A Cross-Asset Trend Factor for Corporate Bond Returns

Abstract

How much information is incorporated into stock prices before it is reflected in corporate
bond prices? We propose XTREND), a cross-asset trend factor for corporate bonds that ag-
gregates equity price and volume trends to capture delayed information spillovers into bond
markets. XTREND predicts corporate bond returns across credit qualities and market states
and improves the performance of standard bond pricing models. Sampling over more than
three quadrillion candidate specifications confirms XTREND’s importance in the stochas-
tic discount factor. The results are robust across 1.3 million alternative research designs.
Consistent with slow cross-market adjustment, the XTREND premium is strongest among

bonds that are harder to trade.




1. Introduction

Both bonds and stocks price claims on the same underlying corporate cash flows, yet the
two markets are not always fully integrated. Trading frictions, limited transparency, and
segmented investor clienteles impede cross-market arbitrage, causing information to diffuse
across markets at different speeds. Consequently, equity and bond risk premia can diverge,
and bond prices may adjust more slowly to news that is already reflected in stock prices
(Kwan, 1996; Gebhardt et al., 2005; Chordia et al., 2014; Choi and Kim, 2018; Bartram
et al., 2025; Feng et al., 2025a).

Equity markets typically lead price discovery, while corporate bond markets often ad-
just more slowly. Stocks trade on centralized exchanges with continuous quoting, high
turnover, and broad participation, features that facilitate rapid information incorporation.
In contrast, corporate bonds—particularly over-the-counter, illiquid, and lower-rated is-
sues—exhibit slower price adjustment. Consistent with this asymmetry, equity short selling,
order flow, and trading volume predict subsequent bond returns more strongly than bond-
market variables predict stock returns, and momentum spillovers from equities to corporate
bonds are evident across multiple horizons (Hong et al., 2012; Kecskés et al., 2013; Back and
Crotty, 2015; Hendershott et al., 2020; Downing et al., 2009; Gebhardt et al., 2005; Haesen
et al., 2017).

How much information is incorporated into equity prices before it is reflected in corporate
bond prices? To address this question, we introduce XTREND, a cross-asset trend factor
for corporate bonds. XTREND aggregates predictive information from equity-based trend

signals that bond markets absorb only gradually, and compresses it into a single predic-



tor of bond returns. Existing work on cross-asset spillovers has focused primarily on past
returns—most notably momentum transmission from stocks to corporate bonds (Gebhardt
et al., 2005; Haesen et al., 2017). However, momentum captures only a narrow subset of
equity-market information. A growing literature shows that a broader set of trend indicators,
including moving averages, oscillators, and measures of volatility and trading activity, con-
tains substantial predictive information about future asset returns (Han et al., 2013, 2016a;
Avramov et al., 2021; Liu et al., 2024; Fieberg et al., 2025).

We construct XTREND using a data-driven approach. Starting from a broad set of
equity-based trend signals, we employ machine-learning methods designed for high-dimensional
and highly correlated predictors. Specifically, we apply the cross-sectional combined elastic
net (CS-C-ENet), which limits overfitting, addresses multicollinearity, and mitigates data-
snooping concerns (Han et al., 2024; Fieberg et al., 2025). This procedure selects and com-
bines the most informative signals into a single forecast of corporate bond returns. We then
evaluate XTREND’s role in bond pricing using two decades of U.S. data.

Our main findings can be summarized as follows. First, we confirm the crucial role of
past stock price and volume information for corporate bond returns. XTREND generates a
pronounced cross-sectional spread: high-XTREND bonds significantly outperform their low-
XTREND counterparts. As a result, a long-short strategy, which buys bonds with the highest
XTREND and shorts those with the lowest, generates an average monthly return of 0.40%
in excess of duration-matched government bond returns. The effect cannot be explained by
prominent bond pricing models from the literature, yielding alphas ranging from 0.34% to
0.50% per month. Furthermore, XTREND’s profits have not diminished in recent years —

unlike other asset pricing anomalies — and they persist across different market conditions.



Moreover, the cross-asset trend spillover displays several favorable characteristics from an
investor’s standpoint. For example, high-XTREND bonds exhibit lower standard deviations
and kurtosis, experience significantly smaller drawdowns, and tend to be more liquid and
face less credit risk, as indicated by narrower credit spreads.

Second, after establishing the baseline properties of the XTREND factor, we examine
its role in bond pricing. To this end, we benchmark it against seven asset pricing models
developed by Bali et al. (2017), Israel et al. (2018), Bai et al. (2019), Dang et al. (2023b),
Kelly et al. (2023), and Baltussen et al. (2024), each capturing different risk factors or
exposures. Our frontier expansion tests (Novy-Marx and Velikov, 2016; Soebhag et al.,
2024) suggest that no benchmark model spans the XTREND factor. On the contrary, adding
the XTREND factor to other models expands the efficient frontier, confirming XTREND’s
relevance for the pricing of corporate bonds. This is also evident in the pricing errors
for a comprehensive set of characteristic-sorted portfolios: extending known models with
XTREND halves the alphas and reduces the number of unexplained factors. Lastly, we
assess the contribution of candidate factors to the stochastic discount factor (SDF') using the
framework of Bryzgalova et al. (2023). Sampling over more than three quadrillion possible
SDF specifications, we find that a post-earnings announcement drift factor (PEADB), a
nontradable credit risk factor (CREDIT), and our XTREND factor consistently exhibit the
highest posterior inclusion probabilities, all exceeding 50%.

Our third finding concerns the reliability of XTREND under methodological uncertainty
(Menkveld et al., 2024). Recent research by Soebhag et al. (2024), Fieberg et al. (2024),
Fieberg et al. (2025), and Walter et al. (2023), among others, highlights that many asset
pricing results may be sensitive to seemingly negligible research design choices, such as data
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filtering procedures or portfolio construction rules. To address this, we explore a range of
modifications to our baseline approach, including the length of the estimation window, fore-
casting algorithms, and portfolio weighting schemes. In total, we simulate over 1.3 million
alternative implementations and find that XTREND remains robust, reliably expanding ex-
isting models and reducing their pricing errors. Our baseline results remain highly robust,
with the alternative specifications consistently delivering strong performance regardless of
methodological variations. While the Sharpe ratio of XTREND in our baseline specifica-
tion is 0.91, the long—short XTREND portfolio typically achieves a Sharpe ratio of 1.46,
outperforming many established factors in the finance literature. Importantly, the baseline
estimate lies at the 25th percentile of the distribution, indicating that 75% of research design
combinations yield Sharpe ratios higher than the baseline. Hence, our baseline design proves
more conservative than most alternative implementations. Ultimately, XTREND stands as
indispensable for asset pricing in bond markets. It not only enhances the explanatory power
of established models but also improves their implied efficient frontier. Tangency portfolios
incorporating the XTREND factor outperform their peers in 85% to 90% of all 1.3 million
research designs.

Finally, we investigate the economic mechanisms underlying the XTREND effect. Build-
ing on the premise that equity and corporate bond markets are only imperfectly integrated,
we test whether bond-market frictions and hedging constraints slow the transmission of
equity-based information into bond prices (see, e.g., Mitchell et al., 2007; Duffie, 2010). Con-
sistent with a delayed cross-market adjustment channel, XTREND is systematically stronger
in segments where trading is more difficult, and arbitrage is more constrained—among illig-

uid bonds, smaller issues, bonds with higher idiosyncratic (and total) volatility, lower-rated
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bonds, and bonds with wider credit spreads—across the full multiverse of 1.3 million research
designs. We further evaluate a comprehensive set of alternative explanations drawn from
the momentum literature, including investor overconfidence, limited attention, information
discreteness, anchoring, and growth options, within the same unified framework. With the
partial exception of growth options, these alternative mechanisms receive little empirical
support, suggesting that XTREND is primarily associated with incomplete market integra-
tion and slow information transmission rather than behavioral biases embedded in equity
prices.

To sum up, our results confirm that trend signals from the stock market convey valuable
information relevant for future bond returns. When aggregated into a single signal, they
not only help to better understand the cross-sectional variation in bond returns but also
translate into meaningful profits for bond investors.

Our study connects to several key strands of finance literature. First, we contribute
to the evidence on cross-asset spillovers in the cross-section of corporate bonds. Several
studies, beginning with Gebhardt et al. (2005), have demonstrated momentum spillovers
between equity and credit markets. Subsequent research has also expanded this phenomenon
to other forms of momentum (Haesen et al., 2017; Kaufmann et al., 2021; Keshavarz and
Sirmans, 2024; Gong, 2025), as well as credit derivatives (Lee et al., 2021), and integrated
it into factor pricing models (Israel et al., 2018; Dang et al., 2023b; Baltussen et al., 2024).
Furthermore, growing evidence suggests that cross-asset effects go beyond momentum, with
a rising number of stock characteristics shown to drive bond prices (Chordia et al., 2017; Choi
and Kim, 2018; Avramov et al., 2022; Bali et al., 2020; Dickerson et al., 2024a). However, to

our knowledge, no study has so far considered spillover effects incorporating aggregate trend



information.

From a broader perspective, our paper contributes to the literature on equity—bond mar-
ket integration and price discovery. A large body of evidence shows that stock prices tend
to incorporate firm-specific information before bond prices, particularly for riskier and less
liquid securities (Kwan, 1996; Downing et al., 2009). Trading-based evidence documents a
similar asymmetry: equity order flow, trading volume, and short selling predict subsequent
bond returns far more strongly than bond-market activity predicts stock returns (Back and
Crotty, 2015; Kecskés et al., 2013; Hendershott et al., 2020). These frictions help explain
cross-asset return predictability and the transmission of equity momentum to corporate
bonds (Gebhardt et al., 2005; Hong et al., 2012; Bartram et al., 2025; Feng et al., 2025a),
especially when limits to arbitrage intensify (Choi and Kim, 2018). At the same time, market
integration is segment- and state-dependent. Transparent and actively quoted bond trading
venues can contribute meaningfully to price discovery (Holden et al., 2018). Liquid high-yield
bonds may even lead equities when credit-specific news dominates or when stock prices are
noisy (Bittlingmayer and Moser, 2014). Moreover, bond-market variables forecast aggregate
stock returns, consistent with bidirectional information diffusion in segmented markets (Li
et al., 2024).

Second, we extend the discussion on asset pricing models for corporate bonds. Bai
et al. (2019) propose a factor model for corporate bond returns that includes market, credit,
liquidity, and downside risk factors. However, Dickerson et al. (2023) question these findings,
arguing that they are driven by a lead-lag error, thus casting doubt on the documented return
structure. In contrast, Dang et al. (2023b) find that factors related to carry, duration, equity

momentum, and term structure are key drivers of bond prices. Dickerson et al. (2024a)
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explore 563 trillion possible models and find that a post-earnings announcement drift factor
has a high probability of being included in the stochastic discount factor, with non-tradable
factors also playing a significant role in bond pricing. Other bond pricing models are proposed
by Baltussen et al. (2024), Bali et al. (2017), Israel et al. (2018), Kelly et al. (2023), and
Feng et al. (2025b). Notably, several studies, such as Choi and Kim (2018), point to the
consistency of pricing between corporate bonds and equities. More recently, Dang et al.
(2023a) show that some U.S. and international equity factors help price corporate bonds.
However, against this backdrop, we are the first to demonstrate the critical role of cross-asset
trend spillover in bond pricing.

Third, we add to the growing body of evidence on the utility of technical analysis. While
numerous studies document the return predictability of trend indicators in the stock market
(e.g., Brock et al., 1992; Lo et al., 2000; Kwon and Kish, 2002; Park and Irwin, 2007; Zhu
and Zhou, 2009; Neely et al., 2014; Hung and Lai, 2022; Brogaard and Zareei, 2023; Murray
et al., 2024), Shynkevich (2016) and Sweeney (1986) broaden this evidence to other asset
classes: corporate bonds and foreign exchange. Whereas the aforementioned works focus on
time-series predictability, many other studies show that technical analysis also works in a
cross-sectional context. For instance, Han et al. (2013, 2016a) and Han and Kong (2022)
demonstrate that moving averages predict characteristic-sorted portfolios, while Avramov
et al. (2021) find that the moving average distance is priced in the cross-section of stock
returns. In this context, our research is most closely related to Han et al. (2016b) and Liu
et al. (2024), who aggregate information from various moving averages to predict U.S. stock
returns, as well as to Han and Kong (2022) and Fieberg et al. (2025), who consider trend-

based asset pricing factors for commodities and cryptocurrencies, respectively. However,



none of these studies comprehensively examines trend signals across assets.

Finally, we contribute to the ongoing discourse on the role of non-standard errors in as-
set pricing research. The pioneering experimental study by Menkveld et al. (2024) revealed
a remarkable variation in empirical findings across different research teams. Furthermore,
Mitton (2022) reports a similar problem in corporate finance research. Our work is closely
related to the papers by Soebhag et al. (2024), Walter et al. (2023), Fieberg et al. (2024),
Fieberg et al. (2025), and Coqueret (2023), which scrutinize research designs in portfolio
sorts. These studies highlight the significant sensitivity of the ultimate conclusions to osten-
sibly minor methodological choices.

The remainder of this paper is structured as follows. Section 2 presents the data and
methods employed in the study. Section 3 reports the baseline empirical findings. Section
4 examines the role of XTREND in asset pricing. Section 5 contains additional robustness
analyses accounting for methodological uncertainty. Section 6 considers the mechanism tests.

Finally, Section 7 concludes the paper.

2. Data and Method

This section describes our empirical strategy. We begin with a discussion of data sources
and pre-processing, then proceed to an overview of the trend signals considered. Next, we
explain the calculation of the cross-asset trend signal. Finally, we summarize the benchmark

models and factors.



2.1. Data Sources and Sample Preparation

We obtain corporate bond data from the Trade Reporting and Compliance Engine
(TRACE) through the Open Bond Asset Pricing project.! The bond data panel includes
returns and bond characteristics over the period from September 2002 to September 2022
and we consider all bonds also covered by Intercontinental Exchange (ICE) and Bank of
America Merrill Lynch (BAML). We merge the bond data with stock data from the Center
for Research in Security Prices (CRSP) and add further stock characteristics from Chen
and Zimmermann (2022) and Jensen et al. (2023). To prevent firms with numerous bond
contracts from dominating estimation and inference, we follow Dick-Nielsen et al. (2023)
and Bali et al. (2024) by aggregating individual bond contracts into a single, value-weighted
contract per firm. We follow the literature and define the return of bond ¢ in month ¢t 41 as

follows:

Pii1+ A + Cin

1
P+ A, (1)

Tit+1 =

where P;; denotes the bond’s price, A;; is the accrued interest, and C;;4; is the coupon
payment, if any. Missing bond returns are imputed from observed average bond returns
Tji41 of firm j using a duration adjustment:

Dijs

Tija+1l = Tjae1 D (2)
J’

with 7; ;41 denoting the imputed return of bond ¢ of firm j, D, ;, is the duration of the ¢-th

bond with missing return, and D, is the value-weighted aggregate duration of all bonds of

Thttps://openbondassetpricing.com/data/
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firm j.
Before merging and aggregating the data, we have a sample of 17,635 unique bonds with
855,312 bond-return observations. After aggregation, we observe 1,943 unique firms with

189,577 bond-return observations.

2.2. Trend Signals

To capture the comprehensive picture of trends, we consider a diverse set of signals from
the finance literature (Han et al., 2016b; Liu et al., 2024; Fieberg et al., 2025). Specifically, we
include 11 indicators based on moving averages, including the 3-, 5-, 10-, 20-, 50-, 100-, 200-,
400-, 600-, 800-, and 1000-day simple moving averages (*_movavg). These are augmented by
the moving average convergence divergence indicator (macd) and its difference to the signal
line (macd_diff signal). Rather than including only information on past stock prices, we also
calculate these indicators from stock trading volume, labeled as *_volmovavg, volmacd, and
volmacd_diff-signal. We also include the Chaikin money flow indicator (chaikin) (Fieberg
et al., 2025). The next group of indicators consists of so-called momentum oscillators, includ-
ing the relative strength index (rs7), stochastic relative strength index (stochRSI ), stochastic
%K (stochK) and %D (stochD), and the commodity channel index (cci). Last, we consider
a variety of volatility indicators, namely the upper (boll_up), middle (boll_mid), and lower
(boll_low) Bollinger bands, and the width of the Bollinger bands (boll_width). A detailed
description of these variables is provided in Online Appendix A.3.

Compared to stocks, corporate bonds are less liquid. Dick-Nielsen et al. (2023) and
Dickerson et al. (2024b), among others, highlight the importance of handling TRACE data

carefully, as TRACE prices represent transaction prices rather than quotes. Calculating
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month-end signals from stock prices and matching them to TRACE data may introduce
look-ahead bias if the transaction occurred earlier in the month. Therefore, we proceed as
follows. First, we include only corporate bonds that were traded within the last five days
of the month (Chordia et al., 2017; Lee et al., 2021; Bredendiek et al., 2023). Jostova et al.
(2024) discuss various approaches to create a month-end price and argue that this approach
provides a good balance between sample coverage and currency of prices. Second, regardless
of when the bond was last traded in a month, we stop calculating signals on the fifth-to-
last trading day within the month. This avoids look-ahead bias by ensuring signals are not

observed after the return period has begun.

2.3. Trend Factor Construction

Rather than relying on a single equity-market trend signal, we aggregate multiple in-
dicators into XTREND, a unified measure of cross-asset trend spillovers from equities to
corporate bonds. Our approach builds on Han et al. (2016b), Liu et al. (2024), and Fieberg
et al. (2025). Specifically, we employ the cross-sectional combined elastic net (CS-C-ENet),
which combines regularization, forecast selection, and forecast combination (Han et al., 2024;
Fieberg et al., 2025). This method aims to tackle potential multicollinearity and the curse
of dimensionality concerns, mitigating the influence of irrelevant signals. In the baseline
specification, we construct XTREND using the eleven moving-average indicators studied in
Han et al. (2016b). In additional tests reported in Section 5, we expand the set to include
all 36 indicators to examine whether trend indicators commonly employed by practitioners
or considered in related studies (Liu et al., 2024; Fieberg et al., 2025) capture additional

information.
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Let 7+ denote the return of the i-th firm’s bond at time ¢ in excess of a duration-matched
government bond portfolio (van Binsbergen and Schwert, 2025), and let z; ;;—1 represent the
j-th predictor derived from the respective stock, with j = 1,..., J representing the number
of signals considered. The CS-C-ENet begins by estimating a sequence of J univariate

Fama-MacBeth regressions over M periods, as described in equation (3):

Tit = Q¢+ Ziji—1B5 + uig Vi, t (3)

with «;; and B, denoting the regression coefficients at time ¢. Next, to stabilize the
coefficients—and ultimately obtain more accurate forecasts—the coefficients are smoothed

over M periods:

1 .
i mzzo Qjt—m (4)
~ 1 M=l
Bj,t - M o’ J,t—m (5)

The univariate ¢ + 1 out-of-sample return forecast is given by:
e = Qe+ Biezige (6)

Finally, the predictions are aggregated into a uniform forecast by taking the equally weighted

average over all univariate predictions:

1<~
Fit+1 = 7 Zﬁ’,t—i—l (7)
j=1
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This combination approach is inspired by insights from time-series analysis (e.g., Rapach
et al., 2010; Dong et al., 2022), showing that a simple combination forecast often outper-
forms multivariate models due to its shrinkage effect, reducing slope magnitudes by 1/J
and improving estimation efficiency. This helps prevent overfitting, enhancing out-of-sample
performance.

However, since not all trend signals contain relevant and independent information about
future returns, the equally weighted forecast from equation (7) might be suboptimal. To
address this, an elastic net is employed to select the most informative predictors (Dong
et al., 2022; Han et al., 2024; Fieberg et al., 2025), leading to the following pooled multivariate

regression (Granger and Ramanathan, 1984):

J
rip =&+ Z 077, + M (8)

j=1

where ¢ is the intercept and 6; represents the optimal weight of forecast j. Following Dong
et al. (2022) and Han et al. (2024), we set the elastic net parameter balancing L' and L?
regularization to 0.5 and optimize the regularization strength A using the corrected Akaike
Information Criterion (AIC). Note that the regression in equation (8) is estimated purely on
an in-sample basis, making no use of out-of-sample information.?

Using the elastic net in equation (8) provides coefficient estimates where 6; # 0 or 6; = 0,
allowing the selection of the most informative predictions while shrinking the influence of

others to zero. Diebold and Shin (2019) show that selecting and averaging the relevant fore-

2In Section 5, we carve out a small set from the in-sample data to form a training and validation sample,
so that the training set is used to estimate the coeflicients and the validation set is used to extract relevant
predictors in a more “out-of-sample” context. However, this does not significantly influence the results.
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casts improves out-of-sample accuracy. Dong et al. (2022) and Han et al. (2024) extend this
by averaging univariate forecasts with 6; > 0, instead of weighting them with 6;, imposing
the economic condition that return forecasts correlate positively with actual returns. The

t + 1 forecast of the cross-sectional combined elastic net (CS-C-ENet) is then computed by:

1 L
Tit+1 = ; Z Tit-&-l (9)

J€s
where 7 represents the set of forecasts implied by univariate Fama-MacBeth regressions
(equation (6)) with 6; > 0 (equation (8)). Henceforth, we refer to the predictions from
equation (9) as the trend spillover signal, XTREND.

Before computing the forecasts, we address potential outliers in predictor variables and
returns by converting them into cross-sectional ranks, which are subsequently mapped to the
interval [-0.5, 0.5] (Kelly et al., 2019; Gu et al., 2020). We estimate all regressions by min-
imizing the value-weighted sum of squared residuals using the bond’s amount outstanding,
which aims at reducing the impact of small bond issues with limited economic significance
(Hou et al., 2020; Han et al., 2024; Fieberg et al., 2025). Lastly, the model parameters are
estimated using an expanding training period, initially consisting out of M = 24 months.

Notably, while our methodology involves numerous ostensibly arbitrary assumptions,
such as concerning the estimation period, error weighting, or even the prediction algorithm,
our results do not hang on these specific choices. Section 5 explores the robustness of our

findings in this context.
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2.4. Benchmark Pricing Models and Factors

To better understand the information content of cross-asset trend spillovers and their
importance for bond pricing, we evaluate them against the backdrop of seven benchmark
models. These include the single-factor capital asset pricing model, which accounts for bond
market risk exposure (MKTB), as well as six multifactor models, denoted by the authors’
names: BBW (Bai et al., 2019), BMV (Baltussen et al., 2024), BSV (Bali et al., 2017), DHP
(Dang et al., 2023b), IPR (Israel et al., 2018), and KPP (Kelly et al., 2023). Table A.3 in
the Online Appendix lists the factors incorporated into each model. This benchmark set
captures a broad range of modeling approaches. For instance, some models rely solely on
bond data (e.g., BBW, BSV, KPP), while others account for equity spillover effects (e.g.,
BMV, DHP, IPR). In total, the models capture exposures to 14 distinct factors: bond market
(MKTB), downside risk (DRF), credit risk (CRF), liquidity risk (LRF), maturity (MAT),
short-term reversal (STREVB), long-term reversal (LTREVB), bond carry (CRY), duration
(DUR), term spread (TERM), bond value (VAL), bond volatility (BVL), and both equity
and bond momentum (MOMS, MOMB).

Furthermore, to provide a more comprehensive analysis, we also consider additional fac-
tors tested in the empirical literature, which are not typically included in the most established
pricing models. This set encompasses factors associated with economic policy uncertainty
(EPU, EPUtax, UNC), post-earnings announcement drift (PEADB), size (SZE), book-to-
market (HMLB), and volatility risk (VOL). In total, we consider 21 different factors, with

their calculation details provided in Table A.2 in the Online Appendix.
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3. Baseline Empirical Findings

To evaluate the predictive properties of the XTREND signal, we begin with portfolio

sorts. Next, we look closer at its performance through time.

3.1. Portfolio Sorts

The construction of the XTREND factor follows the robust bond-factor construction
framework proposed in Dick-Nielsen et al. (2023).> Specifically, we run dependent two-
way sorts on the credit rating category (SG, IG—, IG+), and XTREND, our main return
predictive variable. All portfolios are value-weighted by the bond’s amount outstanding and
rebalanced monthly. The two-way sorts allow us to extract the impact of XTREND after
disentangling the role of credit risk.

The average returns on these portfolios reported in Table 1 reveal a clear pattern in bond
returns: high-XTREND portfolios consistently outperform their low-XTREND counterparts.
The relationship is monotonic, and average profits increase gradually with higher XTREND
— regardless of credit risk category. Consider the long-short portfolio across different credit
risk buckets. Their mean returns range from 0.20% for investment-grade bonds to 0.76% for
speculative-grade bonds, suggesting that the effect is more pronounced for low-rated bonds.
This finding aligns with prior literature showing that momentum spillover is stronger for
high-yield corporate bonds (e.g., Haesen et al., 2017).

The bottom row of Table 1 reports the average returns across all credit rating categories.
Bonds in the top tertile earn an average monthly return of 0.32%, while those in the bot-

tom quintile yield -0.08%. This economically and statistically significant difference suggests

3In Section 5, we test alternative portfolio construction approaches.
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that a long-short strategy—going long on high-XTREND bonds and shorting low-XTREND
bonds—generates an average monthly return of 0.40%. By averaging over credit rating
categories, we ensure that the XTREND portfolio maintains a comparable level of credit
risk, allowing the long-short XTREND factor to isolate gains driven by the trend spillover
strategy. Consequently, we define this as the XTREND factor and employ it in subsequent

analyses.

[Insert Table 1 about here]

Importantly, the profits from a long-short XTREND strategy cannot be explained by any
of the bond pricing models we consider. For instance, the CAPM alpha remains at 0.44%,
indicating no reduction relative to raw returns. Across multifactor models, abnormal returns
range from 0.34% (BSV) to 0.50% (DHP). Given the magnitude of the unadjusted profits,
even the best-performing model accounts for no more than 20% of the abnormal returns,
suggesting that XTREND contains novel and incremental information about future bond
returns that is not captured by common bond factors.

Table 2 provides further insights into the characteristics of XTREND-sorted portfolios.
Notably, the top tertile exhibits more favorable risk properties than the bottom tertile.
Specifically, the standard deviation of the high-XTREND portfolio is 1.94, compared to
2.72 for the low-XTREND portfolio. While the low-XTREND portfolio shows negative
skewness, the high-XTREND portfolio has skewness close to zero, indicating a more balanced
return distribution. This improved risk profile reduces the likelihood of large adverse price
movements in the top tertile. Consistent with this interpretation, the maximum drawdown

for high-XTREND bonds is 7.49%, which is less than half of the 17.01% drawdown observed
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for the bottom tertile. Taken together, these results indicate that sorting bonds based on
XTREND not only yields higher returns but also lower risk, ultimately leading superior

Sharpe ratios.

[Insert Table 2 about here]

Notably, this pattern persists across multiple risk dimensions beyond volatility and dis-
tributional measures. The average credit spread for the bottom XTREND portfolio is signif-
icantly higher (3.40%) than that of the top portfolio (2.54%), suggesting that the XTREND
factor may anticipate changes in credit quality before they are reflected by rating agencies.
Moreover, high-XTREND bonds exhibit lower default probabilities, as evidenced by their
higher distance-to-default measure, and tend to be more liquid. These characteristics make

high-XTREND portfolios particularly attractive for potential investment strategies.

3.2. Time-Variation in XTREND Returns

Does the profitability of XTREND portfolios change over time? Numerous studies docu-
ment that factor performance is not time-invariant, often declining due to investor learning,
changes in market liquidity, or increasing market efficiency (Schwert, 2003; Chordia et al.,
2014; McLean and Pontiff, 2016; Zaremba et al., 2020). Furthermore, factor returns are
not unconditional as they can depend on variables such as investor sentiment or limits to
arbitrage (Nagel, 2012; Stambaugh et al., 2012; Hanson and Sunderam, 2014; Jacobs, 2015;
Avramov et al., 2023; Fieberg et al., 2024). Do similar patterns apply to the XTREND

factor??

4Figure B.1 in Online Appendix B presents the cumulative returns on the bond XTREND portfolio
and compares it to the bond market portfolio (MKTB) and other related bond factors that rely on past
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Table 3 offers a formal look into the time variation in the XTREND factor performance
by reporting the returns and alphas in subperiods depending on a sample split and state vari-
ables. Specifically, we analyze the gains in the equal halves of our sample period (September
2005 to February 2014 and March 2014 to September 2022) and in periods following past
high and low market returns or volatility—both within bond and stock markets—as well
as based on the variation in economic uncertainty, investors’ risk aversion, and economic
activity. The profits and alphas are significant in all subperiods considered, confirming they
do not stem from any particular market regime. However, a certain degree of variability can
be noticed. Specifically, returns tend to be lower in the second half of our sample, although
alphas remain comparable for most benchmark models. Further, XTREND performs better
in bond and stock bear markets and periods characterized by high stock market volatility
and economic uncertainty. The XTREND factor is thus different from stock strategies based
on past returns, which tend to overperform in bull markets (Cooper et al., 2004). Finally,
XTREND is stronger in periods of high risk aversion, while high economic activity lowers
profits. This observation supports the findings of Feng et al. (2025b), who document that

bond return predictability tends to be higher under such market conditions.

[Insert Table 3 about here]

4. Asset Pricing Tests

Our baseline results so far indicate the strong performance of portfolios driven by cross-

asset trend spillovers. But how significant is this effect for corporate bond pricing? To

returns, namely, bond short-term reversal (STREVB), bond momentum (MOMB), and bond long-term
reversal (LTREVB), and momentum spillover (MOMS).
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address this, we conduct three distinct analyses. First, we explore whether XTREND ex-
pands the mean-variance frontier of existing models. Second, we evaluate the explanatory
power of the XTREND factor for cross-sectional patterns in the bond market. Finally, we
test the relevance of the XTREND factor in bond pricing by analyzing over three quadrillion

models, carefully accounting for potential model misspecification.

4.1. Mean-Variance Spanning

To investigate the additional value XTREND offers compared to other common factors,
we conduct mean-variance frontier expansion tests, which allow testing the pricing per-
formance of models without relying on specific test assets (Novy-Marx and Velikov, 2016;
Soebhag et al., 2024; Fieberg et al., 2025). Specifically, if a factor provides incremental
information about average returns, adding it to the model should expand the span of the ef-
ficient frontier. Let MV Py, , represent the return of the tangency portfolio derived from the
factor set My, and MV Py, un,+ represent the return of the tangency portfolio that includes
both factor sets M; and M,. If M; adds information to My, MV P,un,,: Will outperform
MYV Py, 4, indicating that M, is not mean-variance efficient and that the additional factors

in M, are indeed relevant. Econometrically, we estimate the following time-series regression:

MYV Pryonige = o+ BMV Py + & (10)
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with a and /8 being regression coefficients and e, being regression residuals.® If the alpha
of this regression is positive and statistically significant, it indicates that the factors in M,
improve the span of the efficient frontier for the factor set Mj.

To mitigate potential overfitting concerns, we focus on pure out-of-sample mean-variance
portfolios. Specifically, we estimate portfolio weights using data from the previous 36 months,
calculate the realized portfolio return, and then re-estimate the weights. For comparability,
we rescale the portfolio weights to match the monthly bond market volatility.

Table 4 reports the results of this analysis. Panel A shows the effect of adding the
XTREND factor to the benchmark model. As indicated by the alphas, the inclusion of
XTREND consistently improves the span of the efficient frontier. The alphas are positive
and significant, ranging from 0.84% (BMV) to 1.07% (CAPM). Notably, the XTREND factor
expands the frontier even for relatively complex models like IPR and KPP. Therefore, the
XTREND factor should be considered essential in bond pricing models—any model without

XTREND may be regarded as incomplete.

[Insert Table 4 about here]

Panel B of Table 4 examines whether adding the factors associated with a given model
to another model, already extended with XTREND, enhances the span. Specifically, the
reported numbers represent alphas associated with including the factor set indicated in a

row relative to the existing factor set (+XTREND) shown in a column heading. Overall,

5Specifically, we estimate unrestricted maximum Sharpe ratio portfolios with weights w obtained by
solving
_ X'
e st m
with w denoting the K x 1 vector of factor weights, ¥ being the K x K variance-covariance matrix of factor
returns, and p being the K x 1 vector of factor means. 1 is a K x 1 vector of ones.
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the results suggest that, conditional on XTREND, most existing factor models offer limited

additional gains in spanning the efficient frontier.

4.2. Ezxplaining Cross-Sectional Variation in Bond Returns

Next, we examine whether XTREND helps explain cross-sectional variation in corpo-
rate bond returns using characteristic-sorted test portfolios. Our test assets consist of 55
long—short portfolios drawn from two sources: (i) 19 bond return patterns studied in prior
asset pricing work (see Section 2.4),% and (ii) 36 portfolios formed on the trend indicators
described in Section 2.2. Together, these portfolios span a broad set of cross-sectional pat-
terns.

We evaluate common bond factor models and augmented versions that include XTREND,
with the objective of assessing whether XTREND contributes incremental explanatory power
rather than identifying a dominant pricing model. Figure 1 provides a graphical summary of
the results. For each model, the left panel reports alphas from the original specification, while
the right panel reports alphas after incorporating XTREND. In these plots, models that fail
to explain the anomalies exhibit alphas aligned closely with the 45-degree line, indicating that
pricing errors increase proportionally with average returns. Once XTREND is included, the
distribution of alphas becomes markedly flatter, and the number of statistically significant

pricing errors declines substantially.

[Insert Figure 1 about here]

Table 5 provides more formal insights by reporting several simple statistics that illustrate

6To reiterate, their description is available in Table A.2 in Online Appendix A. Note that we do not
consider MKTB and TERM as test assets here.
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the model’s performance: average absolute alphas and t-statistics, the number of alphas

significant at the 5% level, and weighted pricing errors A.”

[Insert Table 5 about here]

The results confirm the essential role of the XTREND factor. While no model is perfect,
accounting for the cross-asset trend spillover improves their efficiency considerably. Observe
the average absolute alphas and their associated t-statistics. The “original” models leave
average abnormal returns ranging from 0.13% to 0.17%. Incorporating the XTREND factor
reduces alphas by approximately half to two-thirds. Their average absolute values decline
to the 0.06%-0.11% range and the number of significant alphas is reduced to between three
and seven. The analysis in this section cannot confirm the dominance of an existing factor

model; however, it shows that XTREND proves important for cross-sectional bond pricing.

4.3. Estimating Quadrillions of Models

The previous analyses suggest that XTREND improves the performance of benchmark
models. However, is it part of the stochastic discount factor (SDF) after sampling over all
possible combinations? Bryzgalova et al. (2023) propose a Bayesian approach to model all
combinations of possible factor models and estimate the posterior probability that a factor
is included in the SDF. Their method allows for both tradable and non-tradable factors and
accounts for model misspecification. Dickerson et al. (2024a) apply this framework to the
stock and bond factor zoo and find that out of the tradable factors, only stock and bond

post-earnings announcement drift factors (PEAD, PEADB) emerge as dominant, while some

"Following Shanken (1992), weighted pricing errors are defined as A = o' Y la, with ¥ denoting the
covariance matrix of regression residuals.
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nontradable factors—stock market volatility, credit, and a yield spread factor—also have
high posterior probabilities of being part of the SDF. In this experiment, we reproduce their
methodology to test whether XTREND is likely to be part of the SDF after accounting for
bond, stock, and non-tradable factors.

To mitigate data mining concerns, we follow the setup of Dickerson et al. (2024a) and
include only the same 16 bond, 14 non-tradable, and 24 stock factors they used (see Table A1
in Dickerson et al., 2024a, for a description of these factors). We augment the set of candidate
bond factors with XTREND, resulting in a total of 55 factors, implying sampling over 3.6
quadrillion (2°%) possible models. The test assets consist of 25 portfolios from independent
two-way sorts on credit spread and market value, as well as 25 portfolios formed on credit
rating and maturity. Finally, the 16 bond factors considered in Dickerson et al. (2024a) and

XTREND are also considered as test assets.®

[Insert Figure 2 about here]

Figure 2 presents the results, plotting the posterior probabilities for the candidate fac-
tors (detailed probabilities and premium estimates are available in Table B.2 in the Online
Appendix B). We conduct exercises considering different sets of candidate factors: 17 bond
factors, 31 bond, and non-tradable factors, and all 55 bond, stock, and non-tradable factors.

Irrespective of the factor set used, the PEADB factor emerges as relevant, confirming
the results in Dickerson et al. (2024a). Furthermore, in any specification that allows for

nontraded risk factors, the CREDIT factor’s posterior probabilities visibly exeed 50%, which

8As pointed out by Lewellen et al. (2010) and Pukthuanthong et al. (2019), test assets should have
sufficient heterogeneity to allow for robust tests. However, we do not include additional test assets to adhere
as closely as possible to the study by Dickerson et al. (2024a).
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also aligns with Dickerson et al. (2024a). However, adding the XTREND factor, we find that
its posterior probabilities exceed those of any other factor, supporting the finding from above
that XTREND is essential for empirical bond pricing.

To summarize, the tests in this section consistently highlight the crucial role of XTREND
in asset pricing. It emerges as a significant return driver in the bond market, significantly

improving pricing accuracy.

5. Accounting for Methodological Uncertainty

The construction of XTREND in our previous analyses is based on the data and method-
ological assumptions of Dick-Nielsen et al. (2023) and the approach in Fieberg et al. (2025).
However, nothing is set in stone, and the asset pricing literature offers a variety of method-
ological designs. These can relate to forecast estimation, data preparation, and portfolio
construction, and—even if seemingly minor—can have a critical impact on the final conclu-
sions. Menkveld et al. (2024) refer to these as non-standard errors, and as seen in recent
studies (Soebhag et al., 2024; Walter et al., 2023; Fieberg et al., 2024), their impact in asset

pricing research can be substantial.

5.1. Testing Framework

To analyze the role of non-standard errors in the trend spillover effect, we implement long-
short XTREND portfolios using various alternative research designs. Overall, these designs
can be grouped into four broad categories, corresponding to different phases of trading
implementation: (i) research sample, (ii) data cleaning, (iii) return forecasting, and (iv)

portfolio construction. Table 6 outlines all decision nodes, and below, we provide a brief
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overview.

[Insert Table 6 about here]

As shown in Panel A, the sample construction aspect involves four design choices. First,
since a firm may have several outstanding bond issues, considering each individually could
lead to an overrepresentation of firms with many bonds. Therefore, following Dick-Nielsen
et al. (2023) and Bali et al. (2024), we aggregate all outstanding bonds into a single firm
observation by value-weighting the respective returns and characteristics. A drawback of
this approach is that value weighting creates artificial assets that are not observable in the
real world. As an alternative, we select only the largest bond issue for each firm each month.
Finally, as a third option, we consider all individual bonds—without any aggregation or
preselection.? Second, we scrutinize the effect of return imputation, as described in equation
(2), and consider the sample both with and without this amendment. Third, our baseline
scenario follows the recommendations of van Binsbergen and Schwert (2025) to calculate
bond returns in excess of duration-matched government bond returns rather than Treasury
bills, as widely used in academic research. In this multiverse analysis, we consider both
approaches. Lastly, we restricted attention to contracts available in TRACE that are also
covered by ICE and BAML. Although this excluded only a small portion of the sample, we
experiment with including all bonds covered by TRACE.

The second set of methodological decisions concerns data filters. In the baseline sce-

nario, we refrain from applying any additional sample cleaning procedures. However, as an

9This choice is also widely employed in empirical research (e.g., Gebhardt et al., 2005; Haesen et al., 2017;
Kelly et al., 2023)

27



alternative, we employ filters developed by contributors to the Open Bond Asset Pricing
project to manage data uncertainty in the corporate bond universe. These filters impose
a maximum and minimum return threshold of 20% and -20%, a price filter that drops all
bonds with a market price of less than $20, and a return bounce-back exclusion, where we
exclude observations if the absolute product of their monthly returns r; - r,_; exceeds 0.01.

The third category of design nodes is related to the estimation of the aggregate trend
spillover characteristic. Our baseline results use a rolling estimation window with a two-
year expanding window. Alternatively, we now include a fixed-length window, along with
different (initial) in-sample observation lengths: 12, 36, or 48 months. Furthermore, while
the baseline approach uses linear regressions that minimize the value-weighted mean squared
error, we now also consider a variant that weights errors equally. Next, we build XTREND
from multiple indicator sets. In the baseline design, we use the eleven moving-average signals
commonly studied in the stock market (Han et al., 2016b). We then broaden the information
set to the full set of 36 trend indicators described in Section 2.1 and analyzed in Fieberg
et al. (2025). Finally, motivated by evidence that volume adds little incremental information
in U.S. equities (Liu et al., 2024), we construct a variant that excludes all volume-based
indicators. In sum, we implement three designs: (i) moving averages only (baseline), (ii) the
full indicator set, and (iii) the full set excluding volume signals. Lastly, we explore several
alternative methods for aggregating individual predictors into a composite measure. Beyond
our baseline CS-C-ENet method from Fieberg et al. (2025), we extend the selection to the
multivariate Fama-MacBeth regression (FM), combined Fama-MacBeth approach (CFM), a
pooled multivariate regression (POLS), combined POLS (CPOLS), and the combined elastic

net (C-ENet) of Dong et al. (2022).
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Further to the above, regarding the methods that perform forecast selection via the elastic
net (i.e., the CS-C-ENet and C-ENet), we identify two additional design choices. When
creating the aggregate forecast as described in Section 2.3, we estimate the parameters and
select the forecast using in-sample data. However, the forecast selection may not hold out of
sample; therefore, we consider a research design in which the in-sample observations are split
into a training and a validation set. While the training data (70% of the in-sample data)
is used to estimate the parameters, the validation set (30% of the in-sample data) is used
only for forecast selection. Our second design choice for estimating the CS-C-ENet involves
weighting individual forecasts. While we follow the recommended approach in the literature
and use the equally weighted average of all selected forecasts (Clemen, 1989; Diebold, 1989;
Rapach and Zhou, 2013; Dong et al., 2022; Han et al., 2024), we now alternatively use the
0 parameters as weights.

Finally, the fourth category of research design choices relates to portfolio construction.
First, we compare the influence of the choice of breakpoints by considering dependently
double-sorted tertile (Dick-Nielsen et al., 2023) and independently double-sorted quintile
(Dickerson et al., 2024a) portfolios, as well as single-sorted quintile portfolios. Last, we
consider value-weighted and equally weighted factor portfolios.

In total, combining all possible design choices results in 1,327,104 research implementa-
tions. We juxtapose these with the same set of alternative implementations for benchmark

factors, using all relevant decision nodes from Table 6.1°

1ONote that not all design choices apply to the benchmark factors, including all design choices in Panel C.
For benchmark factors, we have 9,216 possible combinations.
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5.2. Baseline Findings under Alternative Research Designs

Figure 3 zooms into the impact of certain design choices on the XTREND factor’s perfor-
mance by employing a specification curve analysis (Simonsohn et al., 2020). Specifically, the
Sharpe ratios of the XTREND factor across all 1.3 million research design combinations are
sorted in ascending order to create the specification curve. Below, colored and white areas
indicate whether a specific research design choice yields a given Sharpe ratio. If a particular
decision node is particularly important for generating high (low) Sharpe ratios, clustered
shaded areas will be visible on the right (left) side of the figure.

Considering the specification curve in the top panel first, we find that most specifications
generate positive Sharpe ratios, from which 94.8% are statistically significant at least at the
5% level, tested using the Lo (2002) Sharpe ratio test. The dashed grey lines indicate the
25%, 50%, and 75% percentiles and the blue line shows the Sharpe ratio of our baseline
setting. The vast majority of implementations result in profitable strategies, with a typical
range of Sharpe ratios spanning 0.91 (as in our baseline setting) to 1.46.

The bottom panel suggests that most designs do not systematically affect Sharpe ratios;
however, some observations are noticeable: Among the design choices related to the sample
construction, we find that aggregating bonds into a single firm-level contract by weighting
them using their amount outstanding—as in our baseline results—tends to lower Sharpe
ratios, while considering the largest bond each month elevates them. Table B.3 in the Online
Appendix takes a more formal perspective on the results by reporting the median Sharpe
ratios for a certain design choice for XTREND and other bond factors. Value-weighting all
bonds outstanding yields a median Sharpe ratio of 0.97, while using all bonds or considering
the largest bond only produces median Sharpe ratios of 1.25 and 1.39, respectively. For other
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design choices that affect the research sample, we find no notable effect.

Next, we take a closer look at the data cleaning filters, from which we apply none in
our baseline scenario. We find that setting upper limits for returns and excluding extreme
return bouncebacks increases the performance of the XTREND factor. Across the design
choices for XTREND estimation, we find that only the type of estimation window affects
performance to some degree. While the fixed-length specifications are aligned in the middle
of the specification curve (median Sharpe ratio is 1.12), specifications using an expanding
window tend to be located at the right-hand side (median = 1.31). Expanding the set of pre-
dictors does not systematically increase or decrease the XTREND performance, suggesting
that the relatively small set of eleven moving average indicators suffices to capture the trend
spillover from stocks to bonds. The formal perspective in Table B.3 illustrates that FM and
POLS perform worse than other approaches. However, the CS-C-ENet considered in our
baseline setting performs worse than a simple CFM or CPOLS, suggesting that regulariza-
tion and forecast selection do not help to improve performance, while forecast combination
is essential. Last, not surprisingly, creating equally weighted factors boosts performance by

increasing median Sharpe ratios from 1.12 to 1.30.

[Insert Figure 3 about here]

In summary, only a few design choices systematically affect the Sharpe ratios of the
XTREND factor, including sample construction procedures, data cleaning filters, portfolio
weighting, and the type of the estimation window. However, in our baseline setting, we
followed the common literature (Han et al., 2016b; Fieberg et al., 2025) and used a rather

conservative setting. This led to a Sharpe ratio that is marginally at the first quartile.
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5.8. Asset Pricing Tests under Alternative Research Designs

After observing that XTREND is a robust factor, we examine its relative performance
compared to other bond factors. Figure 4 compares the distributions of the XTREND factor
with other bond pricing factors from the literature. Panel A focuses on Sharpe ratios, and
XTREND'’s superiority is striking. Its risk-adjusted performance clearly overshadows that
of other factors, delivering Sharpe ratios that are remarkably higher. The only exceptions
are the PEADB and SZE factors, which achieve a comparable risk-adjusted performance. In
fact, in many cases, the median Sharpe ratios for XTREND, SZE, and PEADB are higher
than the best specification of the benchmark factors. In other words, only these three factors
consistently generate reliable risk-return profiles, making them essential factor candidates for

bond pricing.

[Insert Figure 4 about here]

Panel B of Figure 4, in turn, concentrates on t-statistics for the Sharpe ratios. Once again,
the dominance of XTREND, SZE, and PEADB is evident. The median ¢-statistics exceeds
four, significantly higher than those of other bond factors. For the remaining bond factors
discussed in Section 2.4, the range of possible outcomes is large, which may explain the weak
evidence of a bond factor zoo in the literature and the absence of a superior benchmark bond
pricing model. Out of the other bond factors, only the MKTB, DRF, CRY, BVL, and VAL
factors achieve significant Sharpe ratios, on average.

To sum up, both panels of Figure 4 highlight the noticeable prominence of XTREND
compared to known bond factors.

Soebhag et al. (2024) highlight the importance of non-standard errors in the context of
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asset pricing tests. Different factor constructions may have uneven power to capture cross-
sectional variation in returns and may perform differently in asset pricing tests. Hence, it
would be valuable to extend the analysis of methodological uncertainty to bond pricing tests
as well. How robust is the relevance of the XTREND factor in this context?

To begin with, we reproduce the tests of generalized alphas from Section 4.1 for alternative
research designs. Our goal is to examine the distribution of XTREND’s alphas relative to
different asset pricing models and assess their statistical significance. Figure 5 illustrates this.
As shown in Panel A, the generalized alphas for the XTREND factor remain predominantly
positive across benchmark models. Furthermore, as shown in Panel B, the alphas are also
significant in the vast majority of cases. Specifically, the median t-statistic hovers above
3, depending on the model, and the share of significant t-statistics ranges between 86.5%
(BMV) and 90.1% (CAPM, KPP). The strongest benchmark model is the BMV model,
which includes a momentum spillover factor that is, by nature, closely related to XTREND.
However, as evident from the existing literature (Han et al., 2016b; Liu et al., 2024; Fieberg
et al., 2025), momentum is an incomplete measure of trend, yielding a superior performance
of XTREND over MOMS in two-thirds of all research designs. Hence, the results appear

robust to alternative research specifications.!!

[Insert Figure 5 about here]

In addition to the above, Figure 6 addresses the same issue from a different angle. It

1 Table B.4 in the Online Appendix B reports the median t-statistics of the generalized alphas for each
research design choice. The results reflect the findings from Figure 3 and Table B.3 that the way to select
bond contracts, methods for removing outliers, and the type of the estimation window significantly affect
the performance of the XTREND factor. Also using FM and POLS decreases the performance, once more
supporting the finding from above that shrinkage via forecast combination helps to generate more accurate
predictions.
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extends the analysis in Table 5 and reports the distribution of reductions in pricing errors
due to including the XTREND factor. In this case, we aim to determine how effectively the
trend spillover factor enhances other models’ ability to explain cross-sectional variation in
bond returns. As in Table 5, we focus on the 55 characteristic-sorted portfolios and examine

the percentage reduction in portfolio alphas across the 1.3 million distinct implementations.

[Insert Figure 6 about here]

Once again, the results confirm the robustness of the XTREND factor in improving the
models’ ability to capture patterns in bond returns. The alphas consistently decline across
the vast majority of specifications. While the magnitude of this decrease varies, the overall
trend is clear. Pricing errors are typically reduced by 20% to 40%, depending on the model.
To sum up, our initial assumptions are relatively conservative, and the conclusions from the

previous analyses hold across most alternative specifications.

6. Mechanism Tests

Having characterized XTREND’s properties, we next examine the underlying economic
mechanisms. We proceed in two steps. First, we test whether trading frictions and hedging
constraints moderate the cross-market transmission of equity signals into corporate bond
prices, as implied by our baseline framework. Second, we contrast this channel with alter-

native explanations by evaluating a broad set of hypotheses from the momentum literature.

6.1. Trading Frictions and Cross-Market Transmission

If equity and corporate bond markets are only partially integrated, equity-market in-
formation should be diffused and incorporated into bond prices gradually rather than in-
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stantaneously, with adjustment slowed by trading frictions and arbitrage constraints (see,
e.g., Mitchell et al., 2007; Duffie, 2010). Models of gradual information diffusion predict
underreaction when information spreads unevenly across investors and markets (Hong et al.,
2000). Empirically, delayed price responses are most pronounced for small, illiquid, weakly
monitored, or hard-to-arbitrage assets, where mispricing can persist due to trading costs,
risk-bearing constraints, and delay price adjustment (O’Hara, 2003; Bernard and Thomas,
1989; Hou, 2007; Hou and Moskowitz, 2005; Pinter and Ush'i, 2025).

Consistent with this view, limits-to-arbitrage theories emphasize that when positions
are costly or risky to hold, arbitrageurs optimally take smaller positions, allowing slow ad-
justment and delayed information incorporation (Shleifer and Vishny, 1997; Pontiff, 2006).
Idiosyncratic risk plays an important role in this mechanism by raising hedging and inven-
tory costs and weakening arbitrage incentives (Duan et al., 2010; Engelberg et al., 2012;
Stambaugh et al., 2015). Similar frictions characterize corporate bond markets, which are
dealer-intermediated, trade infrequently, and exhibit substantial liquidity heterogeneity, im-
peding rapid price discovery (Downing et al., 2009; Ronen and Zhou, 2013). Evidence from
cross-market interactions further shows that credit-relevant information is often incorporated
first in more liquid venues and only later in less liquid bonds, consistent with segmented mar-
kets and slow transmission (Hotchkiss and Ronen, 2002; Blanco et al., 2005).

In line with this reasoning, cross-asset predictability should be strongest precisely where
information transmission is slowest. If XTREND captures the delayed incorporation of
equity-market information into corporate bond prices, its return premium should therefore
concentrate in segments characterized by high trading frictions and limited arbitrage capac-

ity. This reasoning yields several testable predictions. First, XTREND should be stronger
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for less liquid bonds, consistent with slower price discovery when transaction costs and search
frictions are high (Chordia et al., 2008; Downing et al., 2009; Ronen and Zhou, 2013; Choi
and Kim, 2018; Pontiff, 2006; Back and Crotty, 2015). Second, XTREND should prevail in
smaller bond issues. In gradual-diffusion models, fixed information-acquisition costs imply
that information travels more slowly for “small” securities, leading to delayed price ad-
justment (Hong and Stein, 1999; Hong et al., 2000). Third, XTREND’s predictive power
should increase with bond-specific idiosyncratic volatility (or residual risk after controlling for
standard bond factors), reflecting higher hedging and inventory costs and weaker arbitrage
activity (Shleifer and Vishny, 1997; Pontiff, 2006; Duan et al., 2010; Engelberg et al., 2012;
Choi and Kim, 2018). Fourth, XTREND should matter more for lower-rated and higher-
spread bonds, where informational opacity and market segmentation are more pronounced
and adjustment is slower (Gebhardt et al., 2005; Haesen et al., 2017). Consistent with this
cross-sectional concentration in high credit-risk segments, a broad set of anomaly profits is
known to be disproportionately associated with financially distressed firms (Avramov et al.,
2007, 2013).

To test these conjectures, we closely follow the testing framework of Goyal et al. (2024).

Specifically, we estimate the following Fama-MacBeth cross-sectional regression:

Tit = Yot + N XTREND; ;1 + 724 Xit—1 + V3 XTREND; 1 X X1+ Uy (11)

where X;;_; is a control variable that represents a considered explanations. The coefficient
of the interaction term s, is of particular interest as it captures the extent to which the

XTREND effect is moderated by a given variable. We proxy illiquidity using the Amihud
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ratio, idiosyncratic risk using residual volatility from a bond market model, bond size using
market value, and credit risk using ratings and credit spreads. For robustness, we also
consider total bond return volatility. Variable definitions are provided in Table A.1 in the
Online Appendix. Notably, we follow Goyal et al. (2024) and flip the sign of the control
variables X;;, so that a positive sign indicates that our finding aligns with our conjecture.
Importantly, to avoid any bias in our findings, we do not limit the tests to our baseline
methodology. On the contrary, we reproduce the regressions across 221,184 research designs
discussed in Section 5.2 This allows for a more holistic view on the origins of the XTREND
profits.

Figure 7, Panel A, summarizes the outcomes of this analysis by reporting the distribu-
tion of t-statistics for the interaction terms across research designs. The evidence is broadly
consistent with a trading-frictions and slow-adjustment mechanism. Across liquidity mea-
sures, issue size, idiosyncratic and total volatility, credit ratings, and credit spreads, the
interaction coefficients are predominantly positive and statistically significant in the vast
majority of designs. The distributions of ¢-statistics are shifted toward the predicted side
and, for most characteristics, their median exceeds conventional significance thresholds. This
pattern indicates that XTREND’s return predictability is systematically stronger for bonds
that are harder to trade, less visible, riskier to hedge, and subject to greater credit-market
frictions—namely, illiquid bonds, smaller issues, bonds with higher idiosyncratic volatility,
lower ratings, and wider spreads.

Importantly, these conclusions are not driven by a narrow subset of specifications. The

12Note that the design choices affecting the portfolio construction (Panel D) do not matter for this analysis.
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distributions remain concentrated on the predicted side across the multiverse of designs, with
limited mass near zero and relatively few outliers. The baseline estimates (blue diamonds)
lie close to the centers of the corresponding distributions, suggesting that the baseline spec-
ification is broadly representative rather than exceptional. Overall, Panel A provides robust
support for slow cross-market adjustment: equity-based signals embedded in XTREND are
incorporated most slowly—and thus predict returns most strongly—in segments of the cor-

porate bond market characterized by high trading frictions and tight arbitrage constraints.
[Insert Figure 7 about here]

6.2. Alternative Explanations

To complement the evidence in the previous section, we examine alternative explanations
for XTREND’s return predictability. Specifically, we test the set of theories considered by
Goyal et al. (2024) in the context of equity momentum, a closely related phenomenon.
Using the corresponding empirical proxies, we examine: (a) investor’s overconfidence (book-
to-market equity ratio following Daniel et al. (1998) and Daniel and Titman (1999); b) share
turnover following Odean (1998) and Lee and Swaminathan (2000)), ¢) information diffusion
in stocks (residual analyst coverage following Hong and Stein (1999) and Hong et al. (2000)),
d) frog-in-the-pan hypothesis (information discreteness following Da et al. (2014)) e) anchor
theory (price to 52-week high following George and Hwang (2004)), and f) growth options
(costs of goods sold scaled by total assets and stock return volatility following Sagi and
Seasholes (2007)). A detailed description of these variables is provided in Table A.1 in the

Online Appendix.'® As in the equity momentum literature, these proxies are interpreted

13Consistent with Goyal et al. (2024), we adjust the sign of variables when necessary so that higher values
correspond to stronger predicted effects.

38



according to their respective theoretical mechanisms. Because the proxies are imperfect, our
analysis constitutes a joint test of each theory and its empirical implementation. All tests
are conducted across the full multiverse of 221,184 research designs. Panel B of Figure 7

summarizes the results.

Investor Overconfidence. Daniel et al. (1998) propose that investor overconfidence is more
pronounced in situations where it is difficult to assess a firm’s intrinsic value, particularly
for growth stocks (i.e., firms with low book-to-market equity ratios). The overconfidence
hypothesis suggests that investors overweight their private information and underweight
public signals, leading to excessive trading and momentum effects. If this holds and spills
over to corporate bonds, we should observe stronger XTREND in growth stocks, where
uncertainty about intrinsic value is higher (Daniel and Titman, 1999). Our empirical results
do not support this prediction. The interaction coefficient between XTREND and the book-
to-market proxy is negative and statistically insignificant, indicating that trend spillovers
are, if anything, stronger for value firms. One possible explanation is that value firms tend
to exhibit higher default risk (Fama and French, 1995; Chen and Zhang, 1998; Dichev,
1998). For such firms, equity price movements may convey more informative signals about
changes in creditworthiness, leading to stronger spillovers into bond prices. We leave a more
detailed investigation of this mechanism for future research. Results based on an alternative
overconfidence proxy—share turnover (Odean, 1998; Lee and Swaminathan, 2000)—likewise

fail to provide support for the overconfidence hypothesis.

Limited Attention. Hong et al. (2000) propose the limited-attention hypothesis, under which

momentum is stronger for stocks with slow information diffusion, proxied by low (residual)

39



analyst coverage. When investor attention is limited, information is incorporated into prices
only gradually, leading to more persistent return patterns. In our setting, however, this
mechanism is difficult to reconcile with a cross-market spillover interpretation: if corporate
bond prices lag equity prices, spillovers should originate from equity prices that already
embed informative signals about fundamentals, rather than from stocks whose prices re-
main noisy due to limited attention. Consistent with this reasoning, we find no evidence
that trend spillovers from equities to bonds are stronger for firms with low residual analyst
coverage. This absence of amplification aligns with our baseline conjecture that XTREND
captures delayed transmission of informative equity signals rather than momentum driven

by inattentive pricing.

Anchor Theory. George and Hwang (2004) propose an anchoring-based explanation in which
investors rely on past price highs as reference points when evaluating a stock’s value. In
particular, the 52-week high serves as a salient anchor, such that stocks trading far below
their past peaks—those with a high ratio of the 52-week high to the current price—are
perceived as undervalued and exhibit stronger momentum. In our setting, this mechanism
would imply stronger cross-asset trend spillovers for firms whose equity prices are far from
their 52-week highs. We find no evidence consistent with this prediction: the interaction

estimates are economically small and statistically insignificant across specifications.

Frog-in-the-Pan Hypothesis. Da et al. (2014) propose the frog-in-the-pan hypothesis, which
posits that investors underreact to information that arrives gradually but respond more fully
to discrete, salient news shocks. As a result, momentum should be stronger when information

is released in a continuous and incremental manner. In our setting, this mechanism would
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predict stronger cross-asset trend spillovers when equity information arrives gradually rather
than discretely. We find no evidence consistent with this prediction: the interaction estimates
are small and statistically insignificant across specifications, indicating that information

discreteness does not systematically amplify XTREND’s return predictability.

Growth Options. Last, Sagi and Seasholes (2007) argue that stocks with higher volatility
tend to possess greater growth options, which can give rise to stronger momentum effects.
The underlying intuition is that stock volatility reflects uncertainty about future outcomes,
increasing the option-like component of equity value and amplifying investors’ sensitivity
to new information. We find limited evidence consistent with this mechanism: while stock
return volatility is sometimes positively associated with trend spillovers from equities to
corporate bonds, the interaction term is statistically significant in only about 25% of research
designs. However, this evidence is not robust across alternative proxies for growth options.
When using costs of goods sold (COGS) as an inverse proxy for growth options, we do
not find a reliable relationship with trend spillover. Taken together, these results suggest
that while valuation uncertainty associated with volatile equity valuations may occasionally
transmit across asset classes, the growth-options channel provides at best a secondary and
fragile explanation for stock-to-bond momentum spillover, especially when compared to the
more robust role of bond market frictions.

To summarize, we find no robust evidence supporting the alternative explanations consid-
ered. Although equity return volatility sometimes exhibits a positive association with trend
spillovers, this relationship is fragile and not consistent across research designs. In contrast,

incomplete integration between stock and bond markets and slow cross-market information
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diffusion emerge as the most plausible channels.

7. Concluding Remarks

Corporate bond and equity markets are imperfectly integrated, implying that bond prices
incorporate equity-based information only gradually. We introduce XTREND, a cross-asset
trend spillover measure that aggregates a broad set of equity-market trend signals into a
single predictor of corporate bond returns. Empirically, XTREND plays an important role
in explaining bond return dynamics: it is statistically significant, economically meaningful,
and helps account for cross-sectional variation in corporate bond returns. A long—short
strategy that buys bonds with high XTREND scores and sells those with low scores earns
an average return of 0.40% per month, which is not explained by standard asset pricing
models. The trend spillover effect is present across bonds of different credit quality and
market conditions and remains stable across states.

In addition, our findings underscore the importance of incorporating information con-
tained in equity price and volume trends into bond pricing models. Accounting for XTREND
significantly expands the efficient frontier spanned by known factors and substantially re-
duces pricing errors and the number of unexplained anomalies. Consistent with these results,
Bayesian model sampling over more than three quadrillion specifications assigns XTREND
a higher inclusion probability than most established factors in the stochastic discount factor.

Notably, the role of XTREND is robust across 1.3 million alternative research imple-
mentations, encompassing methodological variations in sample selection and preparation,
forecasting procedures, and portfolio formation. Across the vast majority of these scenar-

ios, the trend spillover factor continues to expand the efficient frontier, indicating that its
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contribution to asset pricing is not sensitive to specific methodological choices.

Finally, we investigate the economic mechanisms underlying the XTREND effect. Con-
sistent with slow cross-market transmission, XTREND is stronger in segments character-
ized by higher trading frictions and tighter arbitrage constraints—illiquid bonds, smaller
issues, bonds with higher volatility, and bonds with greater credit risk (lower ratings and
wider spreads). We also consider a comprehensive set of alternative explanations from the
momentum literature (investor overconfidence, limited attention, information discreteness,
anchoring, and growth options). However, these alternatives receive limited support. Taken
together, the findings point to incomplete market integration and delayed adjustment as a
central source of cross-asset trend spillovers in corporate bond returns.

Further studies on the topics discussed in this paper could be pursued in at least two
directions. First, while this paper focuses on U.S. corporate bonds, extending the analysis to
other countries and regions would be valuable. Differences in market structures, regulatory
environments, and economic conditions could influence the relationship between stock market
signals and bond pricing. Second, subsequent research could employ more advanced machine
learning techniques to better capture non-linearities and interactions in past price behavior.
Additionally, using tools such as convolutional neural networks (Jiang et al., 2023) may
allow for extracting information directly from graphical sources, potentially providing richer

insights that could be valuable for bond markets.

Declaration of AI Use in Manuscript Preparation

This manuscript has undergone spelling and grammar checks with the assistance of Al

tools. While AT was used to enhance language accuracy, the final content has been thoroughly

43



reviewed and approved by the authors. The authors remain fully responsible for the accuracy

and integrity of the work.

44



References

Avramov, D., Cheng, S., Metzker, L., 2023. Machine learning vs. economic restrictions:

Evidence from stock return predictability. Management Science 69, 2587-2619.

Avramov, D., Chordia, T., Jostova, G., Philipov, A., 2007. Momentum and credit rating.

Journal of Finance 62, 2503-2520.

Avramov, D., Chordia, T., Jostova, G., Philipov, A.; 2013. Anomalies and financial distress.

Journal of Financial Economics 108, 139-159.

Avramov, D., Chordia, T., Jostova, G., Philipov, A., 2022. The distress anomaly is deeper

than you think: Evidence from stocks and bonds. Review of Finance 26, 355-405.

Avramov, D., Kaplanski, G., Subrahmanyam, A., 2021. Moving average distance as a pre-

dictor of equity returns. Review of Financial Economics 39, 127-145.

Back, K., Crotty, K., 2015. The informational role of stock and bond volume. Review of

Financial Studies 28, 1381-1427.

Bai, J., Bali, T.G., Wen, Q., 2019. Retracted: Common risk factors in the cross-section of

corporate bond returns. Journal of Financial Economics 131, 619-642.

Bali, T.G., Beckmeyer, H., Goyal, A., 2024. A joint factor model for bonds, stocks, and

options. Working Paper.

Bali, T.G., Goyal, A., Huang, D., Jiang, F., Wen, Q., 2020. Predicting corporate bond

returns: Merton meets machine learning. Working Paper.

45



Bali, T.G., Subrahmanyam, A., Wen, Q., 2017. Return-based factors for corporate bonds.

Working Paper.

Baltussen, G., Muskens, F., Vermijmeren, P., 2024. The cross-section of corporate bond

returns. Working Paper.

Bartram, S.M., Grinblatt, M., Nozawa, Y., 2025. Book-to-market, mispricing, and the cross
section of corporate bond returns. Journal of Financial and Quantitative Analysis 60,

1185-1233.

Benjamini, Y., Hochberg, Y., 1995. Controlling the false discovery rate: A practical and
powerful approach to multiple testing. Journal of the Royal Statistical Society: Series B

(Methodological) 57, 289-300.

Bernard, V.L., Thomas, J.K., 1989. Post-earnings-announcement drift: delayed price re-

sponse or risk premium? Journal of Accounting Research 27, 1-36.

Bittlingmayer, G., Moser, S.M., 2014. What does the corporate bond market know? Finan-

cial Review 49, 1-19.

Blanco, R., Brennan, S.; Marsh, . W., 2005. An empirical analysis of the dynamic relation
between investment-grade bonds and credit default swaps. Journal of Finance 60, 2255—

2281.

Bredendiek, M., Ottonello, G., Valkanov, R.I., 2023. Implementable corporate bond portfo-

lios: Investing across mandates. Working Paper.

46



Brock, W., Lakonishok, J., LeBaron, B., 1992. Simple technical trading rules and the

stochastic properties of stock returns. Journal of Finance 47, 1731-1764.

Brogaard, J., Zareei, A., 2023. Machine learning and the stock market. Journal of Financial

and Quantitative Analysis 58, 1431-1472.

Bryzgalova, S., Huang, J., Julliard, C., 2023. Bayesian solutions for the factor zoo: We just

ran two quadrillion models. Journal of Finance 78, 487-557.

Chen, A.Y., Zimmermann, T., 2022. Open source cross-sectional asset pricing. Critical

Finance Review 27, 207-264.

Chen, N.F., Zhang, F., 1998. Risk and return of value stocks. Journal of Business 71,

501-535.

Choi, J., Kim, Y., 2018. Anomalies and market (dis)integration. Journal of Monetary

Economics 100, 16-34.

Chordia, T., Goyal, A., Nozawa, Y., Subrahmanyam, A., Tong, Q., 2017. Are capital market
anomalies common to equity and corporate bond markets? An empirical investigation.

Journal of Financial and Quantitative Analysis 52, 1301-1342.

Chordia, T., Roll, R., Subrahmanyam, A., 2008. Liquidity and market efficiency. Journal of

Financial Economics 87, 249-268.

Chordia, T., Subrahmanyam, A., Tong, Q., 2014. Have capital market anomalies attenuated
in the recent era of high liquidity and trading activity? Journal of Accounting and

Economics 58, 41-58.

47



Clemen, R.T., 1989. Combining forecasts: A review and annotated bibliography. Interna-

tional Journal of Forecasting 5, 559-583.

Cooper, M.J., Gutierrez Jr, R.C., Hameed, A., 2004. Market states and momentum. Journal

of Finance 59, 1345-1365.

Coqueret, G., 2023. Forking paths in empirical studies. Working Paper.

Da, Z., Gurun, U.G., Warachka, M., 2014. Frog in the pan: Continuous information and

momentum. Review of Financial Studies 27, 2171-2218.

Dang, T.D., Hollstein, F., Prokopczuk, M., 2023a. Factor pricing across asset classes. Avail-

able at SSRN 4481121 .

Dang, T.D., Hollstein, F., Prokopczuk, M., 2023b. Which factors for corporate bond returns?

Review of Asset Pricing Studies 13, 615-652.

Daniel, K., Hirshleifer, D., Subrahmanyam, A., 1998. Investor psychology and security

market under— and overreactions. Journal of Finance 53, 1839-1885.

Daniel, K., Titman, S., 1999. Market efficiency in an irrational world. Financial Analysts

Journal 55, 28—40.

Dichev, I.D., 1998. Is the risk of bankruptcy a systematic risk? Journal of Finance 53,

1131-1147.

Dick-Nielsen, J., Feldhiitter, P., Pedersen, L.H., Stolbog, C., 2023. Corporate bond factors:

Replication failures and a new framework. Working Paper.

48



Dickerson, A., Julliard, C., Mueller, P., 2024a. The co-pricing factor zoo. Working Paper.

Dickerson, A., Mueller, P., Robotti, C., 2023. Priced risk in corporate bonds. Journal of

Financial Economics 150, 103707.

Dickerson, A., Robotti, C., Rossetti, G., 2024b. Common pitfalls in the evaluation of corpo-

rate bond strategies. Working Paper.

Diebold, F.X., 1989. Forecast combination and encompassing: Reconciling two divergent

literatures. International Journal of Forecasting 5, 589-592.

Diebold, F.X., Shin, M., 2019. Machine learning for regularized survey forecast combination:

Partially-egalitarian lasso and its derivatives. International Journal of Forecasting 35,

1679-1691.

Dong, X.I., Li, Y.A., Rapach, D.E., Zhou, G., 2022. Anomalies and the expected market

return. Journal of Finance 77, 639-681.

Downing, C., Underwood, S., Xing, Y., 2009. The relative informational efficiency of stocks
and bonds: An intraday analysis. Journal of Financial and Quantitative Analysis 44,

1081-1102.

Duan, Y., Hu, G., McLean, R.D., 2010. Costly arbitrage and idiosyncratic risk: Evidence

from short sellers. Journal of Financial Intermediation 19, 564-579.

Duffie, D., 2010. Presidential address: Asset price dynamics with slow-moving capital.

Journal of Finance 65, 1237-1267.

49



Engelberg, J.E., Reed, A.V., Ringgenberg, M.C., 2012. How are shorts informed?: Short

sellers, news, and information processing. Journal of Financial Economics 105, 260-278.

Fama, E.F.; French, K., 1995. Size and book-to-market factors in earnings and returns.

Journal of Finance 50, 131-155.

Feng, J., Huo, X., Liu, X., Mao, Y., Xiang, H., 2025a. Economic links from bonds and

cross-stock return predictability. Journal of Financial Economics 171, 104110.

Feng, Guanhao andHe, X., Wang, J., Wu, C., 2025b. Predicting individual corporate bond

returns. Journal of Banking and Finance 171, 107372.

Fieberg, C., Liedtke, G., Poddig, T., Walker, T., Zaremba, A., 2025. A trend factor for the
cross-section cryptocurrency returns. Journal of Financial and Quantitative Analysis 60,

3116-3153.

Fieberg, C., Liedtke, G., Zaremba, A., 2024. Cryptocurrency anomalies and economic con-

straints. International Review of Financial Analysis 94, 103218.

Gebhardt, W.R., Hvidkjaer, S., Swaminathan, B., 2005. Stock and bond market interaction:

Does momentum spill over? Journal of Financial Economics 75, 651-690.

George, T.J., Hwang, C.Y., 2004. The 52—week high and momentum investing. Journal of

Finance 59, 2145-2176.

Gong, Z., 2025. Exploring global spillover effects between stocks and corporate bonds: A

firm-level analysis of market efficiency and information flow. Working Paper.

50



Goyal, A., Jegadeesh, N., Subrahmanyam, A., 2024. Empirical determinants of momentum:

A perspective using international data. Review of Finance 29, 241-273.

Granger, C.W.J., Ramanathan, R., 1984. Improved methods of combining forecasts. Journal

of Forecasting 3, 197-204.

Gu, S., Kelly, B.T., Xiu, D., 2020. Empirical asset pricing via machine learning. Review of

Financial Studies 33, 2223-2273.

Haesen, D., Houweling, P., van Zundert, J., 2017. Momentum spillover from stocks to

corporate bonds. Journal of Banking and Finance 79, 28-41.

Han, Y., He, A., Rapach, D.E., Zhou, G., 2024. Cross-sectional expected returns: New Fama-

MacBeth regressions in the era of machine learning. Review of Finance 28, 1807-1831.

Han, Y., Hu, T., Yang, J., 2016a. Are there exploitable trends in commodity futures prices?

Journal of Banking and Finance 70, 214-234.

Han, Y., Kong, L., 2022. A trend factor in commodity futures markets: Any economic
gains from using information over investment horizons? Journal of Futures Markets 42,

803-822.

Han, Y., Yang, K., Zhou, G., 2013. A new anomaly: The cross-sectional profitability of

technical analysis. Journal of Financial and Quantitative Analysis 48, 1433-1461.

Han, Y., Zhou, G., Zhu, Y., 2016b. A trend factor: Any economic gains from using infor-

mation over investment horizons? Journal of Financial Economics 122, 352-375.

51



Hanson, S.G., Sunderam, A., 2014. The growth and limits of arbitrage: Evidence from short

interest. Review of Financial Studies 27, 1238-1286.

Hendershott, T., Kozhan, R., Raman, V., 2020. Short selling and price discovery in corporate

bonds. Journal of Financial and Quantitative Analysis 55, 77-115.

Holden, C.W., Liu, X., Mao, Y., Nam, J., 2018. Price discovery in the stock, otc corporate

bond, and nyse corporate bond markets. Kelley School of Business Research Paper .

Hong, H., Lim, T., Stein, J.C., 2000. Bad news travels slowly: Size, analyst coverage, and

the profitability of momentum strategies. Journal of Finance 55, 265-295.

Hong, H., Stein, J.C., 1999. A unified theory of underreaction, momentum trading, and

overreaction in asset markets. Journal of Finance 54, 2143-2184.

Hong, Y., Lin, H., Wu, C., 2012. Are corporate bond market returns predictable? Journal

of Banking and Finance 36, 2216-2232.

Hotchkiss, E.S., Ronen, T., 2002. The informational efficiency of the corporate bond market:

An intraday analysis. Review of Financial Studies 15, 1325-1354.

Hou, K., 2007. Industry information diffusion and the lead-lag effect in stock returns. Review

of Financial Studies 20, 1113-1138.

Hou, K., Moskowitz, T.J., 2005. Market frictions, price delay, and the cross-section of

expected returns. Review of Financial Studies 18, 981-1020.

Hou, K., Xue, C., Zhang, L., 2020. Replicating anomalies. Review of Financial Studies 33,
2019-2133.

52



Hung, C., Lai, H.N., 2022. Information asymmetry and the profitability of technical analysis.

Journal of Banking and Finance 134, 106347.

Israel, R., Palhares, D., Richardson, S., 2018. Common factors in corporate bond returns.

Journal of Investment Management 16, 17-46.

Jacobs, H., 2015. What explains the dynamics of 100 anomalies? Journal of Banking and

Finance 57, 65-85.

Jensen, T.I., Kelly, B.T., Pedersen, L.H., 2023. Is there a replication crisis in finance?

Journal of Finance 78, 2465-2518.

Jiang, J., Kelly, B.T., Xiu, D., 2023. (re-)imag(in)ing price trends. Journal of Finance 78,

3193-3249.

Jostova, G., Nikolova, S., Philipov, A., 2024. Data uncertainty in corporate bonds. Working

Paper.

Kaufmann, H., Messow, P., Vogt, J., 2021. Boosting the equity momentum factor in credit.

Financial Analysts Journal 77, 83-103.

Kecskés, A., Mansi, S.A., Zhang, A.J., 2013. Are short sellers informed? evidence from the

bond market. The Accounting Review 88, 611-639.

Kelly, B.T., Palhares, D., Pruitt, S., 2023. Modeling corporate bond returns. Journal of

Finance 78, 1967-2008.

Kelly, B.T., Pruitt, S., Su, Y., 2019. Characteristics are covariances: A unified model of risk
and return. Journal of Financial Economics 134, 501-524.

53



Keshavarz, J., Sirmans, S., 2024. The 52-week high, downside risk, and corporate bond

returns. Working Paper.

Kwan, S.H., 1996. Firm-specific information and the correlation between individual stocks

and bonds. Journal of Financial Economics 40, 63-80.

Kwon, K.Y, Kish, R.J., 2002. A comparative study of technical trading strategies and return
predictability: An extension of using NYSE and NASDAQ indices. Quarterly Review of

Economics and Finance 42, 611-631.

Lee, C.M., Swaminathan, B., 2000. Price momentum and trading volume. Journal of Finance

55, 2017-2069.

Lee, J., Naranjo, A., Sirmans, S., 2021. CDS momentum: Slow-moving credit ratings and

cross-market spillovers. Review of Asset Pricing Studies 11, 352—401.

Lewellen, J., Nagel, S., Shanken, J., 2010. A skeptical appraisal of asset pricing tests. Journal

of Financial Economics 96, 175-194.

Li, S.Z., Yuan, P., Zhou, G., 2024. Information transmission from corporate bonds to the

aggregate stock market. Available at SSRN 4374753 .

Liu, Y., Zhou, G., Zhu, Y., 2024. Trend factor in china: The role of large individual trading.

Review of Asset Pricing Studies 14, 348-380.

Lo, A.W., 2002. The statistics of Sharpe ratios. Financial Analysts Journal 58, 36-52.

Lo, A.W., Mamaysky, H., Wang, J., 2000. Foundations of technical analysis: Computational

o4



algorithms, statistical inference, and empirical implementation. Journal of Finance 55,

1705-1765.

McLean, R.D., Pontiff, J., 2016. Does academic research destroy stock return predictability?

Journal of Finance 71, 5-32.

Menkveld et al., 2024. Nonstandard errors. Journal of Finance 79, 2339-2390.

Mitchell, M., Pedersen, L.H., Pulvino, T., 2007. Slow moving capital. American Economic

Review 97, 215-220.

Mitton, T., 2022. Methodological variation in empirical corporate finance. Review of Finan-

cial Studies 35, 527-575.

Murray, S., Xia, Y., Xiao, H., 2024. Charting by machines. Journal of Financial Economics

153, 103791.

Nagel, S., 2012. Evaporating liquidity. Review of Financial Studies 25, 2005-2039.

Neely, C.J., Rapach, D.E., Tu, J., Zhou, G., 2014. Forecasting the equity risk premium: The

role of technical indicators. Management Science 60, 1772-1791.

Newey, W.K., West, K.D., 1987. A simple, positive semi-definite, heteroskedasticity and

autocorrelation consistent covariance matrix. Econometrica 55, 703-708.

Novy-Marx, R., Velikov, M., 2016. A taxonomy of anomalies and their trading costs. Review

of Financial Studies 29, 104-147.

Odean, T., 1998. Volume, volatility, price, and profit when all traders are above average.
Journal of Finance 53, 1887-1934.

55



O’Hara, M., 2003. Presidential address: Liquidity and price discovery. Journal of Finance

98, 1335-1354.

Park, C.H., Irwin, S.H., 2007. What do we know about the profitability of technical analysis?

Journal of Economic Surveys 21, 786-826.

Pinter, G., Uslii, S., 2025. Price formation in markets with trading delays. Management

Science 71, 6131-6154.

Pontiff, J., 2006. Costly arbitrage and the myth of idiosyncratic risk. Journal of Accounting

and Economics 42, 35-52.

Pukthuanthong, K., Roll, R., Subrahmanyam, A., 2019. A protocol for factor identification.

Review of Financial Studies 32, 1573-1607.

Rapach, D.E., Strauss, J.K., Zhou, G., 2010. Out-of-sample equity premium prediction:
Combination forecasts and links to the real economy. Review of Financial Studies 23,

821-862.

Rapach, D.E., Zhou, G., 2013. Forecasting stock returns, Elsevier. volume 2 of Handbook of

Economic Forecasting, pp. 328-383.

Ronen, T., Zhou, X., 2013. Trade and information in the corporate bond market. Journal

of Financial Markets 16, 61-103.

Sagi, J., Seasholes, M., 2007. Firm-specific attributes and the cross-section of momentum.

Journal of Financial Economics 84, 389-434.

56



Schwert, G.W., 2003. Anomalies and market efficiency. Handbook of the Economics of

Finance 1, 939-974.

Shanken, J., 1992. On the estimation of beta-pricing models. Review of Financial Studies

5, 1-33.

Shleifer, A., Vishny, R.W., 1997. The limits of arbitrage. Journal of Finance 52, 35-55.

Shynkevich, A., 2016. Predictability in bond returns using technical trading rules. Journal

of Banking & Finance 70, 55-69.

Simonsohn, U., Simmons, J., Nelson, L.D., 2020. Specification curve analysis. Nature Human

Behaviour 4, 1208-1214.

Soebhag, A., van Vliet, B., Verwijmeren, P., 2024. Non-standard errors in asset pricing:

Mind your sorts. Journal of Empirical Finance 78, 101517.

Stambaugh, R.F., Yu, J., Yuan, Y., 2012. The short of it: Investor sentiment and anomalies.

Journal of Financial Economics 104, 288-302.

Stambaugh, R.F., Yu, J., Yuan, Y., 2015. Arbitrage asymmetry and the idiosyncratic volatil-

ity puzzle. Journal of Finance 70, 1903-1948.

Sweeney, R.J., 1986. Beating the foreign exchange market. Journal of Finance 41, 163-182.

van Binsbergen, J.H., Schwert, M., 2025. Duration-based valuation of corporate bonds.

Review of Financial Studies 38, 158-191.

Walter, D., Weber, R., Weiss, P., 2023. Methodological uncertainty in portfolio sorts. Work-
ing Paper.

57



Zaremba, A., Umutlu, M., Maydybura, A., 2020. Where have the profits gone? Market
efficiency and the disappearing equity anomalies in country and industry returns. Journal

of Banking and Finance 121, 105966.

Zhu, Y., Zhou, G., 2009. Technical analysis: An asset allocation perspective on the use of

moving averages. Journal of Financial Economics 92, 519-544.

58



Figure 1: Alphas on Characteristic-Sorted Portfolios

The figure shows the alphas («) from a time-series regression of characteristic-sorted port-
folios based on 55 different explanatory factors. The portfolios are evaluated with seven
different models described in Section 2.4, i.e., CAPM, BBW, BMV, BSV, DHP, IPR, and
KPP. The alphas on the vertical axis are compared with their mean monthly returns (Awvg)
on the horizontal axis, all reported in %. The black dots represent alphas significantly dif-
ferent from zero at the 5% level after controlling for multiple hypothesis testing using the
Benjamini and Hochberg (1995) correction. The standard errors to compute the ¢-statistics
are corrected using the Newey and West (1987) method. The study period is from September
2005 to September 2022.
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Figure 2: Posterior Factor Probabilities

The figure shows the posterior probabilities of 17 bond (a), 31 bond and nontradable (b),
and 55 bond, stock, and nontradable factors (c). Test assets include 25 bond portfolios
sorted on credit spreads and size, 25 bond portfolios sorted on rating and maturity, and the
15 traded bond factors (N = 65). The prior distribution of the j-th factor to be included
is Beta(1,1), yielding a 50% prior expectation. Posterior probabilities for different values of
the prior annualized Sharpe ratio ranging from 1.2 to 3 are shown. Factors for which the
median posterior probability across all values of prior Sharpe ratios exceeds 50% are shown

in color. The sample period is from September 2002 to September 2022.
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Figure 4: Bond Factor Performance under Alternative Research Designs

The figure compares the distribution of Sharpe ratios of XTREND and other factors de-
scribed in Table A.2 in the Online Appendix. The calculations are run for more than 1.3
million alternative research designs listed in Table 6. Panel A reports annualized Sharpe
ratios and Panel B concerns the respective t-statistics (Lo, 2002). The dashed vertical red
line in Panel B shows the 1.96 threshold. Outliers, defined as data points that are twice as
large as the interquartile range, are marked in grey color and the blue diamonds indicate
the result according to the baseline setting. The sample period is from September 2005 to
September 2022.
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Figure 5: Generalized Alphas for Alternative Research Designs

The figure reports the distributions of percentage generalized alphas in Panel A and their
t-statistics in Panel B across the 1.3 million alternative implementations of XTREND and
benchmark models. The alphas come from a regression of the returns of the tangency
portfolio MV Pyunm, on the tangency portfolio return series MV Py, where M, denotes a
factor set and M; denotes another set of factors. Outliers, defined as data points that are
twice as large as the interquartile range, are marked in grey color and the blue diamonds
indicate the result according to the baseline setting. The standard errors for t-statistics are
computed using the Newey and West (1987) method. The dashed vertical red line in Panel
B shows the 1.96 threshold. All results are based on out-of-sample MVP estimates. The
study period is from September 2008 to September 2022.
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Figure 6: Reduction in Pricing Errors under Alternative Research Designs

The figure shows the percentage reduction in time-series alphas across 1.3 million research
design choices (see Table 6) when adding the XTREND factor to existing bond pricing
models. The test assets are 55 characteristic-sorted portfolios. Outliers, defined as data
points that are twice as large as the interquartile range, are marked in grey color and the
blue diamonds indicate the result according to the baseline setting. The study period is from
September 2005 to September 2022.
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Figure 7: Testing Theories under Alternative Research Designs

The figure shows the distribution of ¢-statistics of the regression coefficients related to interac-
tion terms, testing theories that could drive the XTREND effect across 221,184 combinations
of research designs (see Table 6). Panel A tests proxies related to bond market frictions,
while Panel B tests theories borrowed from the equity momentum literature. The x-axis
indicates the theories tested and the signs of the control variables shown in parentheses are
inverted such that a positive sign indicates that finding aligns with the respective theory.
The standard errors for t-statistics are computed using the Newey and West (1987) method.
The dashed vertical red lines show the 1.96 and -1.96 thresholds, respectively, and the blue
diamonds indicate the ¢-statistics according to the baseline setting. Outliers, defined as data
points that are twice as large as the interquartile range, are marked in grey color. The study
period is from September 2005 to September 2022.
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Table 1: Portfolios Sorted on Trend Spillover and Credit Risk (Duration-
Adjusted Returns)

The table shows average duration-adjusted returns (in %) and t-statistics for 3 x 3 portfolios
sorted based on the bonds’ rating category and the aggregate trend spillover characteris-
tic. The portfolios are value-weighted by the bonds’ amount outstanding and rebalanced
monthly. The last row shows XTREND portfolios which are the average returns over all
rating categories. These portfolios are thus created to have a comparable level of bond
ratings. The XTREND factor takes a long position in the high XTREND portfolio and a
short position in the low XTREND portfolio. We additionally report the monthly alphas
(in %) and t-statistics for various benchmark models. The standard errors to compute the
t-statistics are corrected using the Newey and West (1987) method. Statistical significance
of the average returns and alphas at the 5% level is indicated in bold font. The study period
is from September 2005 to September 2022.

Trend Forecasts

Low 2 ngh H-1L OZCAPM aBBW aB]WV aBSV aDHP aIPR CYKPP

sq 020 042 056 0.76  0.85 091  0.82 062 102 096 0.91
(-0.53) (1.33) (1.98) (2.60) (3.15)  (3.93) (2.28) (2.46) (3.29) (2.82) (3.81)

- 001 012 023 024 025 027 023 024 026 027  0.26
) (-0.08) (0.87) (1.64) (3.15) (3.36) (3.49) (3.37) (3.23) (3.31) (3.54) (3.69)
G 003 007 016 020 022 019 020 017 022 022 024
(-0.37) (0.59) (1.91) (2.60) (2.53)  (2.37) (1.81) (1.63) (2.25) (2.12) (2.66)

XTREND 008 020 032 040 044 046 042 034 050 048  0.47
(-0.43) (1.10) (1.93) (3.12) (3.59)  (4.06) (2.75) (3.40) (3.54) (3.28) (4.26)
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Table 2: XTREND Portfolio Characteristics

Panel A reports the average characteristics of the XTREND tertile portfolios. Specifically,
the standard deviation (in %), annualized Sharpe ratio, skewness, excess kurtosis, maximum
drawdown, and the beta on the default risk factor (3°FF) are reported. Panel B reports
average bond characteristics, including the logarithm of market value (amount outstanding
times price), the credit spread, distance-to-default measure, bond illiquidity, and time-to-
maturity (measured in days). The last two columns report the difference between the low
and high portfolios (H-L) and the associated t-statistic (in parentheses). Standard errors
for computing t-statistics are Newey—West adjusted following Newey and West (1987). Sta-
tistical significance at the 5% level is indicated in bold font. The sample period is from
September 2005 to September 2022.

Trend Forecasts
Low 2 High H-L  t¢-stat

Panel A: Portfolio Risk Properties

Std 272 227 194 1.52
Shp -0.10 031 056 091
Skew -1.12  -047 0.06 1.00
Kurt 10.5  8.02 6.73 13.6
MaxDD 170 105 749 853
prEE 1.04 084 076 -0.28

Panel B: Bond Characteristics

BondMV 5.91 6.05 590 -0.01 -0.23
Spread 3.40  2.56 2.54 -0.86 -4.01
D2D 0.90 1.11 1.03 0.13 1.19
BondIlliq 0.97  0.96 0.78 -0.19 -1.46
BondTMT 109.3 1104 110.9 1.54 0.97
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Table 3: Performance in Subperiods and Different Market States

The table reports the average monthly returns and abnormal returns (in %) of the XTREND
factor in subperiods. We split the sample into two equal halves (Panel A) and into periods
of high and low past bond market performance (Panel B), high and low past stock market
performance (Panel C), high and low bond market volatility (Panel D), high and low stock
market volatility (Panel E), high and low periods of economic uncertainty (Panel F), high
and low periods of investor’s risk aversion (Panel G), and periods characterized by high and
low economic activity (Panel H). Periods are classified as “high” and “low” market states
if the respective previous month’s value is below the full-sample median (Avramov et al.,
2021). The standard errors to compute the ¢-statistics are corrected using the Newey and
West (1987) method. Statistical significance of the average returns and alphas at the 5%
level is indicated in bold font. The study period is from September 2005 to September 2022.

XTREND oCAPM  BBW  BMV  (BSV  (DHP IPR KPP

Panel A: Sample split

First half 0.47 0.48 0.49 0.54 0.37 0.53 0.50 0.45
(2.25) (2.36) (2.38) (2.31) (2.20) (2.56) (2.72) (2.63)

Second half 0.32 0.42 0.45 0.35 0.34 0.42 0.40 0.40
(2.48) (4.02) (5.62) (4.47) (4.13) (5.32)  (4.56)  (6.35)

Panel B: Past bond market performance

Bull bond market 0.21 0.24 0.26 0.22 0.24 0.23 0.22 0.26
(3.37) (3.60) (3.64) (4.73) (3.92) (4.81) (4.62) (4.95)

Bear bond market 0.58 0.63 0.64 0.63 0.53 0.68 0.68 0.65
(2.45) (2.57) (2.80) (2.39) (2.77) (2.61) (2.68) (2.92)

Panel C: Past equity market performance

Bull stock market 0.25 0.27 0.29 0.29 0.25 0.30 0.30 0.30
(3.77) (4.11) (4.82) (4.87) (5.10) (5.41)  (5.57)  (5.67)

Bear stock market 0.54 0.62 0.64 0.60 0.44 0.71 0.69 0.66
(2.34) (2.72) (3.10) (2.17) (2.47) (2.66) (2.50) (3.17)

Panel D: Bond market volatility

High bond volatility 0.39 0.51 0.56 0.48 0.31 0.68 0.54 0.56
(1.72) (2.53) (3.38) (2.03) (2.12) (3.04) (2.41) (2.93)

Low bond volatility 0.41 0.35 0.25 0.21 0.23 0.23 0.24 0.26
(3.60) (4.36) (4.21) (4.07) (4.55) (4.77)  (4.83) (4.74)

Panel E: Equity market volatility

High stock volatility 0.51 0.61 0.67 0.57 0.45 0.75 0.71 0.69
(2.26) (2.82) (3.56) (2.21) (2.62) (3.09) (2.85) (3.60)

Low stock volatility 0.28 0.28 0.26 0.24 0.22 0.24 0.25 0.27
(3.48) (3.81) (4.58) (4.29) (4.06) (4.84)  (4.95)  (5.08)

Panel F: Economic uncertainty

High uncertainty 0.51 0.57 0.60 0.52 0.40 0.67 0.63 0.63
(2.39) (2.62) (3.18) (2.01) (2.55) (2.99) (2.64) (3.45)

Low uncertainty 0.27 0.32 0.31 0.21 0.28 0.25 0.25 0.28
(2.92) (4.22) (4.90) (3.77) (4.09) (4.40)  (4.36)  (5.17)

Panel G: Risk aversion

High risk aversion 0.58 0.59 0.67 0.55 0.49 0.68 0.67 0.68
(2.47) (2.36) (3.10) (1.98) (2.54) (2.68) (2.60) (3.32)

Low risk aversion 0.22 0.31 0.32 0.32 0.27 0.28 0.31 0.33
(3.60) (4.66) (5.32) (4.45) (4.20) (4.52)  (4.23) (5.65)

Panel H: Economic activity

High activity 0.20 0.25 0.32 0.22 0.23 0.23 0.22 0.27
(3.16) (3.83) (4.99) (4.08) (4.37) (3.89) (4.17)  (4.67)

Low activity 0.59 0.61 0.64 0.59 0.50 0.68 0.66 0.64
(2.65) (2.58) (2.98) (2.31) (2.74) (2.75)  (2.60) (3.21)
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Table 4: Generalized Alphas

The table reports generalized alphas (in %) and ¢-statistics in parentheses from a regression
of the returns of the tangency portfolio MV Py un, on the tangency portfolio return series
MYV Py, where M, denotes a factor set (shown in the columns) and M; denotes another
set of factors (shown in the rows). If the generalized alpha is positive and statistically
significant, the factor (set) shown in the rows improved the span of the efficient frontier;
i.e., the factor (set) is relevant. Panel A reports the results when adding the XTREND
factor to existing benchmark models. In Panel B, entire benchmark models are added to the
models shown in columns (augmented by XTREND). The standard errors to compute the
t-statistics are corrected using the Newey and West (1987) method. Statistical significance of
the average returns and alphas at the 5% level is indicated in bold font. All results are based
on out-of-sample MVP estimates over the study period from September 2008 to September
2022.

CAPM BBW BMV BSV  DHP IPR KPP

Panel A: Testing XTREND
1.07 1.00 084 094 101 089  0.90
XIREND 5 03)  (4.99) (342) (426) (4.37) (3.65) (4.80)

Panel B: Testing Models

-0.15 -0.25

CAPM (0.72)  (-0.93)
BBW 0.34 0.19 0.42 -0.20 -0.31 -0.18
(1.47) (0.51) (1.78) (-046) (-0.64) (-0.40)
BMV 0.01 -0.13 0.01 -0.22 -0.20 0.11
(0.06)  (-0.49) (0.07) (-0.79) (-0.69) (0.84)
BSV 0.42 0.23 0.28 -0.04 -0.28 0.13
(2.04)  (0.95) (1.14) (0.14) (-0.85) (0.45)
DLP 0.20 -0.51 0.04 0.14 0.08 0.26
(0.66) (-1.11) (0.14) (0.53) (0.63)  (1.42)
PR 0.26 -0.32 0.29 0.33 0.23 0.33
(0.62)  (-0.63) (0.90) (1.20) (1.36) (2.05)

KPP 0.53 -0.25 0.56 0.39 0.20 0.04

(1.89) (-0.60) (1.87) (1.33) (0.85) (0.32)
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Table 6: Research Design Choices

The table summarizes different research design choices considered in the tests of non-standard
errors, which may affect the outcomes of factor portfolio returns. The bold font indicates
the variant used in baseline calculations. In total, we have 1,327,104 possible combinations.

Panel A: Research Sample

Contract selection
Impute missing returns
Return calculation
Constituents

Panel B: Data Cleaning
Max Return

Min Return

Min Price

Return bounce back

value-weighted, largest, all
yes, no
duration-adjusted, excess
ICE & BAML, all,

no, 20%

no, —20%

no, 20%
include, exclude

Panel C: Return Forecasting

Estimation window
In-sample observations
Indicators

Method

Objective function
Validation sample
Forecast Weighting

expanding, fixed

12, 24, 36, 48

MA, all, all-but volume

CS-C-ENet, FM, CFM, POLS, CPOLS, C-ENet
weighted-MSE, MSE

no, yes

equally, ¢

Panel D: Portfolio Construction

Breakpoints
Weighting

tertiles (double), quintiles (double), quintiles (single)
value-weighted, equally weighted
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Appendix A. Variable Descriptions

Appendiz A.1. Bond Characteristic Calculation

Table A.1: Characteristic Details

The table shows the symbol, the full characteristic name, and details regarding the calcula-
tion of the bond characteristic. All definitions are taken from the Open Bond Asset Pricing

project.

Symbol Characteristic Details

Bond Characteristics

BondMV Bond market value  Number of bonds outstanding multiplied by bond price.

BondlIlliq Bond illiquidity MMN-adjusted bond illiquidity measure following Bao et al.
(2011).

BVL Bond volatility Standard deviation of monthly bond returns over the previous 24
months (Dang et al., 2023).

D2D Distance-to-default — Distance-to-default measure constructed according to Bystrom
(2006) and Haesen et al. (2017).

IBVL Idiosyncratic Idiosyncratic volatility with respect to the bond market model is

volatility calculated as the standard deviation of the residuals from the bond

market regression using monthly bond returns over the previous
24 months.

Rating Credit rating Bond-level S&P credit rating ranging from 1 (AAA) to 22 (D).

Spread Credit spread MMN-adjusted bond credit spread computed as the bond yield in

Stock/Firm Characteristics

B2M

ShareVol

ResAnly

StockID

StockHigh52w

StockVol

Book-to-market eq-
uity
Stock trading vol-
ume

Residual  analyst
coverage
Information dis-
creteness

Price relative to 52-
week high

Total stock return
volatility

excess of a duration-matched portfolio of U.S. Treasury yields.

The ratio of the book value of equity to the market value (Jensen
et al., 2023)

Sum of monthly share trading volume over the previous three
months, scaled by three times common shares outstanding. (Chen
and Zimmermann, 2022)

Residual from a cross-sectional regression of log of one plus the
number of analysts following a stock on the log market capitaliza-
tion (Hong et al., 2000; Goyal et al., 2024)

Calculated as the sign of the cumulative return over the previous
twelve months, skipping the most recent one, multiplied with the
difference between the fraction of negative and positive trading
days, respectively (Da et al., 2014; Goyal et al., 2024).

Current price to high price over last year (Jensen et al., 2023).

Total stock volatility calculated over the previous 21 trading days
(Jensen et al., 2023)

Appendiz A.2. Bond Factor Construction
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Appendiz A.3. Trend Indicators
This Section describes the calculation of trend indicators. Except for scaling, which we
employ to avoid size effects, we use only the standard definitions and default settings that

can be found in numerous textbooks on technical analysis (e.g., Murphy, 1999; Ciana, 2011).

Appendixz A.3.1. Helper Functions

e Simple moving average: We define the simple moving average of variable X as
SMA (X, L) = ——» =Xy (A1)

with L denoting the lag length.

e Exponential moving average: We define the exponential moving average of variable X

as

EMA, (X,L) = aP, + (1 — a) EMA,_, (A.2)

with L denoting the lag length and « denoting a smoothing parameter, which we set
to1/(1+ L). If no EM A;_, is available, we initialize the calculation with the closing

price at time ¢t — 1.

Appendixz A.3.2. Momentum Oscillators
e rsi: The relative strength index is defined based on the ratio of the average gains to

the average losses over a 14-day period. Define a gain as

P,—P_, it h>P_,

0 otherwise

and a loss as
PP ith <P,

0 otherwise
Thus, the rsi is defined as:
. 100
rsiy = 100 — - (A.5)
1+ G



with G; and L, denoting the average gains and losses over the 14-day period.

stochRSI: The stochastic relative strength index is defined as the difference between

the current rsi; and the lowest rsi; over the previous 14 days divided by the RSI range:

rsy — L
StOChRS[t = TIJZ (AG)

with L; and H; denoting the lowest and highest rsi over a 14-day period.

stochK: The stochastic %K is defined as the difference between the current closing

price P, and the lowest price over the previous 14 days divided by the price range:

by — LL
K=t == A.
stochK; HH — LI, (A.7)

with LL;, and H H; denoting the lowest low and highest high prices over the 14-day
period.

stochD: The stochastic %D is defined as the 3-day moving average of stochK, i.e.,

stochD; = SM A (stochK, 3) (A.8)

cci: The commodity channel index is derived as follows: First, we calculate the “typical

price”, which is the average of closing price P;, high price H;, and low price L;, i.e.,

We then compute an SMA of X of length L = 20 and calculate the average absolute

deviation of the typical price from the moving average within the 20-day period
L—1
AvgDev, = > | X, — SMA(X, 20),] (A.10)

=0

Finally, we calculate the cci as the deviation of the current typical price from its moving



average divided by the average deviation:

X, — SMA(X,20),
0.015AvgDev,

ccly = (A.11)

with 0.015 being a scaling constant.

Appendiz A.3.3. Moving Average Indicators
e sma_xd: We define the simple moving average (SMA) of the daily closing prices P of
lag length x as SMA(P, %), following the definition of SM A in Eq,(A.1). To mitigate
scaling issues and to ensure stationarity of the SMAs, we scale the SM A(P, x); by the
current closing price, i.e., smaxd = SMA(P, x)./P;.

e macd: We define the moving average convergence/divergence as the difference of a
12-day exponential moving average (EMA) of daily closing prices and a 26-day EMA,
scaled by the 12-day EMA:

EMA (P,12) — EM A (P, 26)

= A12
macd; EMA (P, 12) (A4.12)

o macd_diff_signal: We define the difference of the macd to its signal line as:
macd_diff-signal, = macd, — EM A (macd,9) (A.13)

Appendixz A.3.4. Volume Indicators
e volsma_xd: We define the simple moving average (SMA) of the daily dollar trad-
ing volume V' of lag length x as SMA(V, ), following the definition of SM A as in
Eq,(A.1). To mitigate scaling issues and to ensure stationarity of the SMAs, we scale

the SMA(V, *); by the current trading volume, i.e., volsma_xd = SMA(V, %),/ V..

e volmacd: We define the volume moving average convergence/divergence as the differ-

ence of a 12-day exponential moving average (EMA) of the daily dollar trading volume



and a 26-day EMA, scaled by the 12-day moving average:

EMA (V,12) — EM A (V, 26)
EMA (V,12)

(A.14)

volmacd, =

e volmacd_diff_signal: We define the difference of the volmacd to its signal line as:

volmacd_diff-signal, = volmacd, — EM A (volmacd, 9) (A.15)

e chaikin: We define the Chaikin money flow indicator as follows: First, we calculate

the accumulation distribution value for each period t:

(B — L)) — (H: - P)

AD, =
¢ H, — L,

v, (A.16)

with P, L;, and H; denoting the closing, low, and high price of each day t, respectively,
and V; being the dollar trading volume on day ¢t. Then, chaikin is the sum of the AD;
values over the previous L = 21 days divided by the sum of the dollar trading volume

over the same period
L—1
1=0 Athl

— (A.17)
lL:()l Vi

chatking =

Appendiz A.3.5. Volatility Indicators
e boll_low: The lower Bollinger band is defined as the (unscaled) middle Bollinger band
boll_mid minus two standard deviations of daily closing prices. To mitigate scaling
issues and to ensure stationarity, we scale the lower Bollinger band by the current
closing price:
boll_mid; — 20

boll_low; = 2 (A.18)
¢

with o denoting the 20-day standard deviation of daily closing prices.

e boll_mid: The middle Bollinger band is defined as the 20-day SMA of daily closing
prices P scaled by the current closing price, i.e.,

SMA(P,20),

boll_mid; = iz
t

(A.19)

10



e boll_high: The upper Bollinger band is defined as the (unscaled) middle Bollinger band
boll_mid plus two standard deviations of daily closing prices. To mitigate scaling issues

and to ensure stationarity, we scale the upper Bollinger band by the current closing

price:
boll_mad; + 20

5 (A.20)

boll_high; =

with o denoting the 20-day standard deviation of daily closing prices.

e boll_width: The Bollinger band width is defined as the difference between the upper
and lower Bollinger bands, divided by the middle Bollinger band:

boll_high; — boll _low;

boll_mid, (A-21)

boll _width, =

11



Appendiz A.j. Bond Pricing Models

Table A.3: Benchmark Asset Pricing Models

The table shows the benchmark models considered in the study. Factor definitions are in
Table A.2. The TERM and DEF factors are obtained from Welch and Goyal (2008).

Abbreviation Factors Reference

BBW MKTB, DRF, CRF, LRF Bai et al. (2019)
BMV MKTB, MAT, MOMs Baltussen et al. (2024)
BSV MKTB, STREVB, MOMB, LTREVB Bali et al. (2017)
DHP MOMSs, CRY, DUR, TERM Dang et al. (2023)
IPR CRY, DUR, MOMB, MOMs, VAL Israel et al. (2018)
KPP MKTB, CRY, DUR, BVL, VAL Kelly et al. (2023)

12



Appendix B. Additional Results

Table B.1: Portfolios Sorted on Trend Spillover and Credit Risk

The table shows average returns in excess of the risk-free rate (in %) and t-statistics for
3 x 3 portfolios sorted based on the bonds’ rating category and the aggregate trend spillover
characteristic. The portfolios are value-weighted by the bonds’ amount outstanding and
rebalanced monthly. The last row shows XTREND portfolios which are the average returns
over all rating categories. These portfolios are thus created to have a comparable level of
bond ratings. The XTREND factor takes a long position in the high XTREND portfolio and
a short position in the low XTREND portfolio. We additionally report the monthly alphas
(in %) and t-statistics for various benchmark models. The standard errors to compute the
t-statistics are corrected using the Newey and West (1987) method. Statistical significance
of the average returns and alphas at the 5% level is indicated in bold font. The study period
is from September 2005 to September 2022.

Trend Forecasts

Low 2 ngh H-1L aCAPM aBBW CYB]\/IV aBSV aDHP aIPR aKPP

sq 005 055 0.71  0.76  0.90 0.99 085 059 099 1.06  0.88
(-0.14) (1.80) (2.70) (2.61) (3.52)  (4.15) (2.50) (2.22) (3.19) (3.08) (3.77)

- 017 030 041 024  0.26 0.26 024 024 027 027  0.26
(1.08) (2.13) (255) (3.21) (3.35) (3.74) (3.35) (3.15) (3.35) (3.50) (3.73)

G 010 021 032 022 024 020 022 017 025 024 024
(0.75)  (1.43) (2.28) (2.66) (2.48) (2.37) (1.82) (1.54) (2.52) (2.29) (2.42)

xTREND 007 035 048 041 047 049 043 033 050 052  0.46
(0.40)  (1.95) (2.88) (3.13) (3.79)  (4.44) (2.85) (3.11) (3.56) (3.46) (4.32)
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Figure B.1 shows the cumulative return of the XTREND factor and compares it with
other past return-based factors. The bond XTREND factor returns appear relatively sta-
ble over time, with profits accumulating systematically throughout the entire study period
without major drawdowns. However, certain fluctuations are observable. Notably, in 2020,
the XTREND factor clearly benefited from the flight-to-safety during the COVID-19 sell-off,
as the risk-off sentiment translated into a significant spike in profits.

An eyeball test reveals a noticeable correlation between the XTREND factor and stock
momentum. The comovement between these two strategies seems stronger than with any
bond factor. However, the trend factor does not display a similar drop in profitability

following 2016. While the stock momentum strategy stagnated, the bond XTREND factor

continued to generate profits.

Figure B.1: Cumulative returns on Corporate Bond Factors

The figure shows the cumulative factor returns on the XTREND and other past return-based

factors over the period from September 2005 to September 2022. All values are expressed in
percentage terms.
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Table B.2: Posterior Factor Probabilities and Risk Prices

The table shows the posterior probabilities and estimates of risk prices of 55 bond, stock,
and nontradable factors. Test assets include 25 bond portfolios sorted on credit spreads
and size, 25 bond portfolios sorted on rating and maturity, and the 17 traded bond factors
(N = 65). The prior distribution of the j-th factor to be included is a Beta(1, 1), yielding
a 50% prior expectation. Posterior probabilities for different values of the prior annualized
Sharpe ratio ranging from 1.3 to 3.5 are shown. Factors are sorted by their median posterior
probability across all values of prior Sharpe ratios. The sample period is from September

2002 to September 2022.

Factor Inclusion Probability

Price of Risk

Total Prior SR

Total Prior SR

F 1.3 1.8 2.2 2.7 3.1 3.5 1.3 1.8 2.2 2.7 3.1 3.5

XTREND 0.532 0.553 0.573 0.593 0.606 0.604 0.026 0.045 0.067 0.094 0.124 0.156
PEADB 0.523 0.533 0.541 0.542 0.530 0.500 0.029 0.048 0.067 0.086 0.102 0.113
CREDIT 0.506 0.510 0.512 0.518 0.517 0.518 0.003 0.006 0.009 0.013 0.019 0.028
IVOL 0.500 0.501 0.502 0.507 0.505 0.501 0.003 0.006 0.009 0.013 0.019 0.026
INFLC 0.499 0.499 0.502 0.504 0.502 0.499 -0.000 -0.000 -0.001 -0.001 -0.002 -0.003
CMA 0.494 0.497 0.501 0.499 0.497 0.493 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000
HML _star 0.499 0.500 0.501 0.499 0.492 0.486 -0.001 -0.003 -0.004 -0.006 -0.009 -0.012
LVL 0.496 0.493 0.499 0.499 0.494 0.497 -0.000 -0.001 -0.001 -0.001 -0.002 -0.004
RMW _star 0.497 0.496 0.494 0.501 0.494 0.492 0.000 0.000 0.001 0.001 0.002 0.004
CMA _star 0.495 0.492 0.497 0.496 0.496 0.494 -0.000 -0.000 -0.001 -0.001 -0.001 -0.002
YSP 0.493 0.492 0.497 0.496 0.493 0.493 0.000 0.000 0.000 0.001 0.001 0.002
LIQ 0.497 0.492 0.489 0.495 0.492 0.492 0.003 0.006 0.011 0.018 0.027 0.041
HML 0.498 0.498 0.496 0.491 0.488 0.479 -0.002 -0.004 -0.006 -0.008 -0.011 -0.013
SMB_star 0.490 0.492 0.491 0.491 0.495 0.488 0.000 0.000 0.001 0.001 0.001 0.002
INFLV 0.495 0.492 0.492 0.490 0.488 0.487 0.001 0.002 0.004 0.005 0.007 0.009
SMB 0.497 0.496 0.492 0.491 0.487 0.474 0.006 0.010 0.016 0.023 0.032 0.044
UNCr 0.496 0.493 0.490 0.488 0.490 0.479 0.000 0.001 0.001 0.002 0.003 0.005
R_IA 0.486 0.486 0.489 0.490 0.490 0.494 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000
BAB 0.493 0.494 0.490 0.490 0.487 0.474 -0.000 -0.000 -0.001 -0.001 -0.001 -0.002
RMW 0.496 0.493 0.491 0.486 0.483 0.478 -0.000 -0.000 0.000 0.001 0.002 0.003
EPUT 0.496 0.495 0.490 0.488 0.482 0.473 0.001 0.002 0.003 0.006 0.009 0.015
MGMT 0.495 0.493 0.491 0.484 0.480 0.475 -0.001 -0.001 -0.001 -0.001 -0.001 0.001
LIQNT 0.489 0.487 0.486 0.486 0.482 0.477 -0.000 -0.000 0.000 0.000 0.001 0.001
FIN 0.496 0.494 0.489 0.486 0.473 0.468 -0.001 -0.002 -0.003 -0.003 -0.004 -0.004
LT_Rev 0.491 0.487 0.488 0.481 0.478 0.475 -0.001 -0.001 -0.002 -0.002 -0.003 -0.003
EPU 0.489 0.490 0.487 0.476 0.472 0.459 -0.000 -0.001 -0.002 -0.003 -0.005 -0.008
VIX 0.488 0.485 0.483 0.478 0.472 0.456 -0.003 -0.005 -0.008 -0.012 -0.017 -0.024
MktRF _star 0.488 0.487 0.485 0.476 0.470 0.456 -0.000 -0.001 -0.001 -0.001 -0.001 -0.001
UNC 0.490 0.483 0.479 0.470 0.465 0.452 -0.000 -0.000 0.001 0.003 0.005 0.009
PEAD 0.492 0.494 0.478 0.471 0.458 0.440 0.002 0.003 0.005 0.008 0.012 0.017
R_ROE 0.494 0.489 0.481 0.472 0.459 0.437 -0.006 -0.009 -0.011 -0.013 -0.013 -0.010
Mom 0.491 0.486 0.479 0.472 0.460 0.443 -0.007 -0.011 -0.016 -0.021 -0.027 -0.033
PERF 0.489 0.478 0.481 0.468 0.461 0.442 -0.006 -0.009 -0.014 -0.019 -0.025 -0.034
UNCf 0.491 0.485 0.479 0.465 0.450 0.423 -0.005 -0.008 -0.010 -0.012 -0.014 -0.016
CRY 0.481 0.467 0.469 0.465 0.460 0.447 0.013 0.020 0.031 0.044 0.061 0.082
HMLD 0.483 0.476 0.466 0.463 0.456 0.434 -0.002 -0.004 -0.007 -0.011 -0.015 -0.023
CPTL 0.481 0.475 0.464 0.460 0.451 0.434 -0.004 -0.008 -0.013 -0.021 -0.032 -0.047
MktMinusRF 0.487 0.481 0.467 0.457 0.442 0.418 0.010 0.015 0.020 0.026 0.033 0.041
VAL 0.478 0.469 0.461 0.459 0.451 0.431 0.010 0.016 0.024 0.034 0.047 0.059
QMJ 0.485 0.480 0.468 0.456 0.443 0.414 -0.005 -0.008 -0.010 -0.011 -0.013 -0.015
TERM 0.487 0.480 0.469 0.459 0.433 0.406 0.008 0.014 0.019 0.024 0.029 0.035
CPTLT 0.475 0.472 0.463 0.449 0.437 0.423 0.002 0.003 0.003 0.005 0.007 0.014
ST_Rev 0.482 0.475 0.464 0.454 0.432 0.404 -0.000 -0.001 -0.000 0.000 0.002 0.005
DUR 0.485 0.475 0.462 0.448 0.424 0.399 -0.002 -0.003 -0.004 -0.004 -0.004 -0.004
MOMS 0.482 0.473 0.461 0.451 0.429 0.394 0.012 0.019 0.027 0.035 0.042 0.048
DRF 0.477 0.470 0.460 0.445 0.430 0.406 0.012 0.017 0.023 0.028 0.032 0.036
LTREVB 0.481 0.477 0.462 0.444 0.422 0.389 -0.005 -0.007 -0.008 -0.008 -0.007 -0.004
MKTB 0.479 0.474 0.464 0.446 0.421 0.387 0.012 0.017 0.022 0.025 0.027 0.025
STREVB 0.477 0.469 0.449 0.430 0.398 0.364 0.005 0.007 0.008 0.008 0.007 0.006
HMLB 0.480 0.464 0.443 0.432 0.396 0.362 -0.002 -0.003 -0.004 -0.004 -0.004 -0.004
MKTBD 0.467 0.454 0.442 0.424 0.400 0.377 0.006 0.007 0.007 0.006 0.002 -0.005
MOMB 0.474 0.461 0.438 0.422 0.401 0.366 -0.002 -0.003 -0.003 -0.002 -0.001 0.002
CRF 0.476 0.461 0.443 0.422 0.394 0.349 -0.014 -0.018 -0.021 -0.022 -0.020 -0.015
DEF 0.471 0.456 0.438 0.417 0.395 0.357 -0.003 -0.005 -0.009 -0.012 -0.015 -0.018
EPU_TAX 0.473 0.456 0.441 0.416 0.389 0.351 0.008 0.010 0.012 0.011 0.009 0.005
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Table B.3: Factor Performance Depending on Research Designs

The table reports median Sharpe ratios of the XTREND factor portfolios, as well as other
bond factors that have a median t-statistic above 1.96, according to Figure 4. The calcula-
tions are based on distributions of 1.3 million implementations based on the design choices
indicated in Table 6. The study period is from September 2005 to September 2022.

XTREND DRF CRY BVL PEADB VAL SZE

Contract selection All 1.25 0.47 0.73 0.42 1.14 0.55 0.92
Contract selection Largest 1.39 0.54 0.79 043 1.12 0.83 1.00
Contract selection Value 0.97 0.63 0.74 0.59 1.09 0.63 0.82
Impute missing returns Imputation 1.21 0.564 0.75 049 1.13 0.67 0.91
Impute missing returns No Imputation 1.21 0.53 0.74 048 1.11 0.65 0.93
Return calculation Duration-adjusted 1.21 0.48 0.73 0.37 1.10 0.63 0.97
Return calculation Excess returns 1.21 0.58 0.76  0.56 1.16 0.69 0.86
Constituents ICE & BAML 1.21 0.53 0.73 0.47 1.11 0.64 0.90
Constituents all 1.20 0.54 0.77 049 1.13 0.68 0.94
Max return Max Return 20% 1.32 0.44 0.65 0.39 1.20 0.51 0.83
Max return No Max Return 1.04 0.64 0.83 0.59 0.90 0.79 1.00
Min return Min Return -20% 1.20 0.64 0.83 0.59 1.12 0.79 1.01
Min return No Min Return 1.21 0.40 0.60 0.34 1.12 0.40 0.69
Min prc Min Price 20$ 1.20 0.54 0.75 0.49 1.11 0.68 0.93
Min pre No Min Price 1.21 0.53 0.74 0.47 1.13 0.64 0.91
Return bounceback Exclude 1.33 0.64 0.82 0.59 1.20 0.83 1.05
Return bounceback Keep 1.06 0.34 0.45 0.32 0.97 0.36 0.59
Estimation window Expanding 1.31 0.54 0.75 048 1.12 0.66 0.92
Estimation window Fixed 1.12 0.54 0.75 0.48 1.12 0.66 0.92
In-sample observations  IS: 12 1.17 0.58 0.76 0.49 1.10 0.67 0.97
In-sample observations IS: 24 1.16 0.54 0.74 048 1.12 0.66 0.92
In-sample observations  IS: 36 1.23 0.51 0.74 0.47 1.15 0.66 0.91
In-sample observations  IS: 48 1.28 0.52 0.75 0.48 1.13 0.65 0.88
Indicators MA 1.22 0.54 0.75 0.48 1.12 0.66 0.92
Indicators all 1.17 0.564 0.75 048 1.12 0.66 0.92
Indicators all-but-vol 1.23 0.54 0.75 048 1.12 0.66 0.92
Method C-ENet 1.20 0.54 0.75 048 1.12 0.66 0.92
Method CFM 1.26 0.54 0.75 0.48 1.12 0.66 0.92
Method CPOLS 1.27 0.54 0.75 0.48 1.12 0.66 0.92
Method CS-C-ENet 1.20 0.54 0.75 0.48 1.12 0.66 0.92
Method FM 1.19 0.54 0.75 0.48 1.12 0.66 0.92
Method POLS 1.18 0.54 0.75 048 1.12 0.66 0.92
Objective function MSE 1.22 0.54 0.75 0.48 1.12 0.66 0.92
Objective function Weighted-MSE 1.20 0.54 0.75 0.48 1.12 0.66 0.92
Validation sample No 1.24 0.54 0.75 048 1.12 0.66 0.92
Validation sample Yes 1.14 0.564 0.75 048 1.12 0.66 0.92
Forecast weighting f-weighted 1.12 0.54 0.75 048 1.12 0.66 0.92
Forecast weighting equally 1.25 0.54 0.75 0.48 1.12 0.66 0.92
Breakpoints decile (single) 1.12 0.78 0.81 0.68 0.99 0.41 0.97
Breakpoints quintile (double) 1.20 047 077 041 1.20 0.70 0.90
Breakpoints tertiles (double) 1.33 0.52 0.68 0.43 1.18 0.73 091
Portfolio weighting EW 1.30 0.56 0.79 0.48 1.18 0.83 1.05
Portfolio weighting VW 1.12 0.52 0.71 048 1.03 0.56 0.83
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Table B.4: t-Statistics of Generalized Alphas Depending on Research Designs

The table reports median t-statistics of generalized alphas when adding the XTREND factor
to existing bond pricing models. The calculations are based on distributions of 1.3 million
implementations based on the design choices indicated in Table 6. The study period is from
September 2008 to September 2022.

CAPM BBW BMV BSV DHP IPR KPP
Contract selection All 4.25 4.10 3.63 437 432 4.23 4.02
Contract selection Largest 4.68 4.34 391 47 439 434 4.00
Contract selection Value 3.31 3.20 297 297 3.16 3.08 3.25
Impute missing returns Imputation 4.17 3.96 3.06 4.08 4.03 395 3381
Impute missing returns No Imputation 4.17 3.91 3.53 407 4.01 396 3.78
Return calculation Duration-adjusted returns 4.39 4.10 3.55 455 397 393 3.82
Return calculation Excess returns 4.05 3.81 3.54 3.75 4.07 398 3.77
Constituents ICE & BAML 4.16 3.92 3.53 409 4.02 396 3.78
Constituents all 4.19 3.95 3.06 4.05 4.02 396 3.81
Max return Max Return 20% 4.43 4.22 3.78 422 429 419 4.01
Max return No Max Return 3.89 3.63 3.28 393 3.7 3.73 3.57
Min return Min Return -20% 4.02 3.80 3.34 412 393 393 3.72
Min return No Min Return 4.33 4.07 3.75  4.02 411 398 3.87
Min prc Min Price 20$ 4.17 3.94 3.55 410 4.04 398 3.80
Min pre No Min Price 4.17 3.93 3.54 405 4.00 393 3.79
Return bounceback Exclude 4.34 4.24 3.63 423 426 4.18 394
Return bounceback Keep 3.95 3.60 3.42 388 3.75 3.71 3.62
Estimation window Expanding 4.55 4.42 3.96 447 453 4.37 4.29
Estimation window Fixed 3.76 3.48 3.16 3.66 3.56 3.60 3.40
In-sample observations  IS: 12 4.25 3.86 3.62 409 386 385 3.76
In-sample observations  IS: 24 4.20 3.96 3.66 4.06 4.09 399 394
In-sample observations  IS: 36 4.13 3.97 3.54 401 4.03 395 3.76
In-sample observations  IS: 48 4.14 3.95 3.39 412 4.09 4.04 3.74
Indicators MA 4.37 4.21 3.84 436 437 430 4.20
Indicators all 3.97 3.71 3.32 380 3.72 3.66 3.52
Indicators all-but-vol 4.17 3.87 348 404 393 3.89 3.66
Method C-ENet 4.21 3.98 3.59 4.11  4.10 4.02 3.85
Method CFM 4.50 4.46 3.89 451 459 452 4.29
Method CPOLS 4.51 4.43 3.88 449 458 4.50 4.26
Method CS-C-ENet 4.25 4.02 3.61 417 414 4.06 3.88
Method FM 3.28 2.90 277 312 287 286 2.84
Method POLS 3.25 2.70 2.77  3.00 259 263 274
Objective function MSE 4.15 3.92 3.54 400 4.00 391 3.76
Objective function Weighted-MSE 4.20 3.95 3.55 414 4.05 4.01 3.83
Validation sample No 4.22 3.99 3.60 413 4.05 398 3.84
Validation sample Yes 4.08 3.84 344 396 396 392 3.72
Forecast weighting f-weighted 3.96 3.72 3.38 383 383 3.76 3.63
Forecast weighting equally 4.29 4.07 3.64 421 414 4.08 3.90
Breakpoints decile (single) 3.79 3.61 322 362 364 3.63 3.51
Breakpoints quintile (double) 4.25 3.91 3.72 414 397 391 3.714
Breakpoints tertiles (double) 4.48 436  3.67 447 452 442 418
Portfolio weighting EW 4.48 4.14 3.82 423 426 4.17 4.03
Portfolio weighting VW 3.85 3.71 324 389 3.7 373 3.52
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