictive power for future stock returns (e.g., Barberis et al., 2016; Zhang and Semmler, 2009). Although
the correlation between stock and bond returns is time-varying and highly unstable (Campbell and Ammer, 1993; Gulko, 2002; Lan,
2008), stock and bond investors generally use the same mental process to evaluate financial assets. It is intuitive that bond investors
also evaluate bonds by their prospective theory values. If this is the case, investors tend to buy (sell) bonds with high (low) prospect
theory values, causing these bonds to become overvalued (undervalued) and earn low (high) future returns. In addition, Tversky and
Kahneman (1992) imply that bond investors evaluate a bond by its prospective utility. Based on these factors, we propose our first
hypothesis:

H1. Bonds with higher (lower) prospect theory values will earn lower (higher) future returns.
When investors face a problem, they first use intuitive thinking, or System 1 thinking. They next use System 2 thinking to

rethink/reevaluate the problem and their decision in a more complex way. System 1 thinking often involves the entire thinking
process (e.g., Frederick, 2005), while System 2 does not. Even if System 2 thinking is involved in the thinking process, it tends
to accept the conclusion from the System 1 thinking process, or to only slightly revise it. This implies that, although institutional
investors may be more likely to engage in System 2 thinking, System 1 thinking may still be involved when they evaluate a bond.

Many institutional investors are only allowed to invest in investment-grade bonds. Becker and Ivashina (2015) document that the
investment-grade bonds market is dominated by institutional investors. We thus propose our second hypothesis as:

H2. Prospect theory values can be predictive of both investment-grade and junk bonds’ subsequent returns, and the predictive power is stronger
for junk bonds.

We propose our third hypothesis to examine which components of prospect theory account for its predictive power. Barberis et
al. (2016) show that in the stock market the probability weighting component accounts for the predictive power of prospect theory,
while the loss aversion and concave/convex components do not contribute much. The investor composition of the corporate bond
market is significantly different from the stock market, and the three components may play different roles in it (Connell and Teo,
2009; Han and Zhou, 2013; Shapira and Venezia, 2001).

Institutional investors are generally more loss-averse than individual investors. Connell and Teo (2009) argue that the loss aversion
of institutional investors is mainly due to their self-esteem. Compared to individual investors, institutional investors care more about
whether they are viewed as ‘‘second rate’’ investors. This may cause them to be less respected by their peers and be a major reason
as to why they may be loss-averse (Barberis et al., 2001). This argument is supported by experimental studies, such as Haigh and List
(2005). According to above discussion, we propose our third hypothesis as:

H3. Among the three components of prospect theory, unlike the stock market, the predictive power of prospect theory mainly comes from its
loss aversion component.

Our fourth hypothesis is to compare the behavior of the probability weighting component between investment-grade and junk
bonds. The probability weighting component captures two types of investors’ demand: the lottery type and the insurance type.
Investors generally favor small opportunities for large gains, even though there is a general tendency for risk aversion. Investors
also have a tendency to try to avoid large losses. Gompers and Metrick (2001), Frieder and Subrahmanyam (2005), and Kumar
(2009) find that individual investors have a strong preference for the lottery-type demand, while institutional investors lean toward
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insurance-type demand. Since individual investors hold more of the junk bonds, it is natural to expect that the lottery-type demand
is stronger for junk bonds.

Ilmanen (2012) argues that the insurance-type demand mainly comes from downside risk protection. Obviously, downside risk is
much larger for junk bonds due to the default risks. The ‘‘floor’’ nature of bonds makes the downside risk of investment-grade bonds
so small that it can almost be ignored.

Simultaneously considering insurance-type and lottery-type demands for investment-grade and junk bonds leads to our final
hypothesis:

H4. The probability weighting component contributes significantly to the predictive power of prospect theory for junk bonds, but it does not
contribute for investment-grade bonds.

3. Data

Our U.S. corporate bond data are constructed from several sources: The Lehman Brothers Fixed Income (LBFI) database, the Merrill
Lynch database, National Association of Insurance Commissioners’ (NAIC) transaction data, the Trading Reporting and Compliance
Engine (TRACE), and Mergent’s Fixed Investment Securities Database (FISD). The sample covers from January 1973 to December
2013.

The Lehman database consists of monthly information on corporate and government debt issues in the U.S. from 1973 to March
1998. We include all U.S. corporate fixed-coupon bonds that are not backed by mortgages or other assets, and collect data on
month-end price, accrued interest, rating, amount outstanding, issue date, maturity date, provisions, and other characteristics for
these bonds. While most prices in the Lehman database reflect dealer quotes, some are ‘‘matrix’’ prices, which are derived from the
price quotes of bonds with similar characteristics. We only keep bonds with dealer quotes, as Sarig and Warga (1989) show that
matrix prices are less reliable than dealer quotes.

The Merrill Lynch database is retrieved from Datastream International. The bond price is an average price across all market makers
for the bond. We construct monthly bond returns from the month-end bond prices. We exclude non-U.S. dollar-denominated bonds,
as well as bonds with unusual coupons and backed by mortgages or other assets.

The TRACE database was established in July 2002 and covers the transactions of most publicly traded bonds since October 1,
2004. The current TRACE database contains the vast majority of corporate bond trades in the U.S. fixed-income market (Lin et al.,
2013). It includes the transaction data of publicly traded corporate bonds from July 2002 to December 2013. We use the CUSIP
Master File, which contains bond characteristics, to identify and eliminate non-U.S. dollar-denominated bonds and bonds backed by
mortgages or other assets. We follow the data cleaning procedure in Bessembinder et al. (2009) to eliminate canceled, corrected, and
commission trades.

We obtain all transaction data of publicly traded corporate bonds from January 1994 from the NAIC database, by life and property
and casualty insurance companies and health maintenance organizations (HMOs).

The FISD database includes issuance information for all fixed-income securities that have a CUSIP number and those likely to
receive one soon. It contains issue- and issuer-specific information such as coupon rate, issue date, maturity date, issue amount,
rating, and other bond characteristics for bonds maturing in 1990 or later. We exclude non-U.S. dollar-denominated bonds, as well
as bonds backed by mortgages or other assets.

The Lehman database contains monthly bond prices and returns. Datastream provides monthly gross bond price, which can be
used to calculate the monthly bond return. TRACE and NAIC are trade-based databases. For most bonds, the NAIC provides both the
clean and gross trading prices, whereas TRACE only provides the clean trading price.

To obtain monthly bond returns using the TRACE/NAIC data, we first compute daily bond prices as the trade size-weighted average
of intraday prices. Monthly holding period returns are then calculated using month-end prices as:

𝑟𝑡 =
(𝑃𝑡 + 𝐴𝐼𝑡) + 𝐶𝑡 − (𝑃𝑡−1 + 𝐴𝐼𝑡−1)

𝑃𝑡−1 + 𝐴𝐼𝑡−1
,

where 𝑃𝑡 is the price, 𝐴𝐼 𝑡 is accrued interest, and 𝐶𝑡 is the coupon payment, if any, in month t. We use the last day’s price of each
month to calculate the bond’s monthly return.4 If the price record does not fall on the last trading day of the month, we use the last
available price to calculate the return and rescale it to monthly return.

𝑟′𝑡 = 𝑟𝑡 ⋅
# 𝑜𝑓 𝑑𝑎𝑦𝑠 𝑓𝑜𝑟 𝑡ℎ𝑎𝑡 𝑚𝑜𝑛𝑡ℎ

# 𝑜𝑓 𝑑𝑎𝑦𝑠 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑙𝑎𝑠𝑡 𝑎𝑣𝑖𝑎𝑏𝑙𝑒 𝑝𝑟𝑖𝑐𝑒𝑠 𝑜𝑓 𝑡𝑤𝑜 𝑠𝑒𝑞𝑢𝑒𝑛𝑡𝑖𝑎𝑙 𝑚𝑜𝑛𝑡ℎ𝑠

We merge the Lehman, Datastream, TRACE, and NAIC data to form a long-span comprehensive return series from January 1973 to
December 2013. There are times when information on the same bond is covered in more than one source. To avoid double counting,
when returns for the same bond-month are available from more than one source, we only keep one return record for a bond for this
month using the following sequence: TRACE, NAIC, Lehman, and Datastream.5

To prevent the confounding effects of embedded options, we only keep straight bonds in our sample, and exclude bonds with any
provisions, such as callable, puttable, convertible, exchangeable, refundable, sinkable, and etc. If a firm defaults, only its monthly

4 In a robustness check, we calculate the return by interpolating the last price of the month and the first price of the following month, which is a commonly used
strategy to calculate returns (e.g., Lin et al., 2011). The results based on interpolating prices are similar. The results are omitted for brevity and available upon request.

5 Datastream data are generally perceived as not as high quality as other sources.
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Table 1
Variable definitions.

Variable Definition

PTV Prospect theory value based on a bond’s historical return distribution.
Coupon Coupon rate.
Size Bond issue size.
Rating The bond credit rating. It is coded in the following way: AAA-rated bonds are coded as 0, AA-rated bonds are coded as 1–3, A-rated bonds are

coded as 4–6, BAA-rated bonds are coded as 7–9, BA-rated bonds are coded as 10–12, B-rated bonds are coded as 13–15, CAA-rated bonds are
coded as 16–18, CA-rated bonds are coded as 19–20, and C-rated bonds and below are coded as 21.

TM Time to maturity of a bond.
REV Short-term reversal, the lagged monthly return
LTREV Long-term reversal, the cumulative return from month t -60 to t -13.
MOM Momentum, calculated as the cumulative return (in percent) from month t -12 to t -2.
VOL Volatility, calculated as the sample variance over the past five years’ monthly bond returns.
SK Skewness, calculated as the sample skewness over the past five years’ monthly bond returns.
IndSK Following Zhang (2006), cross-sectional skewness of bonds within an industry. All firms in the industry will be assigned the same industry

skewness. The 48 industries are defined following Fama and French (1993).
MKT Fama and French (1993) factor.
SMB Fama and French (1993) factor.
HML Fama and French (1993) factor.
DEF Following Amihud (2002), the DEF factor is calculated as the difference between yield to maturity on long-term BAA-rated and AAA-rated

bonds. The yield information is obtained from the Federal Reserve Board.
TERM Following Amihud (2002), the TERM factor is calculated as the difference between the yields on long-term Treasury bonds and three-month

Treasury bills. The yield information is obtained from the Federal Reserve Board.
LIQ Amihud’s (2002) liquidity risk measure.
MV Firm size, the market value of a firm’s equity.
PROFIT Following Fama and French (2008), profitability is calculated as the ratio of equity income to book equity.
STKMOM Stock’s momentum, calculated as the cumulative stock return from month t -12 to t -2.
STKREV Stock’s short-term reversal, the lagged monthly stock return (in percent).
STKIVOL Stock’s idiosyncratic volatility, calculated as the volatility of the stock’s daily idiosyncratic returns over month t -1 as in Ang et al. (2006).

returns before it defaults are kept in the sample. Since extreme bond prices may indicate recording errors, we winsorize prices
and returns using the 1st and 99th percentiles of the distribution each month. The final sample contains 1,393,225 bond-month
observations. Before January 1994, the number of bonds in each month is between 392 and 2946, while after January 1994, the
number of bonds in each month increases to between 974 and 9279.6

It is well known that bond characteristics such as coupon, rating,7 maturity, and issue size can be used to explain bond returns
(e.g., Green and Odegaard, 1997; Lin et al., 2013), so we include these bond characteristics as control variables in the analysis.

Traditional analysis of asset pricing based on expected utility suggests that a security whose future returns are expected to be
positively skewed will be ‘‘overpriced’’ and will earn a lower future return (Bali et al., 2011; Boyer et al., 2010; Chiang, 2016; Conrad
et al., 2013; Kumar, 2009). Further, skewness is a result of the probability weighting component. In fact, the correlation between
PTV and skewness is high in our sample. To avoid confounding effects, we include bond returns’ skewness and industry skewness as
control variables. Following Zhang (2006), we calculate each industry’s skewness8 and assign it to all firms in that industry.

Short-term reversal, long-term reversal, and momentum are known predictor for bond returns. Therefore, we also include these as
control variables. The short-term reversal is the lagged monthly return; the long-term reversal is calculated as the cumulative return
during month t-60 to t-13; and the momentum is the cumulative return during month t-12 to t-2.

Stocks and bonds are based on the same underlying firm assets, thus the factors that are important for stock returns are expected
to also help explain bond returns. Elton et al. (2001) show that the three Fama and French (1993) factors are important for corporate
bond pricing. Thus, we include the three Fama–French factors, MKT, SMB, and HML, in our analysis. In addition, the default and
term factors for bond return, DEF and TERM, are also included.9 Since liquidity risk is priced in the bond market (Lin et al., 2011),
we also include Amihud’s liquidity risk measure, LIQ, as a control variable in both our portfolio and regression analysis. Bai et al.
(2016) document the significant predictive power of volatility and skewness for corporate bond returns, so we include total volatility
and skewness-related variables as control variables. The detailed definitions of the variables are in Table 1.

Table 2 presents the summary statistics. Panel A reports the means and standard deviations of the variables for all samples,
investment-grade bonds, and junk bonds. The average size of the investment-grade bonds, $218.75 million, is significantly larger
than that of the junk bonds, which is $160.82 million. The average rating for the investment-grade (junk) bonds is about 4.27

6 Before January 1994, the average number of stale quotes for a given five-year window varies from 0.03% to 1.24%, with a mean of 0.4%. After January 1994,
the average number drops to 0% to 0.05%, with a mean of 0.03%.

7 In our analysis, the bond rating is coded in the following way: AAA-rated bonds are coded as 0, AA-rated bonds are coded as 1–3, A-rated bonds are coded as
4–6, BAA-rated bonds are coded as 7–9, BA-rated bonds are coded as 10–12, B-rated bonds are coded as 13–15, CAA-rated bonds are coded as 16–18, CA-rated bonds
are coded as 19–20, and C-rated bonds and below are coded as 21.

8 The 48 industries are defined following Fama and French (1993).
9 Following Amihud (2002), the DEF factor is calculated as the difference between yield to maturity on long-term BAA-rated and AAA-rated bonds, and the TERM

factor is calculated as the difference between the yields on long-term Treasury bonds and yields on three-month Treasury bills. The yield information for calculating
DEF and TERM is obtained from the Federal Reserve Board.
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Table 2
Data summary. This table presents the summary statistics. The sample period is from January 1978 to December 2013. Panel A reports time series means and standard
deviations. Panel B reports correlations among the variables over the sample period. PTV is the prospect theory value of a bond’s historical return distributions.
Size, Coupon, Rating, and TM are four characteristic variables, which are the market value (in millions), coupon rate, credit rating, and time to maturity of the bond,
respectively. REV is the short-term reversal, which is measured by the lagged monthly return (in percent). LTREV is the long-term reversal, which is calculated as the
cumulative return (in percent) from month t-60 to t-13. MOM is the momentum which is the cumulative return (in percent) from t-12 to t-2. SK is the skewness of the
past five years’ monthly bond returns. IndSK is the cross-sectional skewness of bonds within an industry. All firms in the same industry are assigned the same industry
skewness. The 48 industries are defined following Fama and French (1993). VOL is the return volatility, which is calculated as the sample variance of the past five
years’ monthly bond returns.

Panel A: Summary statistics

PTV Coupon Size Rating TM REV LTREV MOM SK IndSK VOL

All samples Mean −0.73 7.56 220.92 4.97 6.80 0.12 5.63 1.12 0.14 0.29 3.32
Std. Dev. 0.33 1.22 80.75 2.14 2.02 1.58 10.20 5.60 0.20 0.89 3.28

Investment-grade bonds Mean −0.74 7.40 218.75 4.27 6.86 0.11 6.06 1.14 0.15 0.30 2.87
Std. Dev. 0.35 1.29 82.48 1.73 2.37 1.58 10.35 5.60 0.20 0.90 2.91

Junk bonds Mean −0.66 8.29 160.82 13.78 6.42 0.14 3.20 0.98 0.15 0.29 3.26
Std. Dev. 0.31 1.18 92.08 2.37 2.62 1.56 11.64 5.85 0.34 0.83 3.24

Panel B: Correlation matrix

PTV Coupon Size Rating TM REV LTREV MOM SK IndSK

Coupon 0.10
Size −0.06 0.12
Rating 0.08 0.16 −0.21
TM −0.21 0.13 −0.06 0.05
REV 0.08 −0.09 −0.02 0.03 0.04
LTREV 0.13 −0.45 −0.12 0.01 0.01 0.06
MOM 0.17 −0.24 −0.07 0.04 0.04 0.00 0.11
SK 0.49 −0.08 −0.07 0.05 −0.03 0.03 0.12 0.08
IndSK 0.00 −0.02 −0.02 −0.01 −0.01 −0.05 0.02 0.01 0.01
VOL −0.36 0.07 0.00 0.15 0.52 0.05 0.02 0.08 0.08 −0.01

(13.78), which corresponds to rating between A+ and A (B+ and B). Panel B presents the correlations among the variables over the
sample period.10

The prospect theory value should be generally increasing with bond past returns and skewness due to the probability weighting
function,11 and generally decreasing with bond past volatility. The pairwise correlations in the column of PTV in Panel B are consistent
with these properties. Specifically, PTV is positively correlated with measures of past returns (REV, LTREV, MOM) and past skewness
(SK), and is negatively correlated with the measure of past return volatility (VOL). The correlations among other variables are mild.

4. Empirical results

In this section, we test our hypotheses using both portfolio and regression analysis. In Section 4.1, we perform univariate portfolio
analysis based on PTV. In Section 4.2, we perform multivariate portfolio analysis based on PTV and other predictors of bond returns.
Section 4.3 reports results of regression analysis. Section 4.4 investigates which aspects of prospect theory account for its predictive
power on future returns. In Section 4.5, we examine the predictive power of prospect theory for different maturity bonds.

4.1. Univariate portfolio analysis

At the start of each month, we sort all bonds into deciles based on their prospect theory values. The average value-weighted12

return of each decile portfolio over the subsequent month is then calculated. The excess return is the return in excess of the market
return.13 The three-factor alpha is the return adjusted by the three Fama–French factors. The five-factor alpha is the return adjusted
by three Fama–French factors and the TERM and DEF factors. The six-factor alpha is the return adjusted by the previous five factors
and LIQ. The characteristics-adjusted return is the return adjusted by the bond characteristic variables, which are size, rating, coupon,
and time to maturity.

The portfolio excess returns for investment-grade and junk bonds are plotted in Fig. 1, which clearly shows consistent declining
patterns. That is, the returns of the ten PTV portfolios decrease as we move from the lowest to the highest PTV portfolio.

Table 3 reports the results of the 10 PTV portfolios. Panels A–C present the results for the whole sample, investment-grade bonds,
and junk bonds, respectively. The right-most column in Panel A reports the average return of a portfolio that longs the bonds in the
lowest PTV decile and shorts the bonds in the highest PTV decile. All the differences between the lowest and highest PTV portfolios
are positive and significant at the 1% level. The results strongly support hypothesis H1, prospect theory has predictive power for
future bond returns.

10 We calculate the pairwise correlations of the variables for each month. Panel B of Table 2 reports the averaged correlations over time.
11 Probability weighting raises the prospect theory value of a positively skewed gamble (Barberis et al., 2016).
12 Using equal-weighted average returns generates similar results, which are available upon request.
13 The market return is calculated as the overall equal-weighted return of the corporate bond market portfolio.
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Fig. 1. PTV decile portfolio performance. This figure shows the average excess returns of 10 PTV decile portfolios for investment-grade and junk bonds. The sample
period is from January 1978 to December 2013.

As reported in Panels B and C of Table 3, most of the differences between the lowest PTV and highest PTV portfolios are
significantly larger for junk bonds than those for investment-grade bonds. This pattern can also be seen in Fig. 1, where the line
of the junk bonds is much steeper than that of the investment-grade bonds.

The results reported in Panels B and C of Table 3 and the pattern shown in Fig. 1 provide evidence that supports hypothesis
H2. The individual investors who contribute more in trading junk bonds rely more on System 1 thinking when evaluating a bond’s
performance.

Table 4 reports the summary statistics of the bond characteristics of each PTV portfolio. To calculate the summary statistics, we
first calculate the mean value of bond characteristic for each PTV portfolio for each month. Then the time series average of these
mean bond characteristics are computed, covering our full sample period from January 1978 to December 2013.

The results in Table 4 are generally consistent with the pairwise correlation reported in Table 2. The measures of historical returns
(REV, MOM) and historical skewness (SK) increase monotonically from the lowest to the highest PTV decile.

4.2. Multivariate portfolio analysis

PTV is correlated with some variables that are known predictors of bond returns, which causes a difficulty in disentangling the
effects of PTV and other predictors on bond returns. To see whether prospect theory has additional predictive power beyond that
provided by these predictors, in this subsection, we perform a series of double- and triple-sort tests. In Section 4.2.1, we test predictive
power of prospect theory based on portfolios that are sorted by PTV and another known predictor of bond returns. In Section 4.2.2,
we perform our tests based on portfolios that are sorted by PTV, volatility and skewness.

4.2.1. Double sorts
To control the effects of a correlated variable of PTV, for example, bond credit ratings, we first sort bonds into quintiles based

on their credit rating. Within each rating quintile, we again sort bonds into quintiles based on PTV.14 We denote 𝑟𝑖𝑗 as the portfolio
return of the i th quintile of credit rating and jth quintile of PTV. For each PTV quintile, we compute the average return across the
five rating quintiles as:

𝑟𝑗 =
1
5

5
∑

𝑖=1
𝑟𝑖𝑗 .

The average returns for each PTV quintile, 𝑟𝑗 , 𝑗 = 1,… , 5, are reported in Table 5 for both equal-weighted (EW) and value-weighted
(VW) returns. The Low–High rows of the table report the differences in returns between the lowest and the highest PTV quintiles
(i.e., 𝑟1−𝑟5). All the differences are positive and significant at the 5% level. These double-sort analysis results provide further assurance
for the predictive power of PTV on future bond returns, which we posit in hypothesis H1.

14 We also did independent sorting. The results are pretty similar. The results are available upon request.
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Table 3
Portfolio analysis. This table presents decile portfolio returns and alphas, sorted by PTV. PTV is the prospect theory value of a bond’s historical return distributions. For
each month, all the bonds are sorted into deciles based on PTV. We report the excess return, three-factor alpha, five-factor alpha, six-factor alpha, and characteristic-
adjusted returns calculated following Daniel et al. (1997). The three-factor alpha is the return adjusted by the three Fama–French factors. The five-factor alpha is the
return adjusted by the three Fama–French factors and the TERM and DEF factors. The six-factor alpha is the return adjusted by the three Fama–French factors and
the TERM, DEF, and LIQ factors. The characteristic-adjusted return is the return adjusted by the bond characteristic variables, size, coupon, rating, and maturity. The
rightmost column lists the average return of a difference portfolio that longs the bonds in the lowest decile and shorts the bonds in the highest decile. The portfolio
returns are value-weighted average returns. Panels A, B, and C report the results for all samples, investment-grade bonds, and junk bonds, respectively. The sample
period is from January 1978 to December T -statistics are reported in the parentheses. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels,
respectively.

Low PTV2 PTV3 PTV4 PTV5 PTV6 PTV7 PTV8 PTV9 High L-H

Panel A: All samples

Excess return 0.155*** 0.110*** 0.059** 0.037 0.011 0.001 −0.025 −0.049** −0.020 −0.027 0.182***

(3.98) (3.67) (2.29) (1.57) (0.52) (0.04) (−1.08) (−2.14) (−0.77) (−1.05) (3.91)

Three-factor alpha 0.151*** 0.094* 0.072 0.057 0.039 0.064** 0.053** 0.032 −0.001 −0.071** 0.222***

(2.44) (1.91) (1.49) (1.42) (1.23) (2.13) (2.09) (1.12) (−0.03) (−2.31) (3.09)

Five-factor alpha 0.088* 0.026 −0.001 −0.013 −0.009 0.022 0.027 0.024 −0.005 −0.092*** 0.180***

(1.66) (0.65) (−0.01) (−0.43) (−0.33) (0.85) (1.13) (0.83) (−0.14) (−3.03) (2.62)

Six-factor alpha 0.100* 0.036 0.007 −0.011 −0.011 0.020 0.022 0.016 −0.012 −0.097*** 0.197***

(1.87) (0.91) (0.18) (−0.36) (−0.43) (0.77) (0.90) (0.57) (−0.35) (−3.22) (2.89)

Characteristic-adjusted return 0.118*** 0.091*** 0.049*** 0.044*** −0.023 −0.033** −0.029* −0.057*** −0.050*** −0.062*** 0.180***

(4.35) (4.75) (2.83) (2.86) (−1.53) (−2.02) (−1.73) (−3.74) (−2.85) (−3.83) (3.79)

Panel B: Investment-grade bonds

Excess return 0.201*** 0.101** 0.018 −0.034 −0.061*** −0.096*** −0.086*** −0.123*** −0.100*** −0.052 0.253***

(3.31) (2.15) (0.52) (−1.19) (−2.55) (−4.16) (−3.41) (−4.08) (−3.33) (−1.58) (3.51)

Three-factor alpha 0.176 0.178 0.050 −0.054 −0.052 −0.010 0.068 −0.055 −0.010 −0.058 0.234***

(0.11) (0.13) (0.07) (0.05) (0.06) (0.06) (0.06) (0.07) (0.04) (0.08) (2.42)

Five-factor alpha 0.087 0.167 −0.021 −0.155 −0.108 −0.088 0.218 −0.184 0.011 −0.170 0.256**

(0.37) (0.23) (0.17) (0.08) (0.09) (0.12) (0.10) (0.19) (0.06) (0.17) (2.22)

Six-factor alpha 0.154 0.245 −0.012 −0.153 −0.104 −0.120 0.208 −0.236 −0.019 −0.140 0.293**

(0.37) (0.23) (0.17) (0.08) (0.09) (0.12) (0.11) (0.18) (0.06) (0.17) (1.98)

Characteristic-adjusted return 0.208*** 0.112*** 0.038** −0.007 −0.023 −0.066*** −0.055*** −0.087*** −0.067*** −0.053* 0.261***

(5.14) (3.68) (1.96) (−0.38) (−1.40) (−3.53) (−2.49) (−3.34) (−2.62) (−1.91) (6.85)

Panel C: Junk bonds

Excess return 0.282 −0.007 −0.060 −0.145** −0.158*** −0.225*** −0.284*** −0.356*** −0.394*** −0.143 0.425*

(1.59) (−0.08) (−0.32) (−2.20) (−2.58) (−3.38) (−3.59) (−3.60) (−4.56) (−1.07) (1.93)

Three-factor alpha 0.131 0.245 0.012 −0.069 −0.010 −0.030 0.001 −0.024 −0.004 −0.089 0.220***

(0.11) (0.12) (0.08) (0.06) (0.07) (0.05) (0.06) (0.07) (0.05) (0.08) (2.40)

Five-factor alpha 0.470 0.162 0.030 −0.279 −0.023 −0.101 0.113 −0.047 0.035 −0.171 0.641**

(0.28) (0.19) (0.17) (0.09) (0.13) (0.10) (0.10) (0.19) (0.07) (0.14) (1.96)

Six-factor alpha 0.477 0.193 0.023 −0.288 −0.040 −0.096 0.094 −0.096 0.015 −0.184 0.661**

(0.28) (0.20) (0.17) (0.09) (0.12) (0.10) (0.11) (0.18) (0.07) (0.14) (2.07)

Characteristic-adjusted return 0.405*** −0.029 0.121 0.057 −0.021 −0.069 0.017 −0.156* −0.262*** −0.079 0.485***

(3.89) (−0.39) (0.71) (0.73) (−0.29) (−1.01) (0.24) (−1.90) (−2.82) (−0.79) (3.21)

Table 4
Characteristics of PTV portfolios. This table presents the characteristics of decile portfolios based on PTV. For each month, bonds are sorted into deciles based on PTV.
PTV is the prospect theory value of a bond’s historical return distributions. Size, Coupon, Rating, and TM are four characteristic variables, which are the market value,
coupon rate, credit rating, and time to maturity of the bond, respectively. REV is the short-term reversal, which is measured by the lagged monthly return (in percent).
LTREV is the long-term reversal, which is calculated as the cumulative return (in percent). All other variables are defined as in Table 1.

Low PTV2 PTV3 PTV4 PTV5 PTV6 PTV7 PTV8 PTV9 High

PTV −1.570 −1.146 −0.957 −0.832 −0.729 −0.641 −0.556 −0.458 −0.328 −0.038
Coupon 7.276 7.318 7.316 7.335 7.355 7.454 7.550 7.695 7.825 8.157
Size 235.273 226.459 226.370 222.783 216.620 216.427 212.023 209.843 212.256 203.421
Rating 5.085 4.798 4.661 4.664 4.700 4.825 4.922 5.149 5.409 6.212
TM 9.821 8.686 7.534 6.901 6.514 6.153 5.728 5.633 5.760 6.383
REV −0.157 0.002 0.049 0.100 0.128 0.148 0.154 0.204 0.299 0.432
LTREV 3.314 4.351 5.714 6.552 6.680 6.592 6.119 6.504 6.198 6.713
MOM −0.176 0.492 0.799 0.885 1.077 1.250 1.400 1.803 2.148 2.550
SK −0.547 −0.286 −0.160 −0.042 0.082 0.198 0.318 0.435 0.624 1.155
IndSK 0.282 0.287 0.297 0.297 0.305 0.302 0.302 0.296 0.291 0.275
VOL 3.837 3.430 3.080 2.831 2.683 2.627 2.626 2.683 2.833 3.091
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Table 5
Double sorting. This table presents the results of double sorting analysis. For each month, the bonds are first sorted into quintiles based on one of the control variables
(Coupon, Rating, Size, TM, SK, IndSK, REV, LTREV, MOM, MV, VOL). Then within each quintile, bonds are sorted into quintiles based on PTV. The five PTV portfolios
are averaged across different control variable quintiles. We report the excess return of the five PTV portfolios, either equal-weighted (EW) or value-weighted (VW). The
Low–High rows report the difference in returns between the lowest and the highest PTV quintiles. Size, Coupon, Rating, and TM are four characteristic variables, which
are the market value, coupon rate, credit rating, and time to maturity of the bond, respectively. REV is the short-term reversal which is measured by the lagged monthly
return (in percent). LTREV is the long-term reversal, which is calculated as the cumulative return (in percent) from month t -60 to t -13. MOM is the momentum, which
is the cumulative return (in percent) from month t -12 to t -2. SK is the skewness of past five years’ monthly bond returns. IndSK is the cross-sectional skewness of bonds
within an industry. All firms in the same industry are assigned the same industry skewness. The 48 industries are defined following Fama and French (1993). MV is
the market value of equity in month t -1. VOL is the return volatility, which is calculated as the sample variance over the past five years’ monthly bond returns. The
sample period covers from January 1978 to December 2013. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively.

PTV Coupon Rating TM

EW T -Stat. VW T -Stat. EW T -Stat. VW T -Stat. EW T -Stat. VW T -Stat.

Low 0.115 3.33 0.142 2.79 0.084 2.41 0.124 2.40 0.106 2.93 0.128 2.57
PTV2 −0.012 −0.49 −0.022 −0.68 0.006 0.26 −0.045 −1.40 −0.026 −1.09 −0.048 −1.60
PTV3 −0.066 −3.31 −0.102 −3.86 −0.058 −3.06 −0.098 −3.68 −0.063 −3.18 −0.095 −3.73
PTV4 −0.091 −4.81 −0.132 −4.92 −0.081 −4.29 −0.122 −4.57 −0.085 −4.23 −0.122 −4.55
High −0.059 −3.04 −0.107 −3.74 −0.063 −3.12 −0.111 −3.79 −0.044 −2.02 −0.090 −3.13

Low–High 0.175*** 3.80 0.249*** 4.09 0.147*** 3.14 0.236*** 3.79 0.149*** 3.10 0.218*** 3.61

Size SK IndSK

Low 0.108 3.08 0.145 2.80 0.078 2.31 0.094 1.93 0.078 2.24 0.134 2.55
PTV2 −0.018 −0.80 −0.038 −1.22 −0.020 −0.86 −0.041 −1.38 0.009 0.38 −0.040 −1.23
PTV3 −0.059 −3.17 −0.111 −3.81 −0.046 −2.43 −0.090 −3.74 −0.067 −3.43 −0.096 −3.50
PTV4 −0.083 −4.62 −0.147 −5.41 −0.075 −4.15 −0.112 −4.20 −0.088 −4.59 −0.137 −5.01
High −0.061 −2.98 −0.106 −3.59 −0.049 −2.34 −0.118 −4.19 −0.046 −2.19 −0.087 −3.04

Low–High 0.169*** 3.67 0.252*** 4.02 0.128*** 2.78 0.212*** 3.70 0.124*** 2.60 0.221*** 3.53

REV LTREV MOM

Low 0.042 1.38 0.073 1.56 0.072 2.11 0.142 2.81 0.043 1.65 0.092 2.04
PTV2 −0.010 −0.47 −0.036 −1.19 0.015 0.61 −0.039 −1.15 −0.002 −0.10 −0.039 −1.38
PTV3 −0.043 −2.33 −0.066 −2.41 −0.064 −3.45 −0.089 −3.39 −0.044 −2.52 −0.088 −3.57
PTV4 −0.061 −3.36 −0.111 −4.31 −0.084 −4.42 −0.135 −5.03 −0.060 −3.47 −0.124 −4.92
High −0.040 −2.17 −0.085 −3.26 −0.050 −2.47 −0.098 −3.50 −0.049 −2.63 −0.093 −3.54

Low–High 0.082** 2.11 0.158*** 3.01 0.122*** 2.65 0.240*** 4.00 0.093*** 2.80 0.185*** 3.85

MV VOL

Low 0.081 2.22 0.144 2.73 0.022 0.93 0.053 1.56
PTV2 0.011 0.44 −0.042 −1.31 0.004 0.17 −0.040 −1.53
PTV3 −0.067 −3.51 −0.099 −4.03 −0.038 −1.90 −0.074 −2.63
PTV4 −0.088 −4.36 −0.127 −4.63 −0.051 −2.64 −0.098 −3.62
High −0.050 −2.29 −0.098 −3.35 −0.049 −2.49 −0.102 −3.78
Low–High 0.131*** 2.64 0.242*** 3.84 0.072** 2.04 0.155*** 3.81

4.2.2. Triple sorts
Since prospect theory is a way of characterizing a bond’s historical return distribution, PTV may correlate with other moments

like volatility and skewness. In order to examine whether PTV captures the explanatory power of volatility and skewness, or it
has additional predictive power beyond that provided by volatility and skewness, we conduct a series of triple-sort tests. We first
independently sort bonds into quintiles based on volatility and skewness.15 Within each volatility × skewness portfolio, we again
sort bonds into quintiles based on PTV. We denote 𝑟𝑖𝑘𝑗 as the portfolio return of the ith quintile of volatility, kth quintile of skewness,
and jth quintile of PTV. For each PTV quintile, we compute the average return across the 25 volatility × skewness portfolios as:

𝑟𝑗 =
1
25

∑

𝑖,𝑘
𝑟𝑖𝑘𝑗 .

The average returns for each PTV quintile, 𝑟𝑗 , 𝑗 = 1,… , 5, are then reported in Table 6. As in Table 3, we report the excess return,
three- and five-factor alphas, and characteristic-adjusted return for both the equal-weighted (EW) and value-weighted (VW) returns.
The Low–High rows of the table that report 𝑟1 − 𝑟5 show that all the differences between the lowest and the highest PTV quintiles are
positive and significant at the 5% level. This indicates that PTV has additional explanatory power for future returns beyond volatility
and skewness.

15 We also sort the bonds into higher half and lower half groups, or three groups based on the breakpoints for the bottom 30%, middle 40%, and top 30% of
volatility and skewness. The results do not change materially. The results are available upon request.
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Table 6
Triple sorting. This table presents results of triple sorting analysis. For each month,
the bonds are first independently sorted into quintiles based on volatility and skew-
ness. Within each volatility × skewness portfolio, bonds are again sorted into quin-
tiles based on PTV. We report the excess return, three- and five-factor alphas, and
characteristic-adjusted returns for both equal-weighted (EW) and value-weighted
(VW) returns. The three-factor alpha is the return adjusted by the three Fama–
French factors. The five-factor alpha is the return adjusted by the three Fama–
French factors and the TERM and DEF factors. The six-factor alpha is the return
adjusted by the three Fama–French factors and the TERM, DEF, and LIQ factors.
The characteristic-adjusted return is the return adjusted by the bond characteristic
variables, size, coupon, rating, and maturity. The Low–High rows report the differ-
ence in returns between the lowest and the highest PTV quintiles. The sample pe-
riod covers from January 1978 to December 2013. *, **, and *** indicate statistical
significance at the 10%, 5%, and 1% levels, respectively.

PTV Excess return

EW T -Stat. VW T -Stat.

Low 0.024 1.06 0.036 1.03
PTV2 −0.020 −1.09 −0.042 −1.48
PTV3 −0.031 −1.71 −0.060 −2.43
PTV4 −0.047 −2.74 −0.097 −3.84
High −0.037 −1.84 −0.104 −3.71

Low–High 0.061** 1.97 0.140*** 3.47

3-factor alpha

Low 0.122 1.71 0.074 1.29
PTV2 0.043 0.65 0.003 0.05
PTV3 −0.032 −0.51 0.008 0.14
PTV4 −0.069 −1.15 −0.100 −1.71
High −0.122 −1.95 −0.145 −2.39

Low–High 0.243*** 5.33 0.219*** 5.44

5-factor alpha

Low 0.082 1.13 0.088 1.52
PTV2 −0.017 −0.26 −0.019 −0.32
PTV3 −0.088 −1.40 −0.027 −0.47
PTV4 −0.120 −1.97 −0.136 −2.29
High −0.157 −2.49 −0.170 −2.76

Low–High 0.239*** 5.15 0.258*** 6.33

Characteristic-adjusted return

Low 0.085 6.13 0.090 4.80
PTV2 0.018 2.59 0.010 0.91
PTV3 −0.015 −2.72 −0.014 −1.34
PTV4 −0.039 −5.28 −0.053 −3.81
High −0.049 −4.06 −0.083 −4.61
Low–High 0.134*** 5.55 0.173*** 5.32

4.3. Regression analysis

In this subsection, we employ the Fama–MacBeth regression methodology to test our hypotheses. The results are reported in
Table 7. Each column corresponds to a different model specification, which includes different control variables. Panel A reports the
results for the whole sample, while Panels B and C present the results for investment-grade bonds and junk bonds.

The results in Panel A of Table 7 show that PTV retains significant predictive power even after we control variables the known
predictors of bond returns.16 These results further support hypothesis H1 that prospect theory has predictive power.

The results in Panels B and C of Table 7 lead to similar conclusions. The coefficients for PTV are negative and significant for
both investment-grade and junk bonds, even after controlling bond characteristic, skewness, and other predictors of bond returns. In
addition, the coefficients of PTV for junk bonds are much larger than the coefficients for investment-grade bonds. In other words,
PTV has more explanatory power for junk bonds. This result provides strong support for hypothesis H2.

Overall, the evidence strongly supports our hypothesis H1 and H2 that bonds with higher prospect theory values will on average
earn lower future returns. The predictive power is much stronger for junk bonds than that for investment-grade bonds.

16 We perform the robustness test of replacing credit rating by the Merton ‘‘distance to default’’ variable, and the results do not change materially. Since the distance
to default variable can only be estimated for publicly listed firms, the sample size is much smaller.
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Table 7
Fama–MacBeth regression analysis. This table represents results of Fama–MacBeth regressions. PTV is the prospect theory value of a bond’s historical return distribu-
tions. Each column corresponds to a different regression model, which includes different control variables. Size, Coupon, Rating, and TM are four characteristic variables,
which are the market value, coupon rate, credit rating, and time to maturity of the bond, respectively. REV is the short-term reversal, which is measured as the lagged
monthly return (in percent). LTREV is the long-term reversal, which is calculated as the cumulative return (in percent) from month t -60 to t -13. MOM is the momentum,
which is the cumulative return (in percent) from month t -12 to t -2. VOL is the return volatility, which is calculated as the sample variance of the past five years’ monthly
bond returns. SK is the skewness of past five years’ monthly bond returns. IndSK is the cross-sectional skewness of bonds within an industry. All firms in the same
industry are assigned the same industry skewness. The 48 industries are defined following Fama and French (1993). Panels A, B, and C report the results for all samples,
investment-grade bonds, and junk bonds, respectively. The sample period covers from January 1978 to December 2013. All the t -statistics in parentheses are Newey–
West adjusted with 12 lags. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively.

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

Panel A. All samples

PTV −0.149*** −0.117*** −0.163*** −0.126*** −0.107*** −0.198*** −0.208***

(−4.91) (−4.39) (−5.24) (−4.71) (−4.21) (−3.68) (−3.85)

Rating 0.138*** 0.143*** 0.130*** 0.127*** 0.133*** 0.113*** 0.108***

(4.03) (4.19) (3.85) (3.88) (4.13) (3.63) (3.46)

Coupon 0.224*** 0.196*** 0.256*** 0.210*** 0.216*** 0.175*** 0.171***

(4.30) (3.82) (4.83) (3.83) (4.09) (3.51) (3.45)

TM 0.538 0.388 0.472 0.205 0.076 0.032 0.060
(1.16) (0.92) (1.05) (0.53) (0.22) (0.10) (0.19)

Size −0.019* −0.005 −0.019* −0.009 0.000 0.002 0.003
(−1.85) (−0.48) (−1.93) (−1.00) (0.00) (0.18) (0.37)

REV −0.050*** −0.059*** −0.074*** −0.074***

(−2.99) (−4.03) (−5.99) (−6.12)

LTREV −0.031*** −0.016* −0.016** −0.015*

(−2.98) (−1.88) (−1.98) (−1.85)

MOM −0.608 −0.753 −0.988** −1.036**

(−1.51) (−1.54) (−2.16) (−2.30)

VOL 0.268*** 0.311***

(2.47) (2.70)

SK −0.032
(−0.47)

IndSK −0.019
(−1.08)

𝑅2 0.18 0.25 0.19 0.22 0.28 0.31 0.32

Panel B. Investment-grade bonds

PTV −0.166*** −0.140*** −0.178*** −0.150*** −0.133*** −0.111** −0.124**

(−5.70) (−5.27) (−6.00) (−5.66) (−5.18) (−2.04) (−2.29)

Rating 0.180*** 0.180*** 0.170*** 0.157*** 0.156*** 0.138*** 0.124***

(4.71) (4.69) (4.49) (4.31) (4.31) (3.79) (3.33)

Coupon 0.241*** 0.206*** 0.258*** 0.231*** 0.229*** 0.190*** 0.189***

(4.23) (3.73) (4.68) (3.76) (4.03) (3.47) (3.49)

TM 0.348 0.242 0.281 0.045 −0.028 −0.257 −0.192
(0.74) (0.56) (0.62) (0.11) (−0.08) (−0.78) (−0.59)

Size −0.011 0.001 −0.011 −0.002 0.006 0.007 0.009
(−1.28) (0.09) (−1.37) (−0.20) (0.83) (0.94) (1.08)

REV −0.054*** −0.065*** −0.092*** −0.093***

(−3.11) (−4.30) (−8.16) (−8.32)

LTREV −0.031*** −0.014 −0.009 −0.009
(−2.92) (−1.60) (−1.10) (−1.08)

MOM −0.618 −1.026* −1.234*** −1.286***

(−1.40) (−1.80) (−2.35) (−2.49)

VOL 0.015 0.047
(0.15) (0.44)

SK 0.053
(0.76)

IndSK −0.034*

(−1.81)

𝑅2 0.19 0.26 0.20 0.24 0.30 0.32 0.33

Panel C: Junk bonds

PTV −0.211*** −0.175*** −0.235*** −0.186*** −0.183*** −0.098*** −0.142***

(−3.17) (−2.54) (−3.31) (−3.10) (−2.79) (−2.44) (−2.51)

Rating 0.297*** 0.223* 0.245** 0.411*** 0.382*** 0.160 0.119
(2.78) (1.91) (2.23) (3.58) (2.74) (1.58) (0.94)

Coupon 0.529 0.367 0.440 0.577 0.409 −0.130 −0.176
(1.32) (0.95) (1.08) (1.39) (1.02) (−0.70) (−0.78)

(continued on next page)
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Table 7 (continued)

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

TM 2.230*** 3.267*** 2.123*** 1.936*** 3.259** 0.510 0.486
(3.20) (2.54) (3.03) (2.49) (2.07) (0.47) (0.41)

Size 0.375 0.322 0.387 0.869* 0.873 0.508 0.601
(0.62) (0.46) (0.60) (1.92) (1.45) (0.93) (0.93)

REV −0.131*** −0.125*** −0.068*** −0.069***

(−4.15) (−3.36) (−2.74) (−2.63)

LTREV −0.098** −0.023 −0.063 −0.024
(−2.01) (−0.63) (−0.83) (−0.28)

MOM −2.857*** −2.869*** −1.584*** −1.302**

(−3.61) (−2.64) (−2.46) (−2.18)

VOL 0.391* 0.371*

(1.79) (1.78)

SK 0.452
(1.38)

IndSK −0.017
(−0.36)

𝑅2 0.21 0.27 0.23 0.25 0.32 0.38 0.40

4.4. Components of prospect theory

To further investigate which aspects of prospect theory make a bond appealing or unappealing, we do analysis for each of the
three PTV components. We first examine which of the three components contributes the most to PTV ’s predictive power: loss aversion
(LA), probability weighting (PW ), or concave/convex (CC). Table 8 reports the Fama–MacBeth regression results of the LA, PW, and
CC components, along with their combinations (LACC, LAPW, and CCPW ) for all samples, investment-grade bonds, and junk bonds,
respectively.

The LA corresponds to the prospect theory variable where only the loss aversion component is featured. This is equivalent to setting
𝑐 and 𝛿 to 1.0 while keeping 𝜆 = 2.25 in Eqs. (2) and (4). Similarly, PW or CC corresponds to the prospect theory variables where the
corresponding parameter is kept as it is in the baseline model while setting the other parameters to 1.0. LAPW corresponds to the
prospect theory variable that features both the loss aversion and probability weighting components. This prospect theory variable is
obtained by setting 𝑐 = 1 while keeping 𝛿 and 𝜆 as they are in the baseline model. Similarly, LACC and PWCC are obtained by setting
𝛿 or 𝜆 to 1 while keeping other parameters as they are in the baseline model.

The results in Panel A of Table 8 show that the negative value of the PTV mainly comes from the loss aversion component (LA).
The combinations related to loss aversion (LACC and LAPW ) are also negative.

Panels B1–B3 of Table 8 report the Fama–MacBeth regressions results for the whole sample, investment-grade bonds, and junk
bonds, respectively. To be concise, we only report the regression results of the comprehensive model specification, which includes
all control variables. Each column corresponds to a prospect theory variable that consists of a component or a combination of two
components. The column of PTV corresponds to the results reported in the Model 7 of Table 7, and serves as the baseline model. In
the other six columns, one or two components are featured, while the other component(s) are ‘‘turned off’’.

The results in the first row of Panel B1 of Table 8 show that the loss aversion component contributes the most to the predictive
power of prospect theory. The four significant coefficients in the first row all correspond to prospect theory variables that involve
loss aversion (LA, LACC, LAPW, and PTV ). The other three coefficients corresponding to prospect theory variables that loss aversion
has been turned off (PW, CC, and CCPW ) are all insignificant. One standard deviation increase in LA is associated with about a 2.6%
return decrease, while one standard deviation increase in LAPW and LACC is associated with about a 3.2% and 1.9% return decrease,
respectively.17 If we turn off the LA component, prospect theory loses its predictive power. This evidence supports hypothesis H3
that loss aversion accounts for most of the predictive power of PTV in the bond market.

Panels B2 and B3 of Table 8 reports the results for investment-grade and junk bonds. The results provide evidence that supports
hypothesis H4. Specifically, the PW component behaves differently for investment-grade bonds and junk bonds. The PW component
has significant predictive power for junk bond returns, but has little predictive power for investment-grade bond returns. As discussed
above, junk bonds have more individual investors and higher default risk than investment-grade bond, which induces stronger lottery-
type and insurance-type demands. This helps explain why the PW component has significant predictive power for junk bond returns.

In summary, in contrast to the previous findings for the stock market, the LA component of prospect theory plays the most
important role in predicting future bond returns. Moreover, the PW component also plays an important role in predicting junk bonds’
future returns.

4.5. Predictive power for different maturity bonds

In this section, we perform both portfolio and Fama–MacBeth regression analysis for short-, medium-, and long-maturity bonds.
Bonds that have less than five years’ time to maturity are classified into the short-maturity buckets, bonds that have more than ten
years’ time to maturity are classified into the long-maturity buckets, and those with five to ten years’ time to maturity are classified
into the medium-maturity buckets.

17 Standardized regression results are omitted for brevity and are available upon request.
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Table 8
Fama–MacBeth regressions for different PTV components. This table reports the Fama–MacBeth regression results of different components of the prospect theory value.
LA is the loss aversion component. PW is the probability weighting component. CC is the convexity/concave component. Panel A reports the mean and standard
deviation of each component for all samples, investment-grade bonds, and junk bonds. Panels B1–B3 report the regression coefficients for different components for all
samples, investment-grade bonds, and junk bonds, respectively. The sample period is from January 1978 to December All the t -statistics in parentheses are Newey–West
adjusted with 12 lags. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively.

Panel A: Summary statistics

PTV LA PW CC LAPW LACC CCPW

All samples Mean −0.73 −0.69 0.08 0.01 −0.83 −0.65 0.05
Std. Dev. 0.33 0.35 0.09 0.07 0.40 0.30 0.07

Investment-grade bonds Mean −0.74 −0.66 0.07 0.01 −0.80 −0.63 0.05
Std. Dev. 0.35 0.38 0.07 0.07 0.43 0.33 0.06

Junk bonds Mean −0.66 −0.72 0.17 0.10 −0.71 −0.52 0.13
Std. Dev. 0.31 0.31 0.17 0.12 0.37 0.27 0.14

Panel B: Regression results

PTV LA PW CC LAPW LACC CCPW

Panel B1: All samples

PT Comp −0.208*** −0.191*** 0.097 0.037 −0.158*** −0.219*** 0.108
(−3.85) (−3.85) (1.51) (0.60) (−3.83) (−3.87) (1.40)

Rating 0.108*** 0.110*** 0.108*** 0.104*** 0.109*** 0.109*** 0.108***

(3.46) (3.49) (3.45) (3.32) (3.48) (3.47) (3.42)

Coupon 0.171*** 0.177*** 0.177*** 0.183*** 0.167*** 0.180*** 0.180***

(3.45) (3.53) (3.61) (3.72) (3.39) (3.57) (3.66)

TM 0.060 0.052 −0.025 0.008 0.050 0.061 −0.018
(0.19) (0.16) (−0.08) (0.02) (0.16) (0.19) (−0.06)

Size 0.003 0.003 0.002 0.003 0.003 0.003 0.003
(0.37) (0.38) (0.27) (0.31) (0.35) (0.40) (0.30)

REV −0.074*** −0.075*** −0.074*** −0.076*** −0.074*** −0.075*** −0.075***

(−6.12) (−6.12) (−6.15) (−6.29) (−6.11) (−6.15) (−6.20)

LTREV −0.015* −0.014* −0.012 −0.013* −0.014* −0.014* −0.012
(−1.85) (−1.73) (−1.52) (−1.65) (−1.84) (−1.75) (−1.54)

MOM 0.037 0.037 0.023 0.027 0.036 0.040 0.025
(0.13) (0.13) (0.08) (0.09) (0.12) (0.14) (0.09)

VOL 0.311*** 0.312*** 0.333*** 0.331*** 0.305*** 0.317*** 0.333***

(2.70) (2.77) (3.24) (3.23) (2.62) (2.84) (3.24)

SK −0.032 −0.144*** −0.025 −0.183*** −0.006 −0.165*** −0.055
(−0.47) (−2.55) (−0.32) (−3.11) (−0.09) (−2.92) (−0.74)

IndSK −0.019 −0.019 −0.016 −0.018 −0.019 −0.019 −0.017
(−1.08) (−1.06) (−0.89) (−1.01) (−1.06) (−1.09) (−0.93)

𝑅2 0.32 0.32 0.32 0.32 0.32 0.32 0.32

Panel B2: Investment-grade bonds

PT Comp −0.124** −0.131*** 0.077 −0.011 −0.151*** −0.152*** 0.079
(−2.29) (−2.50) (1.00) (−0.16) (−3.37) (−2.54) (0.87)

Rating 0.124*** 0.124*** 0.123*** 0.113*** 0.119*** 0.122*** 0.120***

(3.33) (3.34) (3.32) (3.08) (3.22) (3.31) (3.26)

Coupon 0.189*** 0.196*** 0.201*** 0.209*** 0.186*** 0.199*** 0.205***

(3.49) (3.60) (3.79) (3.94) (3.47) (3.65) (3.85)

TM −0.192 −0.173 −0.100 −0.075 −0.101 −0.163 −0.093
(−0.59) (−0.52) (−0.30) (−0.23) (−0.31) (−0.49) (−0.28)

Size 0.009 0.009 0.007 0.007 0.008 0.009 0.007
(1.08) (1.07) (0.88) (0.86) (1.05) (1.09) (0.89)

REV −0.093*** −0.091*** −0.079*** −0.080*** −0.087*** −0.091*** −0.080***

(−8.32) (−8.16) (−6.38) (−6.53) (−7.70) (−8.22) (−6.43)

LTREV −0.009 −0.008 −0.010 −0.011 −0.011 −0.008 −0.010
(−1.08) (−0.95) (−1.31) (−1.37) (−1.43) (−0.96) (−1.30)

MOM 0.089 0.105 0.182 0.179 0.134 0.107 0.185
(0.27) (0.32) (0.56) (0.56) (0.42) (0.33) (0.57)

VOL 0.047 0.087 0.343*** 0.337*** 0.194 0.095 0.343***

(0.44) (0.82) (3.12) (3.06) (1.63) (0.91) (3.10)

SK 0.053 −0.121** 0.036 −0.189*** 0.063 −0.152*** −0.002
(0.76) (−2.00) (0.45) (−3.06) (0.87) (−2.51) (−0.03)

IndSK −0.034* −0.034* −0.034* −0.033* −0.034* −0.035* −0.034*

(−1.81) (−1.82) (−1.76) (−1.79) (−1.83) (−1.84) (−1.79)

𝑅2 0.33 0.33 0.34 0.34 0.33 0.33 0.34

(continued on next page)
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Table 8 (continued)

Panel B: Regression results

PTV LA PW CC LAPW LACC CCPW

Panel B3: Junk bonds

PT Comp −0.142*** −0.195*** −0.203*** 0.160 −0.125*** −0.254*** −0.314***

(−2.51) (−3.16) (−2.47) (1.59) (−2.52) (−3.30) (−2.46)

Rating 0.119 0.219* 0.305*** 0.186* 0.288*** 0.225* 0.249**

(0.94) (1.77) (2.40) (1.68) (2.39) (1.82) (2.22)

Coupon −0.176 0.367 0.382 0.369 0.321 0.408 0.363
(−0.78) (0.85) (0.91) (0.79) (0.80) (0.93) (0.84)

TM 0.486 2.548* 0.983 1.769 2.582** 2.381* 1.192
(0.41) (1.84) (0.80) (1.20) (2.09) (1.68) (0.92)

Size 0.601 −0.163 −0.608 −0.625 0.085 −0.111 −0.655
(0.93) (−0.20) (−0.92) (−0.76) (0.11) (−0.13) (−0.93)

REV −0.069*** −0.102*** −0.070*** −0.093*** −0.102*** −0.098*** −0.080***

(−2.63) (−3.27) (−2.70) (−3.00) (−3.82) (−3.19) (−2.85)

LTREV −0.024 0.005 −0.006 −0.016 0.021 −0.002 −0.017
(−0.28) (0.08) (−0.12) (−0.27) (0.40) (−0.02) (−0.31)

MOM −1.302** −2.761*** −3.031*** −2.719*** −2.708*** −2.683*** −2.906***

(−2.18) (−3.45) (−2.98) (−3.23) (−3.11) (−3.44) (−3.08)

VOL 0.371* −0.078 −0.020 −0.198 −0.040 −0.072 −0.063
(1.78) (−0.22) (−0.05) (−0.51) (−0.12) (−0.20) (−0.16)

SK 0.452 0.041 0.460 −0.034 0.497* −0.043 0.438
(1.38) (0.15) (1.20) (−0.12) (1.78) (−0.14) (1.24)

IndSK −0.017 0.024 0.027 −0.006 0.058 0.016 0.014
(−0.36) (0.42) (0.34) (−0.10) (0.80) (0.28) (0.19)

𝑅2 0.40 0.38 0.38 0.38 0.38 0.38 0.38

Panels A and B of Table 9 report the results of the portfolio and regression analyses. All Low–High portfolio returns are significantly
positive at the 5% level for all maturity buckets, and the average L–H portfolio return is much larger for junk bonds. This result supports
our conclusion that PTV has predictive power for various maturity buckets, and the predictive power is much stronger for junk bonds.

5. Robustness tests

In this section, we use five types of additional tests to examine the robustness of our results. First, we reconstruct the PTV by
using different time windows, different reference points, different parameters for probability weighting and loss aversion, different
probability weighting function, skip one month between the PTV construction and portfolio return calculation. Second, we test
whether the PTV is a uniquely informative transformation in predicting future return. Third, we test whether PTV retains its predictive
power after we include some bond issuer information in the regression. Fourth, we test whether PTV has predictive power after
accounting for transaction costs. Lastly, we test whether our results hold at the firm level.

5.1. Reconstruction of PTV

5.1.1. Varying Windows for constructing PTV
In the preceding tests, we use the past five years’ monthly returns to construct the prospect theory value for each bond. We

reconstruct the PTV based on past three-, four-, and six-year windows to see whether our main conclusion still holds.
The results in Table 10 show that portfolio returns generally decrease from the lowest to the highest PTV portfolio, regardless of

the constructing window. The right-most column shows that the returns of the Low–High portfolio are positive and significant for all
windows.

In Table 11, we only provide the results of the most comprehensive model specification. Similar conclusions can be drawn from
the regression robust checks. We find that prospect theory has significant predictive power regardless of the constructing windows,
and the predictive power is much stronger for junk bonds.

5.1.2. Alternative reference points
When calculating the value function in Eq. (2), we need to specify the reference point of the returns. Typically, the reference point

is cash (which associates with the raw returns), the risk-free rate (which associates with the return in excess of the risk-free rate), or
the market return (which associates with the return in excess of the market return).

When investors evaluate a bond, they observe its past raw returns, as well as overall market performance. Therefore, we use the
return in excess of the market return to calculate a bond’s prospect theory value and present the results in previous tables. The market
return is calculated as the equal-weighted return of the corporate bond market portfolio. In Tables 10 and 11, we also present results
when using alternative reference points, such as the raw return or the return in excess of the risk-free rate. Following Barberis et al.
(2016), we also use the bond’s whole sample period mean return as an alternative reference point because when investors evaluate
a bond, they are likely to compare its recent returns with its overall performance.
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Table 9
Different maturity buckets. This table reports portfolio and regression analysis results in various maturity buckets. Bonds with time to maturity less than five years are
classified into short buckets, those with time to maturity more than 10 years are classified into long buckets, and other bonds are classified into medium buckets. The
sample covers from January 1978 to December 2013. All the t -statistics are Newey–West adjusted with 12 lags. *, **, and *** indicate statistical significance at the 10%,
5%, and 1% levels, respectively.

Panel A: Portfolio analysis

Low PTV2 PTV3 PTV4 PTV5 PTV6 PTV7 PTV8 PTV9 High L-H

Al
ls

am
pl

e

Short 0.019 −0.016 −0.106*** −0.103*** −0.138*** −0.157*** −0.174*** −0.168*** −0.155*** −0.112*** 0.131**

(0.36) (−0.38) (−2.99) (−2.95) (−4.21) (−4.87) (−5.19) (−4.63) (−4.51) (−3.15) (2.06)

Medium 0.171*** 0.115*** 0.046 −0.025 −0.014 −0.067 −0.058 −0.046 −0.029 −0.026 0.198***

(3.08) (2.35) (1.06) (−0.58) (−0.32) (−1.60) (−1.56) (−1.14) (−0.75) (−0.64) (3.00)

Long 0.259*** 0.210*** 0.116 0.114 0.047 0.029 0.022 0.073 0.056 0.098 0.161**

(3.22) (2.65) (1.50) (1.46) (0.60) (0.40) (0.28) (1.00) (0.79) (1.24) (2.14)

In
ve

st
m

en
t-

gr
ad

e
bo

nd
s Short 0.020 −0.040 −0.060 −0.078** −0.101*** −0.152*** −0.134*** −0.156*** −0.138*** −0.120*** 0.140***

(0.45) (−0.94) (−1.50) (−2.10) (−2.97) (−4.73) (−4.16) (−4.00) (−4.19) (−3.41) (2.52)

Medium 0.203*** 0.131*** 0.070 0.011 −0.003 −0.012 −0.030 −0.020 −0.033 −0.030 0.232***

(3.60) (2.61) (1.58) (0.24) (−0.07) (−0.31) (−0.80) (−0.48) (−0.87) (−0.72) (3.64)

Long 0.269*** 0.156** 0.167** 0.086 0.119 0.109 0.090 0.083 0.081 0.113 0.157**

(3.28) (2.01) (2.15) (1.11) (1.47) (1.44) (1.16) (1.18) (1.09) (1.43) (1.98)

Ju
nk

bo
nd

s Short 0.545* −0.148 0.481 −0.196 −0.187 −0.167** −0.352*** −0.305*** −0.285*** −0.087 0.632***

(1.92) (−0.99) (0.80) (−1.24) (−1.41) (−2.29) (−4.01) (−3.20) (−3.41) (−0.69) (2.59)

Medium 0.263 0.013 −0.270** −0.351** −0.104 −0.211** −0.021 −0.128 −0.410*** −0.214 0.476**

(1.59) (0.10) (−2.11) (−2.09) (−1.05) (−2.18) (−0.22) (−1.09) (−3.28) (−1.06) (2.16)

Long 0.041 −0.187 −0.143 −0.056 −0.111 −0.108 −0.162 −0.262* −0.169 −0.189 0.230***

(0.32) (−1.53) (−1.32) (−0.59) (−0.90) (−1.15) (−0.77) (−1.67) (−1.29) (−1.24) (2.55)

Panel B: Fama–MacBeth regression

PTV Rating Coupon TM Size REV LTREV MOM VOL SK IndSK

Al
ls

am
pl

e

Short −0.222*** 0.089*** 0.186*** 0.874 0.001 −0.077*** −0.005 0.064 0.459*** −0.131** −0.017
(−3.23) (3.22) (3.94) (1.00) (0.19) (−5.71) (−0.62) (0.20) (2.93) (−2.13) (−0.91)

Medium −0.195*** 0.172*** 0.103 −0.839 0.011 −0.136*** 0.057 −0.274 0.198** 0.164 0.006
(−3.48) (3.78) (1.31) (−0.95) (0.79) (−14.75) (1.06) (−0.90) (2.03) (1.58) (0.21)

Long −0.151*** 0.102* 0.036 −1.247** 0.075* −0.095*** −0.001 −0.820 0.144 −0.314 0.229
(−2.75) (1.87) (0.26) (−2.24) (1.73) (−5.78) (−0.01) (−1.55) (0.66) (−1.06) (−1.45)

In
ve

st
m

en
t-

gr
ad

e
bo

nd
s Short −0.150** 0.114*** 0.195*** 0.123 0.003 −0.085*** −0.004 0.179 0.419*** −0.260*** −0.028

(−2.03) (3.53) (3.81) (0.14) (0.50) (−6.23) (−0.48) (0.52) (2.49) (−3.90) (−1.57)

Medium −0.071* 0.160*** 0.036 −0.559 0.014 −0.157*** 0.065 −0.466 0.245*** −0.401*** 0.008
(−1.75) (2.75) (0.48) (−0.62) (1.13) (−15.94) (1.06) (−1.44) (2.64) (−4.07) (0.22)

Long −0.086* 0.492*** −0.201 −0.356 0.056 −0.107*** −0.110 −1.389 0.106 −0.703*** −0.277
(−1.69) (2.46) (−1.25) (−0.64) (1.30) (−5.88) (−0.90) (−1.50) (0.58) (−2.86) (−1.18)

Ju
nk

bo
nd

s Short −0.229 0.228 0.146 −0.189 2.945*** −0.059*** −0.091 0.685 0.675*** −0.442 0.030
(−3.71) (1.29) (0.79) (−1.54) (2.48) (−1.33) (−0.63) (0.59) (3.17) (−1.51) (0.59)

Medium −0.123 0.203* −0.226 −0.208 0.125 −0.154*** −0.124* −1.512*** 0.079 0.613** 0.020
(−3.36) (1.86) (−0.88) (−0.13) (1.04) (−13.56) (−1.79) (−2.75) (0.65) (1.96) (0.44)

Long −0.117 0.302** 0.436 −2.195** 0.265 −0.033*** 0.056 −1.405*** −0.169 0.090 −0.111
(−2.12) (1.97) (0.68) (−2.32) (1.03) (−1.76) (0.74) (−3.54) (−0.61) (0.22) (−1.62)

The portfolio analysis and regression analysis results lead to similar conclusions, which again supports our hypothesis H1 and H2.
Prospect theory has significant predictive power regardless of the reference points, and the predictive power is much stronger for
junk bonds.

5.1.3. Varying loss aversion and probability weighting parameters
The preceding results show that the loss aversion (LA) and probability weighting (PW ) components play important roles in

explaining the predictive power of PTV.
We vary the parameters 𝜆 and 𝛿 to see whether PTV retains its predictive power under different magnitudes of loss aversion and

probability weighting. We first reconstruct the PTV by changing the loss aversion parameter 𝜆 from 2 to 2.5, while the probability
weighting and concavity/convexity parameters remain the same as before. Parallel tests are also performed to examine when varying
the probability weighting parameter 𝛿. The results show that the predictive power of prospect theory remains steady for different 𝜆
and 𝛿 values. Regardless of the different 𝜆 and 𝛿 values, prospect theory retains its significant predictive power, and the predictive
power is much stronger for junk bonds.

5.1.4. Alternative probability weighting functions
We employ the most commonly used form of the probability weighting function in Eq. (4), which is proposed by Tversky and

Kahneman (1992) as a logit function. Several alternative functional forms of the probability weighting function have been proposed,
such as a linear form, a power form, and variations of the logit form (e.g., Goldstein and Einhorn, 1987; Wu and Gonzales, 1996).
Stott (2006) studies the behavior of these alternative forms and finds that an exponential form offered by Prelec (1998) generally
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Table 10
Robustness through portfolio analysis. This table presents results for robust checks of decile portfolio excess returns sorted by PTV. The rightmost column reports excess
returns for the low minus high PTV portfolio. We did six kinds of robustness tests: (1) different construct windows; (2) different reference points; (3) different loss
aversion parameters; (4) different probability weighting parameters; (5) probability weighting function; and (6) skip one month. Panels A, B, and C report the results
for all samples, investment-grade bonds, and junk bonds, respectively. The sample period is from January 1978 to December 2013. T -statistics are reported in the
parentheses. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively.

Low PTV2 PTV3 PTV4 PTV5 PTV6 PTV7 PTV8 PTV9 High L-H

Panel A: All samples

Co
ns

tr
uc

t
w

in
do

w

Past 3 years 0.164*** 0.079* 0.014 −0.045* −0.056** −0.105*** −0.112*** −0.104*** −0.092*** −0.045 0.210***

(2.83) (1.78) (0.43) (−1.68) (−2.29) (−4.30) (−4.26) (−3.56) (−2.88) (−1.22) (2.72)

Past 4 years 0.193*** 0.106** 0.002 −0.055** −0.091*** −0.112*** −0.119*** −0.113*** −0.113*** −0.042 0.235***

(3.18) (2.32) (0.05) (−2.10) (−3.58) (−4.75) (−4.57) (−3.81) (−3.43) (−1.23) (3.14)

Past 6 years 0.211*** 0.093** −0.011 −0.032 −0.075*** −0.127*** −0.134*** −0.140*** −0.107*** −0.058* 0.269***

(3.35) (1.99) (−0.33) (−1.09) (−2.84) (−4.90) (−4.94) (−4.41) (−3.60) (−1.69) (3.90)

Al
te

rn
at

iv
e

re
fe

re
nc

e
po

in
t

Cash 0.207*** 0.082* 0.016 −0.021 −0.075*** −0.091*** −0.131*** −0.141*** −0.086*** −0.103*** 0.310***

(3.44) (1.92) (0.47) (−0.73) (−2.69) (−3.67) (−4.93) (−4.46) (−2.33) (−2.69) (4.13)

Risk-free rate 0.208*** 0.065 0.028 −0.019 −0.066*** −0.124*** −0.112*** −0.126*** −0.080** −0.092*** 0.299***

(3.49) (1.54) (0.77) (−0.63) (−2.50) (−4.88) (−3.99) (−4.05) (−2.20) (−2.42) (4.07)

Sample mean 0.265*** 0.120*** 0.059 0.023 −0.041* −0.090*** −0.117*** −0.171*** −0.171*** −0.211*** 0.476***

(3.98) (2.53) (1.51) (0.75) (−1.69) (−3.57) (−4.24) (−5.39) (−4.69) (−4.97) (5.35)

Lo
ss

av
er

sio
n 𝜆 = 2.0

0.176*** 0.109*** −0.020 −0.060** −0.088*** −0.108*** −0.117*** −0.127*** −0.105*** −0.040 0.216***

(2.91) (2.41) (−0.57) (−2.27) (−3.49) (−4.31) (−4.20) (−4.25) (−3.46) (−1.20) (3.01)

𝜆 = 2.5
0.198*** 0.124*** −0.030 −0.055** −0.084*** −0.095*** −0.124*** −0.146*** −0.092*** −0.073** 0.272***

(3.15) (2.56) (−0.87) (−2.07) (−3.48) (−3.90) (−4.56) (−4.91) (−2.97) (−2.29) (3.60)

Pr
ob

ab
ili

ty
w

ei
gh

tin
g 𝛿 = 0.31∕0.39

0.188*** 0.091* 0.008 −0.056* −0.069*** −0.095*** −0.117*** −0.121*** −0.125*** −0.093*** 0.281***

(3.13) (1.86) (0.23) (−1.89) (−2.75) (−4.06) (−4.44) (−4.38) (−4.25) (−3.24) (3.97)

𝛿 = 0.91∕0.99
0.183*** 0.046 0.008 −0.061** −0.086*** −0.095*** −0.117*** −0.146*** −0.112*** −0.032 0.216***

(3.05) (1.03) (0.24) (−2.26) (−3.32) (−4.07) (−4.12) (−4.84) (−3.52) (−0.89) (2.95)

Probability weighting function 0.180*** 0.037 −0.001 −0.079*** −0.070*** −0.099*** −0.109*** −0.117*** −0.086*** −0.041 0.221***

(3.06) (0.91) (−0.04) (−2.78) (−2.69) (−3.78) (−3.86) (−4.06) (−2.86) (−1.07) (3.20)

Skip one month 0.121*** 0.058 −0.031 −0.093*** −0.090*** −0.102*** −0.094*** −0.131*** −0.110*** −0.055* 0.176***

(2.33) (1.27) (−0.95) (−3.63) (−3.80) (−3.67) (−3.26) (−4.34) (−3.57) (−1.71) (2.85)

Panel B: Investment-grade bonds

Co
ns

tr
uc

t
w

in
do

w

Past 3 years 0.198*** 0.076* 0.025 −0.010 −0.068*** −0.075*** −0.079*** −0.097*** −0.084*** −0.037 0.236***

(3.38) (1.73) (0.76) (−0.36) (−2.96) (−3.35) (−3.12) (−3.57) (−2.62) (−0.99) (3.07)

Past 4 years 0.207*** 0.088* 0.037 −0.049* −0.058** −0.097*** −0.091*** −0.107*** −0.089*** −0.034 0.241***

(3.45) (1.94) (1.06) (−1.80) (−2.31) (−4.46) (−3.63) (−3.87) (−2.75) (−0.99) (3.31)

Past 6 years 0.219*** 0.088* 0.017 −0.023 −0.066*** −0.091*** −0.121*** −0.110*** −0.095*** −0.045 0.264***

(3.56) (1.93) (0.47) (−0.77) (−2.72) (−3.82) (−4.59) (−3.51) (−3.25) (−1.31) (3.86)

Al
te

rn
at

iv
e

re
fe

re
nc

e
po

in
t

Cash 0.192*** 0.088** 0.049 −0.019 −0.051* −0.065*** −0.118*** −0.118*** −0.066* −0.092*** 0.284***

(3.17) (2.06) (1.34) (−0.66) (−1.85) (−2.78) (−4.52) (−3.78) (−1.78) (−2.37) (3.75)

Risk-free rate 0.180*** 0.064 0.064* −0.004 −0.051* −0.095*** −0.084*** −0.114*** −0.057 −0.066* 0.246***

(3.05) (1.54) (1.69) (−0.12) (−1.92) (−4.17) (−2.97) (−3.67) (−1.61) (−1.71) (3.37)

Sample mean 0.225*** 0.152*** 0.047 0.038 −0.020 −0.089*** −0.093*** −0.140*** −0.185*** −0.164*** 0.389***

(3.39) (3.11) (1.20) (1.32) (−0.84) (−3.56) (−3.19) (−4.51) (−5.23) (−4.00) (4.41)

Lo
ss

av
er

sio
n 𝜆 = 2.0

0.193*** 0.088* 0.012 −0.032 −0.063*** −0.089*** −0.094*** −0.119*** −0.104*** −0.040 0.233***

(3.27) (1.94) (0.36) (−1.10) (−2.80) (−3.73) (−3.70) (−4.02) (−3.40) (−1.18) (3.33)

𝜆 = 2.5
0.215*** 0.093* 0.018 −0.041 −0.051** −0.084*** −0.097*** −0.137*** −0.081*** −0.063* 0.278***

(3.50) (1.94) (0.51) (−1.46) (−2.20) (−3.59) (−3.93) (−4.66) (−2.66) (−1.95) (3.78)

Pr
ob

ab
ili

ty
w

ei
gh

tin
g 𝛿 = 0.31∕0.39

0.185*** 0.088* 0.024 −0.049* −0.051** −0.070*** −0.099*** −0.089*** −0.109*** −0.080*** 0.265***

(3.18) (1.85) (0.70) (−1.66) (−2.22) (−3.03) (−3.86) (−3.42) (−3.90) (−2.68) (3.88)

𝛿 = 0.91∕0.99
0.198*** 0.051 0.039 −0.050* −0.044* −0.075*** −0.083*** −0.124*** −0.116*** −0.035 0.233***

(3.38) (1.15) (1.18) (−1.72) (−1.80) (−3.20) (−3.20) (−4.16) (−3.57) (−0.96) (3.34)

Probability weighting function 0.181*** 0.033 0.014 −0.027 −0.041* −0.068*** −0.090*** −0.101*** −0.084*** −0.054 0.235***

(3.13) (0.82) (0.44) (−1.01) (−1.83) (−2.70) (−3.34) (−3.47) (−2.67) (−1.44) (3.48)

Skip one month 0.128*** 0.044 0.001 −0.078*** −0.069*** −0.085*** −0.078*** −0.098*** −0.084*** −0.051 0.179***

(2.48) (1.03) (0.03) (−2.87) (−2.94) (−3.19) (−2.85) (−3.30) (−2.68) (−1.56) (2.94)

Panel C: Junk bonds

Co
ns

tr
uc

t
w

in
do

w

Past 3 years 0.227 −0.241*** −0.211*** −0.205*** −0.262*** −0.267*** −0.049 −0.244*** −0.362*** −0.144 0.371**

(1.62) (−2.33) (−2.36) (−2.55) (−2.61) (−3.06) (−0.37) (−3.10) (−3.75) (−1.16) (2.04)

Past 4 years 0.320* −0.131 −0.337*** −0.201*** −0.273*** −0.301*** −0.050 −0.355*** −0.294*** −0.076 0.396*

(1.81) (−0.83) (−3.55) (−2.38) (−2.72) (−3.66) (−0.37) (−3.55) (−3.20) (−0.61) (1.80)

(continued on next page)
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Table 10 (continued)

Low PTV2 PTV3 PTV4 PTV5 PTV6 PTV7 PTV8 PTV9 High L-H

Past 6 years 0.194 −0.219** 0.014 −0.294*** −0.218*** −0.045 −0.189*** −0.245*** −0.321*** −0.169 0.363*

(1.51) (−2.15) (0.07) (−2.45) (−2.49) (−0.30) (−2.38) (−2.55) (−3.49) (−1.12) (1.92)

Al
te

rn
at

iv
e

re
f.

po
in

t Cash 0.509*** 0.068 −0.154* −0.429*** −0.317*** −0.338*** −0.365*** −0.148 −0.420*** 0.023 0.487*

(2.65) (0.62) (−1.66) (−4.86) (−3.75) (−3.69) (−5.89) (−0.91) (−4.65) (0.15) (1.76)

Risk-free rate 0.620*** −0.146 −0.224*** −0.328*** −0.415*** −0.248*** −0.256*** −0.233*** −0.247*** −0.116 0.735***

(2.97) (−1.22) (−2.69) (−3.80) (−4.82) (−3.32) (−3.41) (−3.03) (−1.99) (−0.87) (2.48)

Sample mean 0.894** 0.097 −0.017 −0.256*** −0.202*** −0.276*** −0.521*** −0.458*** −0.600*** −0.452*** 1.346***

(2.32) (0.93) (−0.15) (−2.79) (−3.16) (−3.50) (−5.80) (−7.51) (−8.67) (−2.99) (2.83)

Lo
ss

av
er

sio
n 𝜆 = 2.0

0.107 −0.075 −0.054 −0.263*** −0.130 −0.208*** −0.041 −0.295*** −0.381*** −0.139 0.246*

(0.86) (−0.35) (−0.29) (−2.59) (−1.28) (−3.00) (−0.28) (−3.48) (−4.49) (−1.04) (1.82)

𝜆 = 2.5
0.340** −0.184* −0.087 −0.270*** −0.213* −0.150 −0.189** −0.345*** −0.404*** −0.151 0.491**

(1.95) (−1.66) (−0.45) (−3.06) (−1.92) (−1.51) (−2.06) (−3.41) (−4.73) (−1.12) (2.24)

Pr
ob

ab
ili

ty
w

ei
gh

tin
g 𝛿 = 0.31∕0.39

0.170 −0.118 −0.197*** −0.423*** −0.105 −0.212 −0.255*** −0.403*** −0.298*** −0.079 0.249*

(0.52) (−1.02) (−2.50) (−4.29) (−0.62) (−1.53) (−2.70) (−4.46) (−3.77) (−0.54) (1.82)

𝛿 = 0.91∕0.99
0.148 −0.205* 0.060 −0.285*** −0.060 −0.346*** −0.089 −0.223*** −0.292*** −0.124 0.273**

(0.37) (−1.67) (0.17) (−3.27) (−0.57) (−3.58) (−0.96) (−3.31) (−3.47) (−0.97) (2.02)

Probability weighting function 0.100 0.101 −0.164 −0.321*** −0.228*** −0.155* −0.160 −0.264*** −0.278*** −0.147 0.247*

(0.99) (0.31) (−1.30) (−4.17) (−2.87) (−1.65) (−1.53) (−2.99) (−2.95) (−1.17) (1.80)

Skip one month 0.373* −0.251*** −0.312*** −0.362*** −0.439*** −0.227*** −0.058 −0.382*** −0.295*** −0.161 0.534*

(1.87) (−2.54) (−2.98) (−3.53) (−4.45) (−2.99) (−0.60) (−4.44) (−3.28) (−1.22) (1.93)

outperforms the others in describing the experimental data of individuals. Therefore, we apply Prelec’s (1998) exponential form of
the probability weighting function and examine whether our conclusion holds under this specification. Prelec’s (1998) probability
weighting function is defined as:

𝑓 (𝑝) = 𝑒−(−𝑙𝑛𝑝)
𝛿

where the probability weighting parameter, 𝛿, has been estimated by many others (e.g., Bleichrodt and Pinto, 2000; Wu and Gonzales,
1996). We only report results when we set 𝛿 = 0.94, following Stott (2006) estimate.18

The portfolio and regression results in Tables 10 and 11 suggest that prospect theory has significant predictive power under the
alternative probability weighting function, and the predictive power is much stronger for junk bonds.

5.1.5. Skipping one month
When calculating the prospect theory value of a bond at month 𝑡, we use monthly returns from month 𝑡−60 to 𝑡−1. We then sort

bonds into decile portfolios and examine their returns in month 𝑡. It is known that a bond’s performance and its lagged return are
positively correlated. To avoid the confounding effect of the lagged return, we skip one month between the point at which we sort
the bonds, and the point at which we calculate the portfolio returns.

The portfolio and regression results in Tables 10 and 11 suggest that prospect theory’s predictive power remains intact, and is
much stronger for junk bonds. This predictive power of PTV is not driven by a possible confounding effect of the lagged returns.

5.2. Expected utility function

One assumption of our study is that investors take a bond as its historical return distribution, and evaluate it according to prospect
theory. If investors evaluate a bond according to expected (power) utility instead of prospect theory, then bonds with higher (lower)
expected utility would have lower (higher) future returns. To examine whether expected utility has predictive power, we replace PTV
in our model with expected utility (EU). We perform a portfolio analysis sorted by the expected constant relative risk aversion (CRRA)
utility function, which is widely used to approximate real-world behavior. Applying this process to our bond historical returns, the
expected utility is defined as:

𝐸𝑈 =
𝑚
∑

𝑖=−𝑛

1
60

(1 + 𝑟𝑖)1−𝜃

1 − 𝜃

where 𝑟𝑖 is monthly bond returns for the past 60 months, and 𝜃 is the risk aversion parameter. Gandelman and Hernandez-Murillo
(2014) estimate the 𝜃 parameter at the country level and find that the risk aversion is between 0 and 2 for developed countries,
and between 0 and 3 for developing countries. We test a range of 𝜃 from 0.5 to 2.5 and present the results in Table 12. We find
that the average return of the difference between the highest and lowest portfolios is no longer significant, and the expected utility
function does not have predictive power for future returns. Although this result does not provide evidence against the expected
utility function, it suggests that prospect theory value transfers the historical returns in a uniquely informative way that can capture
investors’ evaluation process.

18 Results based on other estimates lead to similar results.
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Table 11
Robustness through regression. This table presents results for robustness checks of Fama–MacBeth regressions. The right-most column reports excess returns for the low
minus high PTV portfolio. We did 6 kinds of robustness tests: (1) different construct windows; (2) different reference points; (3) different loss aversion parameters; (4)
different probability weighting parameters; (5) probability weighting function; and (6) skip one month. Panels A, B, and C reports the results for all samples, investment-
grade bonds, and junk bonds respectively. The sample period is from January 1978 to December T -statistics are reported in the parentheses. All the t -statistics are
Newey–West adjusted with 12 lags. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively.

PTV Rating Coupon TM Size REV LTREV MOM VOL SK IndSK

Panel A: All samples

Co
ns

tr
uc

t
w

in
do

w

Past 3 years −0.181*** 0.099*** 0.201*** −0.040 0.004 −0.073*** −0.011 0.210 0.334*** −0.012 −0.021
(−4.01) (3.19) (4.25) (−0.13) (0.43) (−5.98) (−1.44) (0.70) (2.97) (−0.15) (−1.27)

Past 4 years −0.190*** 0.103*** 0.197*** 0.034 0.004 −0.074*** −0.011 0.175 0.322*** −0.073 −0.017
(−3.81) (3.27) (4.05) (0.11) (0.44) (−6.05) (−1.44) (0.59) (2.85) (−1.00) (−0.95)

Past 6 years −0.240*** 0.115*** 0.172*** 0.031 0.004 −0.075*** −0.012 −0.070 0.320*** −0.004 −0.023
(−4.27) (3.60) (3.45) (0.09) (0.41) (−6.13) (−1.48) (−0.24) (2.77) (−0.06) (−1.21)

Al
te

rn
at

iv
e

re
fe

re
nc

e
po

in
t

Cash −0.189*** 0.107*** 0.208*** −0.108 0.000 −0.077*** −0.011 0.047 0.243*** 0.092 −0.005
(−4.34) (3.35) (4.12) (−0.35) (−0.01) (−6.84) (−1.44) (0.17) (2.40) (0.93) (−0.27)

Risk-free rate −0.141*** 0.106*** 0.197*** −0.022 0.002 −0.077*** −0.014 0.086 0.270*** 0.025 −0.012
(−4.43) (3.30) (3.88) (−0.07) (0.18) (−6.79) (−1.88) (0.31) (2.63) (0.26) (−0.67)

Sample mean −0.283*** 0.102*** 0.118*** −0.301 0.002 −0.077*** −0.012 0.068 0.108 −0.539*** −0.008
(−5.18) (3.24) (2.39) (−1.04) (0.25) (−6.94) (−1.52) (0.25) (1.10) (−5.11) (−0.42)

Lo
ss

av
er

sio
n 𝜆 = 2.0

−0.214*** 0.109*** 0.173*** 0.051 0.003 −0.075*** −0.014* 0.035 0.314*** −0.033 −0.019
(−3.97) (3.46) (3.49) (0.16) (0.36) (−6.14) (−1.81) (0.12) (2.76) (−0.48) (−1.07)

𝜆 = 2.5
−0.197*** 0.109*** 0.170*** 0.067 0.003 −0.075*** −0.015* 0.039 0.310*** −0.032 −0.019
(−3.79) (3.46) (3.42) (0.21) (0.38) (−6.12) (−1.88) (0.13) (2.66) (−0.48) (−1.09)

Pr
ob

ab
ili

ty
w

ei
gh

tin
g 𝛿 = 0.31∕0.39

−0.197*** 0.105*** 0.144*** 0.030 0.003 −0.074*** −0.018** 0.039 0.293** 0.021 −0.020
(−3.45) (3.38) (2.95) (0.10) (0.38) (−6.12) (−2.31) (0.14) (2.21) (0.18) (−1.09)

𝛿 = 0.91∕0.99
−0.212*** 0.110*** 0.180*** 0.057 0.003 −0.075*** −0.014* 0.040 0.317*** −0.156*** −0.019
(−3.91) (3.48) (3.57) (0.18) (0.40) (−6.14) (−1.73) (0.14) (2.86) (−2.76) (−1.08)

Probability weighting function −0.238*** 0.108*** 0.170*** 0.082 0.004 −0.075*** −0.018** 0.046 0.323*** −0.222*** −0.021
(−3.91) (3.42) (3.36) (0.26) (0.43) (−6.20) (−2.22) (0.16) (2.92) (−3.77) (−1.18)

Skip one month −0.123*** 0.102*** 0.148*** −0.024 0.003 −0.074*** −0.015** 0.091 0.326*** −0.289*** −0.014
(−2.71) (3.24) (3.03) (−0.08) (0.29) (−5.94) (−1.97) (0.31) (3.11) (−4.48) (−0.75)

Panel B: Investment-grade bonds

Co
ns

tr
uc

t
w

in
do

w

Past 3 years −0.108** 0.117*** 0.183*** −0.153 0.007 −0.077*** −0.010 0.251 0.354*** −0.347*** −0.036**

(−2.26) (3.36) (3.57) (−0.49) (0.91) (−5.94) (−1.35) (0.78) (3.04) (−4.39) (−2.22)

Past 4 years −0.116** 0.113*** 0.187*** −0.144 0.008 −0.078*** −0.010 0.281 0.327*** −0.359*** −0.030
(−2.27) (3.17) (3.61) (−0.45) (0.98) (−6.00) (−1.32) (0.87) (2.85) (−4.75) (−1.63)

Past 6 years −0.143*** 0.130*** 0.144*** −0.110 0.009 −0.079*** −0.015* 0.021 0.318*** −0.311*** −0.030
(−2.62) (3.53) (2.78) (−0.32) (1.04) (−6.06) (−1.82) (0.06) (2.78) (−4.27) (−1.51)

Al
te

rn
at

iv
e

re
fe

re
nc

e
po

in
t

Cash −0.115*** 0.128*** 0.166*** −0.207 0.007 −0.081*** −0.011 0.176 0.290*** −0.302*** −0.029
(−2.70) (3.49) (3.12) (−0.65) (0.85) (−6.71) (−1.42) (0.57) (2.80) (−2.84) (−1.49)

Risk-free rate −0.081*** 0.127*** 0.159*** −0.149 0.007 −0.081*** −0.012 0.161 0.296*** −0.327*** −0.029
(−2.42) (3.46) (3.00) (−0.46) (0.85) (−6.65) (−1.59) (0.52) (2.81) (−3.28) (−1.51)

Sample mean −0.153*** 0.125*** 0.158*** −0.219 0.007 −0.080*** −0.012 0.218 0.263*** −0.195* −0.029
(−3.21) (3.41) (3.06) (−0.70) (0.96) (−6.68) (−1.53) (0.73) (2.63) (−1.84) (−1.49)

Lo
ss

av
er

sio
n 𝜆 = 2.0

−0.138*** 0.120*** 0.156*** −0.121 0.008 −0.079*** −0.016** 0.173 0.317*** −0.308*** −0.034*

(−2.48) (3.31) (2.99) (−0.37) (1.03) (−6.09) (−2.02) (0.54) (2.80) (−4.38) (−1.75)

𝜆 = 2.5
−0.123*** 0.120*** 0.157*** −0.118 0.008 −0.079*** −0.016** 0.172 0.318*** −0.303*** −0.034*

(−2.49) (3.30) (3.00) (−0.36) (1.01) (−6.08) (−2.00) (0.54) (2.83) (−4.34) (−1.75)

Pr
ob

ab
ili

ty
w

ei
gh

tin
g 𝛿 = 0.31∕0.39

−0.123*** 0.121*** 0.160*** −0.133 0.008 −0.079*** −0.015* 0.124 0.327*** −0.386*** −0.034*

(−2.42) (3.34) (3.07) (−0.41) (1.04) (−6.12) (−1.87) (0.39) (2.89) (−4.77) (−1.77)

𝛿 = 0.91∕0.99
−0.138*** 0.122*** 0.156*** −0.112 0.008 −0.079*** −0.016** 0.186 0.313*** −0.271*** −0.034*

(−2.46) (3.37) (2.97) (−0.34) (1.01) (−6.10) (−2.01) (0.58) (2.75) (−4.07) (−1.76)

Probability weighting function −0.163*** 0.122*** 0.159*** −0.114 0.008 −0.078*** −0.015* 0.207 0.313*** −0.265*** −0.034*

(−2.48) (3.38) (3.02) (−0.35) (1.02) (−6.08) (−1.95) (0.65) (2.72) (−3.99) (−1.78)

Skip one month −0.126*** 0.117*** 0.195*** −0.073 0.009 −0.083*** −0.012 0.172 0.258** −0.218** −0.034*

(−2.65) (3.18) (3.64) (−0.22) (1.07) (−6.96) (−1.54) (0.53) (2.09) (−2.26) (−1.82)

Panel C: Junk bonds

Co
ns

tr
uc

t
w

in
do

w

Past 3 years −0.144*** 0.483*** 0.621 2.335* −0.174 −0.070*** −0.144 −2.191* 0.057 −0.046 0.308
(−2.35) (2.89) (1.26) (1.68) (−0.18) (−2.73) (−0.98) (−1.79) (0.18) (−0.99) (1.55)

Past 4 years −0.177*** 0.289*** 0.359 2.554** 0.193 −0.082*** 0.000 −2.755*** −0.142 0.046 0.048
(−2.56) (2.34) (0.89) (2.18) (0.25) (−3.43) (0.00) (−3.28) (−0.42) (1.61) (0.68)

Past 6 years −0.262*** 0.310*** 0.461 2.612* 0.562 −0.105*** 0.040 −2.288*** 0.045 0.048 0.031

(continued on next page)
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Table 11 (continued)

PTV Rating Coupon TM Size REV LTREV MOM VOL SK IndSK

(−3.29) (2.50) (0.98) (1.65) (0.60) (−3.11) (0.63) (−2.97) (0.14) (1.53) (0.51)

Al
te

rn
at

iv
e

re
fe

re
nc

e
po

in
t

Cash −0.170** 0.309*** 0.455 1.441 −0.087 −0.053*** 0.087 −2.893*** −0.108 0.031 0.098
(−2.24) (2.66) (1.10) (1.39) (−0.14) (−2.42) (1.55) (−3.24) (−0.35) (1.32) (0.99)

Risk-free rate −0.206*** 0.332*** 0.477 2.051* 0.050 −0.064*** 0.078 −2.827*** −0.027 0.038 0.084
(−2.43) (2.75) (1.12) (1.86) (0.08) (−2.68) (1.46) (−3.25) (−0.09) (1.50) (0.88)

Sample mean −0.399*** 0.204* 0.048 0.907 1.380 −0.065*** 0.081* −2.180*** 0.059 −0.059*** 0.042
(−4.43) (1.69) (0.16) (0.92) (2.08) (−3.34) (1.69) (−2.62) (0.21) (−2.46) (0.39)

Lo
ss

av
er

sio
n 𝜆 = 2.0

−0.204*** 0.247** 0.344 2.628* −0.153 −0.108*** 0.010 −2.703*** −0.081 −0.047* 0.042
(−2.45) (2.06) (0.83) (1.92) (−0.18) (−3.58) (0.17) (−3.27) (−0.23) (−1.70) (0.63)

𝜆 = 2.5
−0.170*** 0.248* 0.320 2.419** 0.041 −0.098*** 0.005 −2.720*** −0.080 0.039 0.047
(−2.91) (1.95) (0.80) (1.96) (0.05) (−3.72) (0.09) (−3.28) (−0.23) (1.58) (0.72)

Pr
ob

ab
ili

ty
w

ei
gh

tin
g 𝛿 = 0.31∕0.39

−0.094* 0.278** 0.334 1.206 −0.271 −0.065*** −0.005 −2.635*** −0.153 0.053 0.074
(−1.82) (2.27) (0.91) (1.09) (−0.37) (−2.72) (−0.08) (−2.89) (−0.43) (1.47) (0.87)

𝛿 = 0.91∕0.99
−0.257*** 0.235** 0.412 2.212 −0.053 −0.094*** 0.001 −2.606*** −0.065 0.027 0.015
(−3.22) (1.98) (0.93) (1.60) (−0.07) (−3.17) (0.01) (−3.37) (−0.18) (0.09) (0.26)

Probability weighting function −0.291*** 0.231* 0.337 2.593* −0.104 −0.098*** 0.008 −2.799*** −0.083 −0.024 0.002
(−3.29) (1.92) (0.74) (1.92) (−0.14) (−3.18) (0.12) (−3.60) (−0.23) (−0.70) (0.03)

Skip one month −0.144* 0.124 −0.185 0.440 0.612 −0.080*** −0.044 −1.317** 0.424** 0.010 −0.062*

(−1.66) (0.87) (−0.79) (0.37) (0.73) (−3.00) (−0.51) (−2.17) (2.07) (0.28) (−1.79)

Table 12
Expected utility function. This table presents portfolio and regression analysis results with the prospect theory being replaced by the expected utility function. EU is
the expected constant relative risk aversion (CRRA) utility function, which is calculated based on a bond’s historical returns. The sample period is from January 1978
to December 2013. T -statistics are reported in the parentheses. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively.

Panel A: Portfolio analysis

Low EU2 EU3 EU4 EU5 EU6 EU7 EU8 EU9 High L-H

𝜃 = 0.5
0.062 0.005 −0.052* −0.086*** −0.100*** −0.101*** −0.070** −0.092*** −0.008 0.039 0.022
(1.19) (0.13) (−1.68) (−2.99) (−3.83) (−3.30) (−2.06) (−2.59) (−0.19) (0.75) (0.32)

𝜃 = 1.5
0.070 0.018 −0.056* −0.080*** −0.100*** −0.097*** −0.069** −0.089*** −0.014 0.027 0.042
(1.35) (0.45) (−1.78) (−2.88) (−3.91) (−3.25) (−2.03) (−2.55) (−0.35) (0.54) (0.62)

𝜃 = 2
0.081 0.019 −0.048 −0.079*** −0.107*** −0.094*** −0.070** −0.082*** −0.021 0.028 0.053
(1.56) (0.48) (−1.52) (−2.80) (−4.23) (−3.07) (−1.98) (−2.35) (−0.51) (0.56) (0.78)

𝜃 = 2.5
0.091* 0.020 −0.043 −0.079*** −0.103*** −0.101*** −0.061* −0.081** −0.033 0.031 0.060
(1.72) (0.50) (−1.37) (−2.76) (−3.96) (−3.42) (−1.73) (−2.31) (−0.81) (0.63) (0.88)

Panel B: Regression analysis

EU Rating Coupon TM Size REV LTREV MOM VOL SK IndSK

𝜃 = 0.5
0.023 0.105*** 0.181*** 0.000 0.002 −0.075*** −0.013 0.024 0.328*** −0.163*** −0.018
(0.42) (3.34) (3.69) (0.00) (0.28) (−6.24) (−1.63) (0.08) (3.20) (−2.75) (−0.98)

𝜃 = 1.5
−0.024 0.105*** 0.181*** 0.000 0.002 −0.075*** −0.013 0.023 0.325*** −0.163*** −0.018
(−0.53) (3.34) (3.69) (0.00) (0.28) (−6.24) (−1.63) (0.08) (3.16) (−2.75) (−0.98)

𝜃 = 2
−0.048 0.105*** 0.181*** 0.000 0.002 −0.075*** −0.013 0.023 0.324*** −0.162*** −0.018
(−1.17) (3.34) (3.69) (0.00) (0.28) (−6.25) (−1.63) (0.08) (3.14) (−2.74) (−0.98)

𝜃 = 2.5
−0.052 0.105*** 0.181*** 0.000 0.002 −0.075*** −0.013 0.023 0.323*** −0.162*** −0.018
(−1.28) (3.34) (3.68) (0.00) (0.28) (−6.25) (−1.63) (0.08) (3.12) (−2.73) (−0.97)

5.3. Fama–MacBeth regression with firm-level characteristics

Chordia et al. (2015) show that bond returns can also be predicted by firm-level variables such as the stock market value,
profitability, past stock return, and volatility. We thus include the stock’s market value (MV ), profitability (PROFIT ), the cumulative
stock return during month t-12 to t-2 (STKMOM), the lagged stock return (STKREV ), and the stock idiosyncratic volatility (STKIVOL)
as controls. Due to the availability of data, only bonds issued by publicly listed firms are included in the sample.19

The regression results are in Table 13, where each column corresponds to one model. Model 1 corresponds to Model 7 in Table 7,
which serves as the baseline model. In Models 2–6, one or more firm-level control variables are included. The coefficients of PTV are
negative and significant for all model specifications. The results show that PTV has significant predictive power even after including
firm-level characteristics in the models.

5.4. Accounting for transaction costs

To examine whether our results remain significant after accounting for transaction costs, we perform portfolio and regression
analysis on bond returns adjusted for transaction costs. We estimate the transaction costs following the method used by Bai et al.

19 The firm-level characteristics are obtained from Compustat and CRSP.
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Table 13
Fama–MacBeth regression with firm-level characteristic included. This table reports Fama–MacBeth regression results with firm-level characteristics included. MV is
the market value of equity in month t -1. PROFIT is profitability, which is calculated as the ratio of equity income to book equity. STKMOM is stock’s momentum, which
is calculated as the cumulative stock return (in percent) from month t -12 to t -2. STKREV is stock’s short-term reversal, which is the lagged monthly stock return (in
percent). STKIVOL is stock’s idiosyncratic volatility, which is calculated as the volatility of the stock’s daily idiosyncratic returns over month t -1 as in Ang et al. (2006).
The sample covers from January 1978 to December All the t -statistics are Newey–West adjusted with 12 lags. *, **, and *** indicate statistical significance at the 10%,
5%, and 1% levels, respectively.

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

PTV −0.088*** −0.094*** −0.086*** −0.095*** −0.088*** −0.097***

(−3.04) (−3.41) (−2.98) (−3.44) (−3.05) (−3.58)

Rating 0.068 0.095* 0.071 0.061 0.074 0.084*

(1.36) (1.85) (1.45) (1.21) (1.55) (1.72)

Coupon 0.038 0.051 0.026 0.019 0.033 0.005
(0.46) (0.61) (0.32) (0.23) (0.41) (0.07)

TM 0.762*** 0.773*** 0.764*** 0.744*** 0.745*** 0.755***

(4.38) (4.45) (4.38) (4.27) (4.31) (4.34)

Size 0.041* 0.017 0.041 0.020 0.046* 0.014
(1.65) (0.72) (1.59) (0.95) (1.80) (0.61)

REV −0.147*** −0.147*** −0.149*** −0.152*** −0.149*** −0.154***

(−10.40) (−10.41) (−10.55) (−10.64) (−10.59) (−10.86)

LTREV −0.028*** −0.029*** −0.025*** −0.029*** −0.029*** −0.023**

(−2.74) (−2.66) (−2.35) (−2.77) (−2.75) (−1.98)

MOM −2.070*** −2.143*** −2.093*** −2.521*** −2.091*** −2.651***

(−3.97) (−4.09) (−4.03) (−4.79) (−4.09) (−5.06)

VOL 0.185 0.182 0.200 0.199* 0.166 0.192
(1.50) (1.49) (1.63) (1.67) (1.35) (1.62)

SK 0.015 0.061 0.011 0.042 0.004 0.061
(0.13) (0.54) (0.09) (0.37) (0.03) (0.54)

IndSK −0.00 −0.00 −0.01 −0.01 0.00 −0.01
(−0.36) (−0.25) (−0.53) (−1.10) (−0.21) (−1.13)

MV 0.048*** 0.017
(2.48) (1.03)

PROFIT 0.424*** 0.411***

(2.59) (2.63)
STKMOM 0.216*** 0.224***

(6.13) (6.01)
STKREV 0.624*** 0.605***

(7.67) (7.64)

STKIVOL −0.529 −0.156
(−0.33) (−0.10)

𝑅2 0.31 0.31 0.31 0.32 0.31 0.33

Table 14
Accounting for transaction costs. This table presents portfolio and regression analysis results for returns adjusted for transaction costs. The transaction cost is estimated
by following Bai et al. (2016) and Chordia et al. (2015). The sample period is from January 1994 to December 2013. T -statistics are reported in the parentheses. *, **,
and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively.

Panel A: Portfolio analysis

Low PTV2 PTV3 PTV4 PTV5 PTV6 PTV7 PTV8 PTV9 High L-H

All sample 0.275*** 0.081 −0.064 −0.036 −0.132*** −0.096 −0.154*** −0.160*** −0.106* −0.147** 0.422***

(2.93) (1.07) (−0.95) (−0.62) (−2.49) (−1.52) (−2.58) (−2.60) (−1.73) (−2.15) (4.00)

Investment-grade bonds 0.268*** 0.065 −0.006 −0.001 −0.105* −0.124*** −0.099* −0.193*** −0.150** −0.118* 0.386***

(3.10) (0.90) (−0.08) (−0.02) (−1.95) (−2.71) (−1.79) (−3.14) (−2.19) (−1.78) (3.75)

Junk bonds 0.323 0.231 0.101 −0.152 −0.097 −0.184 −0.209** −0.314*** −0.198* −0.192 0.515***

(1.56) (1.32) (0.76) (−1.18) (−0.76) (−1.34) (−1.98) (−2.70) (−1.82) (−1.27) (5.01)

Panel B: Regression analysis

PTV Rating Coupon TM Size REV LTREV MOM VOL SK IndSK

All sample −0.190*** 0.149** 0.344*** 1.707*** 0.045 −0.165*** 0.072*** 0.620 −0.007 0.036 0.021
(−3.84) (2.30) (2.75) (3.72) (1.26) (−11.29) (2.02) (1.23) (−0.03) (0.31) (0.61)

Investment-grade bonds −0.161* −0.092 0.468*** 2.371*** 0.043 −0.172*** 0.248 0.102 −0.043 0.035 0.076
(−1.94) (−0.84) (3.43) (4.55) (1.40) (−11.13) (1.54) (0.18) (−0.17) (0.30) (1.57)

Junk bonds −0.204*** 0.292** −0.274 1.796** −0.048 −0.191*** −0.274*** −1.547*** −0.022 0.039 −0.078***

(−4.69) (2.41) (−1.45) (2.01) (−0.76) (−24.86) (−2.50) (−4.76) (−0.37) (0.19) (−2.87)

(2016) and Chordia et al. (2015). The results are reported in Table 14. The returns of the Low–High portfolio remain positive and
significant, and the regression coefficients for PTV remain negative and significant. This again supports our hypothesis H1 and H2
that prospect theory has significant predictive power, which is stronger for junk bonds.
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Table 15
Firm-level analysis. This table presents portfolio and regression analysis results for firm-level. Following Chordia et al. (2015), for firms that have more than one bond
issue outstanding, we choose one of the issues by using following four different methods: (1) RAN: randomly choose a bond issue; (2) SMAT: choose an issue with
the shortest remaining maturity as long as it is more than one year; (3) RECISS: choose the most recently issued bond; (4) EW: use the equal-weighted average the
bond returns across the firm. The sample covers from January 1978 to December 2013. All the t -statistics are Newey–West adjusted with 12 lags. *, **, and *** indicate
statistical significance at the 10%, 5%, and 1% levels, respectively.

Panel A: Portfolio analysis

Low PTV2 PTV3 PTV4 PTV5 PTV6 PTV7 PTV8 PTV9 High L-H

RA
N

All sample 0.253*** 0.089*** 0.044 −0.003 −0.044* −0.036 −0.049 −0.067*** −0.067*** −0.026 0.280***

(5.02) (2.34) (1.46) (−0.12) (−1.82) (−1.63) (−1.63) (−2.50) (−2.56) (−0.99) (4.52)

Investment-Grade 0.168*** 0.066* 0.054 −0.006 −0.016 −0.050* −0.102*** −0.082*** −0.084*** −0.056* 0.224***

(3.37) (1.75) (1.55) (−0.23) (−0.59) (−1.86) (−3.51) (−2.85) (−2.84) (−1.75) (3.55)

Junk bonds 0.389*** 0.330*** 0.283*** 0.279*** 0.044 0.145*** 0.076 0.008 0.023 0.072* 0.317***

(5.34) (4.63) (4.53) (4.31) (0.81) (2.73) (1.42) (0.15) (0.47) (1.73) (3.00)

SM
AT

All sample 0.173*** 0.049* 0.021 −0.049 −0.032 −0.075 −0.102 −0.082*** −0.092*** −0.059* 0.233***

(4.48) (1.77) (0.82) (−2.02) (−1.29) (−2.93) (−3.92) (−3.02) (−3.52) (−1.94) (3.78)

Investment-Grade 0.136*** 0.036 −0.032 −0.055** −0.058** −0.099*** −0.113*** −0.126*** −0.113*** −0.074*** 0.210***

(3.59) (1.19) (−1.23) (−2.08) (−2.13) (−3.41) (−3.96) (−4.38) (−3.91) (−2.68) (3.94)

Junk bonds 0.404*** 0.280*** 0.315*** 0.192*** 0.043 0.096* 0.049 0.051 0.025 0.137*** 0.268***

(5.67) (4.28) (5.28) (3.48) (0.78) (1.78) (0.87) (1.13) (0.60) (3.09) (3.95)

RE
CI

SS

All sample 0.186*** 0.054 0.066* 0.011 −0.011 −0.015 −0.032 −0.067** −0.033 −0.045 0.231***

(3.48) (1.32) (1.85) (0.33) (−0.40) (−0.53) (−1.11) (−2.20) (−1.18) (−1.41) (3.48)

Investment-Grade 0.137*** 0.032 0.040 −0.002 −0.018 −0.033 −0.049 −0.071** −0.072*** −0.087*** 0.224***

(2.52) (0.75) (1.16) (−0.05) (−0.59) (−1.09) (−1.48) (−2.25) (−2.49) (−2.52) (3.37)

Junk bonds 0.418*** 0.390*** 0.298*** 0.183*** 0.091 0.096* 0.051 0.036 0.059 0.131*** 0.287***

(5.62) (5.57) (4.16) (3.12) (1.61) (1.67) (0.89) (0.70) (1.32) (2.77) (4.15)

EW

All sample 0.189*** 0.104*** 0.021 −0.003 −0.033 −0.035 −0.035 −0.047* −0.038 −0.035 0.224***

(4.46) (3.25) (0.72) (−0.11) (−1.50) (−1.58) (−1.56) (−1.95) (−1.56) (−1.40) (4.22)

Investment-Grade 0.157*** 0.059* −0.016 −0.018 −0.050** −0.059*** −0.056** −0.070*** −0.068*** −0.067*** 0.224***

(3.88) (1.90) (−0.52) (−0.66) (−2.07) (−2.47) (−2.07) (−2.51) (−2.54) (−2.44) (4.47)

Junk bonds 0.369*** 0.392*** 0.221*** 0.213*** 0.112** 0.097* 0.153*** 0.026 0.037 0.143*** 0.226***

(5.33) (5.67) (3.30) (3.96) (2.27) (1.71) (2.80) (0.55) (0.90) (2.95) (3.21)

Panel B: Fama–MacBeth regression

PTV Rating Coupon TM Size REV LTREV MOM VOL SK IndSK

RA
N

All sample −0.245*** 0.135*** 0.107*** 0.045 0.008 −0.070*** −0.037*** −0.112 0.248*** 0.106 −0.015
(−4.99) (3.61) (2.36) (0.09) (0.56) (−5.41) (−3.96) (−0.34) (3.17) (1.29) (−0.60)

Investment-Grade −0.192*** 0.117*** 0.093* −0.172 0.010 −0.081*** −0.013 −0.578* 0.101 0.051 −0.023
(−4.12) (3.02) (1.81) (−0.26) (0.70) (−6.02) (−1.48) (−1.70) (1.02) (0.58) (−1.25)

Junk bonds −0.254*** 0.112** 0.334*** 0.798* 0.211** −0.075*** −0.023 −1.585*** 0.508*** 0.074 0.024
(−5.70) (2.18) (3.31) (1.89) (2.20) (−7.27) (−1.22) (−5.23) (4.60) (0.39) (1.23)

SM
AT

All sample −0.197*** 0.131*** 0.150*** 0.257 −0.007 −0.066*** −0.012 −0.049 0.134 0.052 −0.001
(−3.76) (3.72) (3.58) (0.47) (−0.51) (−4.83) (−1.55) (−0.16) (1.34) (0.70) (−0.07)

Investment-Grade −0.115*** 0.126*** 0.117*** 0.159 −0.014 −0.090*** −0.008 −0.142 −0.045 0.040 −0.007
(−2.54) (3.41) (2.66) (0.22) (−1.09) (−6.08) (−0.94) (−0.40) (−0.37) (0.69) (−0.36)

Junk bonds −0.218*** 0.120*** 0.208** 1.988*** 0.329*** −0.072*** −0.016 −1.348*** 0.458*** 0.132 0.050***

(−4.70) (2.38) (2.12) (4.00) (3.66) (−6.51) (−0.83) (−4.45) (3.65) (0.93) (2.70)

RE
CI

SS

All sample −0.275*** 0.135*** 0.133*** −0.347 0.014 −0.085*** −0.039*** −0.345 0.230*** 0.019 0.003
(−5.75) (3.73) (2.64) (−0.67) (0.84) (−6.77) (−3.84) (−1.13) (2.79) (0.22) (0.14)

Investment-Grade −0.222*** 0.133*** 0.108** −0.017 0.005 −0.083*** −0.027*** −0.281 0.111 0.076 −0.029*

(−5.16) (3.29) (2.26) (−0.03) (0.36) (−5.95) (−2.41) (−0.84) (1.17) (0.82) (−1.72)

Junk bonds −0.253*** 0.093* 0.147 1.344*** 0.151* −0.074*** −0.016 −1.320*** 0.424*** −0.135 0.014
(−4.94) (1.84) (1.27) (2.92) (1.67) (−6.81) (−0.78) (−4.40) (3.73) (−0.75) (0.76)

EW

All sample −0.238*** 0.117*** 0.060 −0.040 0.011 −0.081*** −0.032*** −0.426 0.237*** 0.080 −0.009
(−4.39) (3.27) (1.18) (−0.08) (0.95) (−6.16) (−3.21) (−1.34) (2.66) (0.97) (−0.53)

Investment-Grade −0.203*** 0.110*** 0.119*** 0.249 0.000 −0.073*** −0.027*** −0.434 0.114 0.064 −0.015
(−3.71) (2.92) (2.35) (0.41) (0.02) (−5.13) (−2.48) (−1.24) (1.00) (0.68) (−1.00)

Junk bonds −0.285*** 0.073 0.361*** 1.292*** 0.169* −0.063*** −0.036* −1.648*** 0.519*** −0.135 0.035
(−6.66) (1.39) (3.57) (2.94) (1.83) (−6.31) (−1.71) (−5.42) (4.51) (−0.71) (0.95)

5.5. Firm-level analysis

Our previous results are obtained at the bond level. In this subsection, we examine whether our results still hold if the analysis is
performed at the firm level. Following Chordia et al. (2015), for firms that have more than one bond issue outstanding, we choose
one of the issues by using following four different methods: (1) randomly choose a bond issue; (2) choose an issue with the shortest
remaining maturity as long as it is more than one year; (3) choose the most recently issued bond; (4) use the equal-weighted average
bond returns across the firm.
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Table 15 reports the portfolio and regression results at the firm level. The results show that PTV has predictive power for future
bond returns, regardless of the way we aggregate to firm-level. The predictive power is stronger for junk bonds, which supports our
hypothesis H1 and H2.

6. Conclusion

One important implication for prospect theory is that investors evaluate a financial product by the prospect theory value of its
historical return distribution. There is evidence that prospect theory has predictive power for stock returns. However, whether it has
predictive power in the corporate bond market is still an open question.

In this paper, we examine whether investors evaluate bonds through a mental process that is captured by prospect theory using U.S.
corporate bond market data that covers from January 1973 to December 2013. The bonds with higher (lower) prospect theory value
are attractive (unattractive) to investors hence be overvalued (undervalued) and earn lower (higher) future returns. This prediction
is tested through both portfolio and regression analysis. The results consistently show that bonds with higher (lower) prospect theory
values will on average earn lower (higher) future returns. These results are robust for different specifications of the prospect theory
value.

Since junk bonds are prohibited to most institutional investors, they are traded more by individual investors. The predictive power
of prospect theory is stronger for junk bonds than that for investment-grade bonds. This implies that individual investors tend to rely
more on System 1 thinking when making decisions, while institutional investors employ System 2 thinking more to overwrite or revise
their decisions made by System 1 thinking. Unlike the findings in stock market, our results show that the loss aversion component
contributes the most to prospect theory’s predictive power. The probability weighting component plays an important predictive role
only for junk bonds.
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