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1 Introduction

Over the past decades, the asset pricing literature has identified various risk factors priced in se-
curities markets. Most of this literature focuses on equity markets, but some recent studies have
turned to the corporate bond market, resulting in a factor zoo for bond returns, as summarized
by Dickerson et al. (2023a). Recently, machine learning methods have become popular in asset
pricing. Such methods can be beneficial for applications in empirical asset pricing for two main
reasons: Firstly, high-capacity machine learning models are designed to efficiently approximate
complex functional relationships using nonlinearities and interactions between input features.
Secondly, machine learning models are equipped to handle large numbers of predictors and
high-dimensional datasets, which complements the numerous candidate factors the literature
has identified as potential drivers of risk premiums.1 Hence, machine learning methods can
often reduce dimensionality and find a suitable selection of predictors.

However, one of the main problems associated with traditional machine learning methods is
their “black box” character: ensembling or layering multiple learning systems makes it difficult
to disentangle the contributions of individual input features to the output prediction, which
leads to a lack of interpretability. These approaches sacrifice the transparency of simple linear
regressions or decision trees for higher model capacity and forecast accuracy. The performance
improvements ofmore complexmodels hint at the importance of non-linearmodel specifications
and interactions of predictors. However, how individual input features (or their interactions)
affect the prediction remains largely unanswered.2

Understanding the reasoning behind predictions is critical for finance research and its prac-
tical applications, so we prioritize interpretability in our analysis. We, therefore, turn to “glass
box” models that are inherently explainable due to their structure but retain much of the flex-
ibility and scalability of other machine learning methods. Specifically, we employ Explainable
Boosting Machine (EBM) models, which are an extension of Generalized Additive Models (GAM)
with first-order interactions (see Hastie and Tibshirani (1986) and Nori et al. (2019)). We pro-
vide new insights into the relationships underlying return predictions by using the interpretable
nature of the EBM model, which allows us to isolate the influence of individual features or first-
order combinations of two features and analyze the nature of their impact. Contrary to prior
research, which often assumes linearity, we find many nonlinear relationships and interactions
that explain corporate bond returns, supplementing findings based on black box models, such
as Gu et al. (2020), who observe but do not interpret such effects in their stock market analysis.

The paper makes the following contributions. We add to the return prediction literature by
applying interpretable machine learning to a new dataset of bond price predictors and identi-
fying the most important factors. The performance of our model is superior to linear models

1See, for example, Gu et al. (2020), Bianchi et al. (2021), Feng et al. (2023), Murray et al. (2024), Chen et al. (2024)
and Kakhbod et al. (2024).

2Rudin (2019) provides several reasons why model-agnostic methods that provide post-hoc explainability to black
boxmodels, such as SHAP, LIME or PDP, are not suitable to answer this question. Crucially, these second-order models
necessarily disagree with the primary models they aim to explain and are therefore unreliable.
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(e.g., OLS and LASSO) and on par with other black box state-of-the-art techniques, such as Ran-
dom Forests and XGBoost3, reaching an out-of-sample 𝑅2 of over 12%. Our interpretable model
allows us to answer how individual predictors affect corporate bond returns. We find that the
most important explanatory variables are measures of macroeconomic uncertainty (see Jurado
et al. (2015) and Ludvigson et al. (2021)) and a term structure factor (Fama and French (1993)), fol-
lowed by firm-level yield spreads. Moreover, the effects of many variables are highly non-linear.
For example, large positive realizations of the term structure factor (i.e., returns of long-term
government bonds exceed those of short-term Treasury bills) predict a 100 basis point return
increase of corporate bonds. This effect is exclusive to the right tail of the factor distribution
and not matched by a corresponding return decrease for large negative values, indicating an
asymmetric reaction of corporate bond returns to interest rate change risk.

In addition, we find a negative association between changes in macroeconomic uncertainty
and returns, which takes the form of a step function. Its main impact can be tracked to the right
tail of the distribution, suggesting an asymmetric response to changes in uncertainty, as the
market reacts more strongly to rising uncertainty than to falling uncertainty. Another influen-
tial uncertainty factor, financial uncertainty, affects returns through a monotonically decreasing
function. The difference in returns resulting from the highest and lowest values of this factor
amounts to nearly 130 basis points.

We also uncover heterogeneity for some of these effects between different firms. By sort-
ing the data into subsamples based on characteristics, we find that bonds of small firms and
long-maturity bonds are more sensitive to changes in financial uncertainty than big and shorter-
maturity ones. We also find stronger return reactions for more risky bonds characterized by
higher spreads and lower credit ratings. Our model identifies asymmetric differences that are
most pronounced for large increases in uncertainty.

The EBM model can also investigate how input variables interact produce to return predic-
tions. Among the most important terms is the interaction of the financial uncertainty factor with
bond spreads, which induces an additional return premium associated with falling uncertainty
exclusive to high-spread bonds. In comparison, the additional return decrease resulting from
the interaction in times of rising financial uncertainty is smaller in absolute value and applies
more uniformly across spread values. For bonds with low spreads, the impact of the interaction
term is practically independent of the financial uncertainty factor. This suggests that the inter-
action term mainly represents an outsized price recovery for the most risky bonds as financial
uncertainty diminishes.

Further analysis of important interactions reveals a similar pattern for financial uncertainty
and the momentum-times-rating characteristic. When financial uncertainty falls, the interaction
term increases returns disproportionally for low-grade bonds with high return momentum over
the past six months, while rising uncertainty results in a more homogeneous effect across all
bonds. These observations indicate that the momentum effect associated with low-grade bonds

3See Ho (1995) and Chen and Guestrin (2016), respectively.
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is amplified when uncertainty falls, or the additional return gain associated with falling uncer-
tainty is concentrated on poorly rated high-momentum bonds.

We show how the benefits of the glass box approach translate to portfolio construction.
Based on the interpretable model’s return predictions, we build a monthly long-short portfolio
with a higher Sharpe ratio than other benchmark portfolios. By analyzing the most important
characteristics and interactions regarding their impact on out-of-sample model fit and portfolio
Sharpe ratio, we identify our model’s most influential functional relationships for portfolio selec-
tion. This includes bond spread, yield, and the interactions mentioned above with the financial
uncertainty factor. The observed functions allow us to form ex-ante expectations regarding the
characteristics of the long and short legs. We confirm that these expectations are reflected in
the EBM portfolios, which combine strong risk-adjusted performance with a transparent compo-
sition.

This paper contributes to the emerging literature by applying novel methods in asset pricing.
Large parts of the field rely on linear regression models to characterize the relationship between
factors and returns and to estimate premiums associated with different risk factors. However,
in addition to the traditional asset pricing literature, several recent studies have explored new
econometric and machine learning techniques to explain asset returns. Gu et al. (2020) examine
future stock returns and find large economic gains for investors using machine learning fore-
casts. Machine learning models outperform traditional statistical methods, which the authors
attribute to allowing non-linearities and predictor interactions. However, the precise nature of
these effects remains unclear due to the complex structure of their most potent models. These
include machine learning methods which are commonly applied throughout this literature, such
as neural networks (e.g., Gu et al. (2021), Fallahgoul et al. (2024), Chen et al. (2024)), tree-based
models (e.g., Lopez-Lira and Roussanov (2020), Bryzgalova et al. (2023), Binsbergen et al. (2023),
Cong et al. (2024)) and generative models (e.g., Chen et al. (2022), Fedyk et al. (2024)). Bali et al.
(2022a) apply similar techniques to a dataset of corporate bond returns and firm characteristics.

Another popular approach utilizes variants of principal component analysis (PCA) to esti-
mate latent factors in high-dimensional data (e.g., Kelly et al. (2019), Lettau and Pelger (2020),
Kelly et al. (2023), Lettau (2023)). Alternative approaches to PCA add regularization to linear
models, resulting in regression variants, such as LASSO (Feng et al. (2020)), adaptive group
LASSO (Freyberger et al. (2020)), or elastic net (Kozak et al. (2020)).4 In contrast to the previ-
ously discussed papers, we prioritize interpretability in our analysis. We can show when and
where specific factors are important and how individual factors affect predictions using glass
box models.5

Our work is also related to several asset pricing studies investigating bond return predic-
4See Nagel (2021), Kelly and Xiu (2023) and Eisfeldt and Schubert (2024) for excellent reviews of machine learning

applications in finance.
5There are other methods that aim to make black box models explainable using post-hoc explainability tools (e.g.,

Cong et al. (2022), Griffin et al. (2023), Bali et al. (2023)). While these approaches rely on approximations of the black
box, our model, in contrast, achieves inherent interpretability through its separable structure. Separable models
(GAMs and their variants) have also recently been applied in other areas: e.g., in criminal recidivism (Wang et al.
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tors. Many studies in the traditional asset pricing literature follow the seminal work of Fama
and French (1993). Gebhardt et al. (2005) study the explanatory power of factor loadings and
bond characteristics. Significant pricing effects have also been documented for size, credit risk,
value, and momentum (Houweling and van Zundert (2017)), liquidity (Lin et al. (2011)), long-term
term reversal (Bali et al. (2021a)), and macroeconomic uncertainty (Bali et al. (2021b)). Dang et al.
(2023) additionally emphasize the role of factors related to carry, duration, and equity momen-
tum. Using a Bayesian approach, Dickerson et al. (2023a) identify factors referencing the bond
post-earnings announcement drift, inflation risk, and equity-market factors as likely components
of the bond pricing kernel. We test the predictive quality of many of these variables by building
a large dataset combining bond and firm characteristics with risk factors and macroeconomic
variables from bond and equity markets. In addition to the Fama and French (1993) term struc-
ture factor, we find that changes in uncertainty rank among the most important predictors in our
dataset. These factors are derived from the uncertainty indices defined by Jurado et al. (2015)
and Ludvigson et al. (2021), who estimate macroeconomic uncertainty by calculating the condi-
tional volatility in the unforecastable component of sets of economic indicators and aggregating
them into a single measure. Using our interpretable method, we discover an asymmetric market
reaction to uncertainty changes and heterogeneous effects across subsamples.

The rest of the paper is organized as follows. Section 2 describes the predictionmethodology
and themachine learningmodels. Section 3 provides information on the data and pre-processing
steps. Section 4 presents the empirical results of the prediction procedure, including a detailed
description of the functional relationships associated with the most important predictors found
by the glass box model. Section 5 provides information on the benefits of our model for portfolio
construction. Section 6 concludes.

2 Methodology

Suppose we want to estimate the relationship between future excess bond returns 𝑟𝑙,𝑡+1 of firm
𝑙 = 1, ..., 𝐿 and information available at time 𝑡:

𝑟𝑙,𝑡+1 = 𝑔(𝐳𝑙,𝑡, 𝐳𝑡), (1)

where 𝐳𝑙,𝑡 is a vector of bond and firm characteristics for firm 𝑙 and 𝐳𝑡 is a vector of risk factors
and other variables derived from macroeconomic data and bond or stock market characteristics.
Let 𝐱𝑙,𝑡 = (𝐳𝑙,𝑡, 𝐳𝑡)′ be the vector of all 𝑁 explanatory variables, so 𝑥𝑖,𝑙,𝑡 is variable 𝑖 of firm 𝑙 at
time 𝑡.

We begin by employing traditional methods, such as OLS and LASSO regressions, and more
complex “black box” models like Random Forests and XGBoost (described in detail by, e.g., Gu

(2023)), genetic anomalies (Wagner et al. (2023)), recovery rates (Nazemi and Fabozzi (2024)), and obesity rates (Kiss
et al. (2024)). See Molnar (2020) for an excellent review of interpretable methods in machine learning.
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et al. (2020)). These are used as performance benchmarks, as we subsequently focus on inter-
pretable models that allow us to examine the learned relationships between returns and inputs.

2.1 EBM: An interpretable machine learning model

Our goal is to model bond returns using a flexible model that retains the interpretability of the
results. The model is based on the Generalized Additive Model (GAM) introduced by Hastie and
Tibshirani (1986) that is additive in nonlinear functions of individual explanatory variables. Lou
et al. (2013) generalize GAMs by adding nonlinear functions of selected interacted variable pairs:

𝑟𝑙,𝑡+1 = 𝛽+
𝑁

∑
𝑖=1

𝑓𝑖(𝑥𝑖,𝑙,𝑡) + ∑
𝑖≠𝑗

𝑓𝑖𝑗(𝑥𝑖,𝑙,𝑡, 𝑥𝑗,𝑙,𝑡) + 𝑒𝑙,𝑡+1. (2)

The functions 𝑓𝑖 and 𝑓𝑖𝑗 define unknown univariate and multivariate “shape” functions, respec-
tively, that capture the effects of explanatory variables on bond returns. While GAMs with few
regressors and without interaction terms can be estimated using classical econometric methods
(e.g., backfitting or maximum likelihood), recent machine learning methods allow for larger and
more complex models. To this end, we use the Explainable Boosting Machine (EBM) by Nori
et al. (2019) to estimate (2). While this method uses machine learning tools, such as decision
trees, bagging, and boosting for the estimation of the 𝑓𝑖 and 𝑓𝑖𝑗 functions, its results remain
interpretable. For example, the additive model structure allows us to separate the influence of
individual input variables and analyze each predictor independently, as we explain below.

The EBM algorithm works as follows (see Online Appendix O-A.1 for more details). Each 𝑓𝑖

and 𝑓𝑖𝑗 takes the form of a step function over bins and is modeled as an ensemble of decision
trees. The objective is to estimate the implied collection of decision trees for 𝑖, 𝑗 = 1, ...,𝑁
that minimizes the sum of squares of the residuals 𝑒𝑙,𝑡+1. Starting from an initial guess of
𝑓𝑖 and 𝑓𝑖𝑗 (usually 𝑓𝑖 = 𝑓𝑖𝑗 = 0), the algorithm first cycles through all univariate variables
𝑥𝑖, 𝑖 = 1, ...,𝑁, sequentially, fitting a decision tree, and updating residuals after each tree is
built. This process is usually repeated thousands of times and ends after a predefined maximum
number of iterations or when performance does not improve significantly for multiple iterations,
as defined by an early stopping threshold. Standard errors for each element of 𝑓𝑖 are computed
using the bootstrapped data from the bagged model. Figure 1 shows a conceptual visualization
of this core algorithm.

Following the estimation of the univariate 𝑓𝑖, the EBM algorithm identifies and estimates
the most important variable interactions to the model, using a time-efficient method to detect
pairs of variables that improve the fit the most (see Online Appendix O-A.2). Shape functions
for interaction terms 𝑓𝑖𝑗 are step functions over a 2-dimensional grid defined over variables 𝑖
and 𝑗 and are also modeled as decision trees.

The construction of each decision tree uses familiar ensemble techniques from machine
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Figure 1: EBM algorithm
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Note: This figure visualizes the core algorithm underlying the shape functions of the Explainable Boosting
Machine. In each iteration 𝑘 (𝑘 = 1, ..., 𝑘𝑚𝑎𝑥), the algorithm cycles through all features 𝑥𝑖 (𝑖 = 1, ...,𝑁), fitting
a shallow decision tree and updating residuals 𝑒𝑖,𝑘 = 𝑟− 𝑟̂𝑖,𝑘 based on the current model predictions 𝑟̂(𝑥) =
𝛽 + ∑𝑁

𝑖′=1 𝑓(𝑖,𝑘)
𝑖′ (𝑥𝑖′) after each tree is built. Finally, all decision trees associated with 𝑥𝑖 are combined into

the final shape function 𝑓𝑖 = 𝑓(𝑁,𝑘𝑚𝑎𝑥)
𝑖 . This algorithm is initially used to generate univariate functions and

subsequently extended to generate multivariate functions 𝑓𝑖𝑗 by cycling through selected pairs of features
(𝑥𝑖, 𝑥𝑗). Additional details can be found in Online Appendix O-A.1.
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learning. Ensemble methods combine multiple trees to achieve better predictive performance
than a single tree. The core idea is that a group of poor models can collectively form a better
model. Two primary techniques for creating these ensembles are bagging and boosting. Bagging,
short for Bootstrap Aggregation, aims to reduce variance in decision trees. It creates multiple
subsets of the original data through random sampling with replacement, then trains a decision
tree on each subset. The final prediction averages all individual tree predictions, resulting in a
more robust model. Boosting, on the other hand, trains models sequentially. Each new model in
the sequence focuses on correcting errors made by previous models. When an input is misclas-
sified, its importance increases for subsequent models. Gradient Boosting combines gradient
descent optimization with boosting principles. It builds trees one by one, with each new tree
attempting to minimize the errors of the previous ensemble.

The full sample is divided into a training sample 𝒯1, a validation sample 𝒯2, and a testing
sample 𝒯3. First, the model is estimated for combinations of hyperparameters in the training
sample. Given the estimated functions 𝑓𝑖 and 𝑓𝑖𝑗, the sum of squared residuals is calculated
for all combinations of hyperparameters in the validation sample. The combination with the
smallest errors in the validation sample is chosen and evaluated in the testing sample.

When predicting new data, the shape functions are lookup tables that provide term contribu-
tions associated with input values for univariate features and selected interaction terms. These
contributions are measured in the same unit as the target variable and can be interpreted as the
local incremental influence of a term on the output value. The overall prediction for an individ-
ual data point is finally computed as a sum of the model intercept and the contribution values
retrieved from all term functions. The additive nature of the model allows the contributions of
individual input variables or combinations to be separated. Therefore, each shape function can
be interpreted individually.

2.2 Model evaluation

Since the estimation minimizes the sum of squared residuals of (2), we focus on the 𝑅2 as the
main performance measure to evaluate the predictive capabilities of different models. Let 𝒯 ∈
(𝒯1,𝒯2,𝒯3) be the training, validation, or out-of-sample testing subsamples. The 𝑅2 in sample
𝒯 is given by

𝑅2
𝒯 = 1−

∑(𝑙,𝑡)∈𝒯 𝑒2𝑙,𝑡
∑(𝑙,𝑡)∈𝒯 𝑟2

𝑙,𝑡+1
. (3)

We implicitly benchmark model predictions against a naive forecast of zero for future excess
returns by not demeaning in the denominator of our 𝑅2

oos expression. This avoids overestimating
model performance by comparing it to a poor prediction benchmark (Gu et al. (2020)). When
comparing the EBM estimation of (2) to other estimation methods, we use the 𝑅2 in the out-of-
sample testing sample 𝒯3 as an evaluation criterion.
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2.3 Effects of individual variables

In most machine learning methods, isolating how a given variable affects the model’s prediction
is not straightforward. In contrast, (2) has an additive structure so that the effect of a variable
on the forecast can be seen directly from the shape functions 𝑓𝑖 and 𝑓𝑖𝑗. We consider two such
measures to evaluate a variable’s overall importance. First, we use the shape of the 𝑓𝑖 functions,
which control the marginal impact of changes in𝑥𝑖 while holding all other variables constant. We
define themean absolute score 𝑆𝑖 as the absolute values of𝑓𝑖(𝑥𝑖,𝑙,𝑡) averaged over the distribution
of the training sample:

𝑆(𝑖) = 1
|𝒯1| ∑

𝑙,𝑡∈𝒯1

|𝑓𝑖(𝑥𝑖,𝑙,𝑡)|. (4)

𝑆(𝑖) captures the average effect of variable 𝑖, taking the distribution over the sample into account,
and is therefore similar to the absolute value of a (standardized) coefficient in a linear regression.
Hence, the mean absolute scores capture the average “size” of the effect of an individual variable
on the prediction of the model. The mean absolute scores of the interaction terms are defined
analogously:

𝑆(𝑖, 𝑗) = 1
|𝒯1| ∑

𝑙,𝑡∈𝒯1

|𝑓𝑖𝑗(𝑥𝑖,𝑙,𝑡, 𝑥𝑗,𝑙,𝑡)|. (5)

An alternative measure of the importance of a variable is its effect on the overall fit. To this
end, we compute the change in the 𝑅2 when a variable is removed from the model. We calculate
the residuals when the univariate effect of variable 𝑖 is eliminated from (2),

𝑒−𝑖
𝑙,𝑡+1 = 𝑟𝑙,𝑡+1 −⎛

⎝
𝛽+ ∑

𝑖′≠𝑖
𝑓𝑖′(𝑥𝑖′,𝑙,𝑡) + ∑

𝑖≠𝑗
𝑓𝑖𝑗(𝑥𝑖,𝑙,𝑡, 𝑥𝑗,𝑙,𝑡)⎞

⎠
, (6)

and compute the corresponding 𝑅2
−𝑖. The effect of variable 𝑖 on the explanatory power is the

reduction relative to the 𝑅2 of the full model: Δ𝑅2
𝑖 = 𝑅2

−𝑖 −𝑅2. For the joint effect of variables 𝑖
and 𝑗, we compute

𝑒−𝑖𝑗
𝑙,𝑡+1 = 𝑟𝑙,𝑡+1 −⎛

⎝
𝛽+∑

𝑖′
𝑓𝑖′(𝑥𝑖′,𝑙,𝑡) + ∑

(𝑖′,𝑗′)≠(𝑖,𝑗)
𝑓𝑖′𝑗′(𝑥𝑖′,𝑙,𝑡, 𝑥𝑗′,𝑙,𝑡)⎞

⎠
, (7)

and the associated Δ𝑅2
𝑖𝑗 = 𝑅2

−𝑖𝑗 −𝑅2.

Δ𝑅2
𝑖 and Δ𝑅2

𝑖𝑗 measure the reduction in the fit when a single term in (2) is removed. To
capture the total effect of a variable on the fit of the model, we remove not only the univariate
term 𝑓𝑖 but also all interaction terms that involve 𝑥𝑖:

𝑒−𝑖
𝑙,𝑡+1 = 𝑟𝑙,𝑡+1 −⎛

⎝
𝛽+ ∑

𝑖′≠𝑖
𝑓𝑖′(𝑥𝑖′,𝑙,𝑡) + ∑

𝑖′≠𝑖,𝑗
𝑓𝑖′𝑗(𝑥𝑖′,𝑙,𝑡, 𝑥𝑗,𝑙,𝑡)⎞

⎠
, (8)

and define Δ𝑅̃2
𝑖 = 𝑅̃2

−𝑖 −𝑅2.
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3 Data

We combine bond and firm characteristics data with time series data related to many factors
and macroeconomic measures to form a novel dataset. Kelly et al. (2023) provide monthly
data on duration-adjusted bond returns and characteristics from Trade Reporting and Com-
pliance Engine via Wharton Research Data Services (WRDS/TRACE), which we supplement with
equity data from CRSP to impute missing market capitalization data.6 We construct firm-level
value-weighted bond returns and characteristics using the “amount outstanding” of each bond
as weight.7 We combine this dataset with several traded and non-traded bond and equity vari-
ables that have seen previous use in the corporate bond literature. Our data set includes 41
firm-level variables, which we merge with 40 market-level variables. We obtain the five Fama
and French (2015) factors and the momentum factor from Kenneth French’s data library. We
add several variables which are available from the authors’ websites, including the intermediary
capital non-traded risk factor of He et al. (2017), Pástor and Stambaugh (2003)’s liquidity factors,
and Jurado et al. (2015)’s macroeconomic uncertainty indices. Data on traded corporate bond
factors as well as a bond momentum measure is provided by Dickerson et al. (2023a) via Open
Source Bond Asset Pricing.8 Economic policy uncertainty indices and VIX and CPI data are ob-
tained from FRED. We use lower cases for firm-level variables and upper cases for market-level
predictors. Variables that exhibit a trend over the sample period are divided by their monthly
mean, and variables censored at zero are transformed using the natural logarithm. Finally, we
rescale each feature in our dataset to a mean of zero and a standard deviation of one. A complete
overview of the set of characteristics and risk factors is given in Table A.1 of the Appendix.

The dataset includes 81 predictors from July 2002 to August 2020 (218 months) of 1,207
individual firms for a total of 106,265 firm-date observations.9 Figure A.1 shows the behavior of
some bond characteristics over the sample. The number of firms per month, plotted in Panel A,
rose from 311 at the start of the sample to 400 before declining to 330 during the financial crisis.
Starting in 2009, the number of firms increases steadily to 624 in 2014 followed by a decline
to 534 at the end of the sample. The mean rating of all firm-level bonds is BBB-. Since ratings
are correlated with firm size, the average rating when firms are weighted by their market cap is
higher and close to A. About 56% of the bonds in the sample are investment-grade. The median
duration of all bonds in the sample is 5.6 years. However, durations are increasing over the
sample as shown in Panel B. The median duration at the end of sample is 6 years compared to
4.75 years at the start. The effect is stronger for the upper part of the distribution as the 90%
percentile has almost doubled from 9 years to 16 years. In other words, there are some firms

6In TRACE-based data, price-related variables are subject to ’microstructure market noise’ (MMN), which can be
mitigated with implementation gaps for the signals (see, e.g., Bartram et al. (2024)). We find qualitatively similar
results using MMN-adjusted data from Open Source Bond Asset Pricing.

7The raw bond-level data set includes 8,758 individual non-convertible bonds with an average of 7.25 bonds per
firm. About one-third of firms have a single bond, and 75% have five bonds or fewer in a given month. Estimation
results using the bond-level data are similar to those using firm-level data.

8We use this momentum measure because it skips the prior month, consistent with Jostova et al. (2013).
9Summary statistics of the variables are in Table O-B.1 in the Online Appendix.
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Table 1: Descriptive statistics of excess returns

Mean S.D. 5% pct. 95% pct.

Mean of 𝑟𝑙,𝑡 by firm 0.25 0.22 -0.00 0.64
S.D. of 𝑟𝑙,𝑡 by firm 2.18 1.08 0.72 4.21
SR of 𝑟𝑙,𝑡 by firm 0.13 0.10 -0.00 0.31

Note: This table reports means, standard deviations, and the 5% and 95% percentiles of the distribution of
moments of excess bond returns. The rows show the distributions of the means, standard deviations, and
Sharpe ratios of excess returns by firm. Firms with less than 24 observations in the sample are excluded. The
sample is from July 2002 to August 2020.

that started to issue bonds with very long maturities in the second half of the sample.

Panels C and D of Figure A.1 plot the monthly median yield and yield spread along with the
respective 10% to 90% percentile intervals. Bond yields range between 4% and 8% during the first
part of the sample but spike during the financial crisis, when the median bond yield reached
almost 9%. As interest rates declined, yields of corporate bonds fell as well and ranged from
around 2% for investment-grade bonds to 6% for non-investment-grade bonds. Following Israel
et al. (2018), we construct yield spreads (“spread”) as the duration-matched option-adjusted
spread over the Treasury curve. For most of the sample, spreads were between 1% and 6%
but reached over 10% during the financial crisis. Note that unlike during the financial crisis,
corporate bond yields rose only slightly during the COVID period since higher spreads were
offset by lower Treasury rates.

Table 1 reports descriptive statistics of our sample’s excess returns of bonds.10 The first
row shows the distribution of means across all bonds with more than 24 observations in the
sample. The grand mean is 0.21% per month, but the distribution of mean returns is spread
out. The standard distribution is 0.19%, and the 90% confidence interval ranges from 0 to 0.64%.
The mean standard deviation is 2.18% with a standard deviation of 1.08%. The average monthly
Sharpe ratio is 0.13, or 0.36 annually, but some bonds have monthly Sharpe ratios above 0.3
(0.56 annually).

The distribution of bond returns varies substantially over the sample. On average, bond
prices fell at the beginning of the financial crisis in 2008 and COVID in 2020. On the other hand,
bond returns were high when the economy recovered from these episodes. The median returns
were -9.28% and -6.38% in February 2020 and September 2008, respectively. The highest returns
occurred in March 2009 (4.50%), December 2008 (4.38%), and March 2020 (4.14%).

10We use the winsorized return variable (nextretexcwins), but our findings are materially unchanged when using
unwinsorized returns (nextretexc). The results are practically identical when we predict the duration-adjusted returns
provided via Open Source Bond Asset Pricing or the duration-adjusted returns of Binsbergen et al. (2024).
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4 Empirical results

This section reports the results of the estimation of the EBM model. We first compare its fit to
several benchmark models used in the literature. We consider linear specifications (OLS, LASSO)
and non-linear machine learning methods (Random Forest and XGBoost). Next, we exploit the in-
terpretable structure of EBM to investigate the roles of individual variables and their interactions.
In the main estimation, we weigh firm observations by their market capitalization to reduce the
impact of small firms. However, the results for the estimation with equal weights are similar
and are reported in Section C of the Appendix.

4.1 Model comparison

The data spans July 2002 to August 2020 (218 months) and is split into three subsamples: train-
ing data 𝒯train to fit models, validation data 𝒯valid to tune hyperparameters, and out-of-sample
test data 𝒯oos to evaluate out-of-sample performance.11 A standard split for training and test
samples in machine learning is around 80% of the data for training/validation and 20% for test-
ing, which implies a short period of less than two years for the out-of-sample analysis. Instead,
we choose a relatively long testing window at the expense of a short training sample: 𝒯train con-
sists of the first eight years of data (7/2002-6/2010), 𝒯valid contains data from the following
year (7/2010-6/2011), while the remaining data is reserved for out-of-sample testing (7/2011-
8/2020). The longer out-of-sample window allows us to assess the estimation results over a full
economic cycle, including the COVID period. The drawback is that the estimation is based on
fewer observations and is thus more noisy. However, we explore alternative data splits (e.g., a
longer training window of 14 years) and rolling windows in the Online Appendices O-C.1 and
O-C.2 with similar results. We impute missing values using the cross-sectional median within
each month for linear regression and LASSO. We impute the value zero if characteristic values
are unavailable for all firms in a month. The predictive performance of all models on subsamples
𝒯𝑗 is summarized in Table 2.

Given its negative 𝑅2
valid and 𝑅2

oos, the OLS model provides poor predictions out-of-sample
and is comfortably outperformed by a naive forecast of 0. Due to the linear model’s limitations
and our dataset’s high dimensionality, such results are expected and broadly in line with other
works from the return prediction literature. Performance improves significantly when regular-
ization is introduced via the 𝑙1-penalty in the LASSO specification as the 𝑅2 in the test sample is
7.99%.12 The nonlinear machine learning models further enhance in-sample and out-of-sample
fit. The Random Forest, XGBoost, and EBM models achieve significant predictive performance,
reaching 𝑅2 results of around 11% to 13% on the test data. Even though EBM is more restric-
tive, it yields comparable out-of-sample fits as state-of-the-art machine learning methods. Note
that the training sample 𝑅2

train of the Random Forest and XGBoost estimations are substantially

11An overview of the hyperparameter values used for validation are reported in Table B.1 in the Appendix.
12Other regularized linear models, such as Ridge or Elastic Net, yield similar results.
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higher than that of the EBM model. This indicates that Random Forest and XGBoost are prone
to overfitting in the training sample, which is penalized in the testing sample.

Table 2: Comparison of 𝑅2’s

OLS LASSO R-Forest XGBoost EBM

𝑅2
train 31.15% 17.51% 46.93% 42.52% 24.79%

𝑅2
valid -0.27% 15.94% 15.57% 21.80% 18.54%

𝑅2
oos -2.34% 7.99% 13.34% 11.97% 12.10%

Note: This table shows 𝑅2’s of OLS, LASSO, Random Forest, XGBoost, and EBM estimations in the training (July
2002 – June 2010), validation (July 2010 – June 2011), and testing (July 2011 – August 2020) samples.

Table 3 reports descriptive statistics and correlations of the models’ errors. The mean fore-
cast error of OLS is -0.65, implying that the model systematically overestimates returns. Mean
errors of LASSO, Random Forest, and XGBoost are positive, and EBM yields forecasts that are, on
average, closest to observed returns. Errors of all models are negatively skewed and leptokurtic.
Aside from OLS, the errors are highly correlated, suggesting that the models produce similar
forecasts that differ in their precisions.

Table 3: Model errors

OLS LASSO R-Forest XGBoost EBM

Panel A: Descriptive Statistics
Mean -0.62 0.03 0.08 0.11 0.02
S.D. 2.15 2.12 2.06 2.07 2.08
Skewness -1.64 -0.89 -0.60 -0.77 -0.96
Kurtosis 18.19 21.76 20.12 20.41 21.82

Panel B: Correlations
OLS 1.00 0.91 0.88 0.88 0.90
LASSO 0.91 1.00 0.98 0.96 0.99
R-Forest 0.88 0.98 1.00 0.97 0.99
XGBoost 0.88 0.96 0.97 1.00 0.97
EBM 0.90 0.99 0.99 0.97 1.00

Note: This table shows summary statistics (Panel A) and correlations (Panel B) for prediction errors of OLS,
LASSO, Random Forest, XGBoost, and EBM estimations in the test sample (July 2011 – August 2020).

4.2 Predictor importance

Figure 2 shows the most important predictors. Panel A plots the 15 variables with the highest
mean absolute scores 𝑆(𝑖) and 𝑆(𝑖, 𝑗) as defined in (4) and (5). Panels B and C plot the marginal
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effects of excluding a predictor on the 𝑅2. Δ𝑅2
𝑖 indicates the univariate effect when variable 𝑖

is excluded and Δ𝑅̃2
𝑖 measures the total effect when all interaction effects involving 𝑥𝑖 are also

removed.

The highest mean absolute scores are associated with macroeconomic and financial uncer-
tainty variables. ΔUNC andΔUNCf are the first differences of indices constructed by Jurado et al.
(2015) and Ludvigson et al. (2021), who estimate macroeconomic and financial uncertainty by
calculating the conditional volatility in the unforecastable component of sets of economic indica-
tors aggregated into a single measure. The financial uncertainty measure ΔUNCf is particularly
relevant for corporate bond returns. In contrast, the uncertainty index for the real economy
(UNCr) has only the 23rd highest score and plays a lesser role than ΔUNCf and ΔUNC̣. The third
and fourth most important variables are the term structure factor TERM and long-term bond
reversals LTREVB13. While the four most important predictors are univariate, they are followed
by interaction terms, such as the interaction of ΔUNCf and the bond yield spread (’ΔUNCf &
spread’). The high importance of uncertainty factors is underlined by the multitude of interac-
tion terms within the rankings that contain different uncertainty factors. These findings align
with Bali et al. (2021b), who find significant return premiums associated with macroeconomic
uncertainty. This observation also mirrors prior evidence that macroeconomic climate and the
business cycle are highly relevant determinants of bond risk premiums and returns. Both the-
oretical predictions, such as general equilibrium model-based estimates by Gomes and Schmid
(2021), and empirical findings, e.g., by Elkamhi et al. (2024), suggest that macroeconomic fluctu-
ations possess significant explanatory power for bond prices. Note that the EBM model implies
that changes in uncertainty are more relevant for future returns than their levels. We analyze
the role of uncertainty in more detail in section 4.4.

Recall that the mean absolute score measures the average “size” of the effect of a variable
on bond return. Panels B and C show the importance of variables in the model’s fit as measured
by the 𝑅2. Panel B plots Δ𝑅2

𝑖 and Δ𝑅2
𝑖𝑗, which indicate the reduction in the 𝑅2 when variable

𝑥𝑖 or the interaction effect of 𝑥𝑖 and 𝑥𝑗 are removed from the model. The pattern is similar to
that in Panel A. The three most relevant variables are TERM, ΔUNCf, and ΔUNC̣. Excluding TERM
from the model has a substantial effect on the fit of the model as the 𝑅2 is reduced by 2.97%
(12.11% to 9.14%), which is about one-quarter of the 𝑅2 of the full model. For ΔUNCf and ΔUNC,
the Δ𝑅2

𝑖 are -2.08% and -1.81%, respectively. The fourth most important variable is the firm-level
bond yield spread. Several interaction terms involving uncertainty and the yield spread also
have meaningful effects.

Panel C shows the effect on 𝑅2’s when interaction effects are removed from the model. Even
though TERM was associated with the largest univariate decrease in the 𝑅2, ΔUNCf has a larger
effect when interaction terms are excluded: -4.36% vs. -3.08%. The reason is that interaction
terms involving ΔUNCf are also relevant for the fit. Similarly, the univariate Δ𝑅2

𝑖 of the yield

13TERM is the difference between the holding-period returns of the 20-year and 3-month Treasuries. LTREVB is
the bond long-term reversal factor defined by Bali et al. (2021a).
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Figure 2: Importance of predictors
A: Mean Absolute Scores: 𝑆(𝑖) and 𝑆(𝑖, 𝑗)
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Note: This figure shows the most important predictors for the EBM model. In Panel A, importance values
are mean absolute scores calculated on the training data (the native EBM importance measure). In Panel B,
importance values are calculated as reductions in 𝑅2 when removing a term, i.e., an individual shape function,
from the fitted model. In Panel C, importance values are calculated as reductions in 𝑅2 when removing all
terms associated with a variable from the fitted model.
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spread is only -0.39%, but since interaction effects are important, the total Δ𝑅̃2
𝑖 is -1.12%.

Figure 3: Number of predictors – 𝑅2
oos
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Note: This figure shows 𝑅2
oos when predictors to the model are successively added. Terms are included in

order of descending importance given by Δ𝑅̃2
𝑖 . The horizontal line shows the 𝑅2

oos of the full EBM model with
81 variables.

Both measures suggest that a few variables account for a large part of the full model’s pre-
dictive strength. This is confirmed by the results displayed in Figure 3, where we track 𝑅2

oos

when adding terms to the model successively ranked by Δ𝑅̃2
𝑖 . The 𝑅2 with only the first vari-

able, ΔUNCf, is 4.51%. Adding the next three variables, TERM, ΔUNC, and spread, doubles the
𝑅2

oos to 10.01%, while a model with ten variables yields an 𝑅2
oos of 11.78%. We conclude that par-

simonious EBM models can capture most of the predictability of corporate bond returns with
relatively few variables.

4.2.1 Univariate effects

In contrast to previous studies applying machine learning methods to asset pricing, our analysis
is not limited to studying their fit. Traditional machine learning methods are subject to a trade-
off between accuracy and explainability. Linear models or simple decision trees are easily in-
terpretable but often provide limited or unstable out-of-sample performance due to insufficient
capacity or overfitting. More complex models can exhibit stronger performance but usually use
high-dimensional interactions in the form of decision trees combined with ensemble techniques,
such as bagging (e.g., Random Forests) or boosting (e.g., XGBoost). In neural networks, multiple
layers of simple learners and activation functions make it difficult to isolate the contribution of
individual features to the final output and write down an easily interpretable function in closed
form (see, for example, Gu et al. (2020) and Chen et al. (2024)). Therefore, studies using these

15



techniques rely on simplifications, such as holding other features constant or partial dependence
plots, to study variable influences and interactions. As Rudin (2019) argues, the explanations
provided by such post-hoc methods are misleading and, therefore, unsuitable for many research
questions or investment decisions. Due to the EBM model’s separable structure, we can instead
study the precise relationships and feature interactions underlying the predictions.

As (2) shows, the univariate contribution of a feature 𝑥𝑖 is fully defined by the associated
shape function 𝑓𝑖 that only depends on 𝑥𝑖. Analogously, the contribution of an interaction
(𝑥𝑖, 𝑥𝑗) is represented by the function 𝑓𝑖𝑗(𝑥𝑖, 𝑥𝑗). Figure 4 plots the univariate shape functions
𝑓𝑖 associatedwith the fourmost important predictors (byΔ𝑅̃2

𝑖 ): ΔUNCf, TERM,ΔUNC, and spread.
We also plot 𝑓𝑖 for sprxrtg, defined as the product of bond spread and credit ratings, since we re-
fer to it in sections 4.2.2 and 5.3.14 The following section discusses the shapes of 𝑓𝑖𝑗 functions
of interaction terms. Each plot shows the estimated function 𝑓𝑖(𝑥𝑖) and the associated boot-
strapped two-standard deviation confidence intervals. At the bottom is the smoothed empirical
histogram of 𝑥𝑖. Recall that all variables are standardized. The EBM model specifies each 𝑓𝑖(𝑥𝑖)
as a step function over bins with approximately equal numbers of observations. The standard
errors are substantial for some variables, largely due to our choice of a relatively short training
sample of eight years. The Online Appendix O-C.1 shows that standard errors are significantly
smaller when we extend the training sample to 14 years.

Panel A plots the estimated function 𝑓𝑖(𝑥𝑖) for the change in financial uncertainty index
ΔUNCf. EBM estimates a decreasing but nonlinear effect of ΔUNCf on bond returns. Large
increases in financial uncertainty lower the expected returns of corporate bonds by about 66
basis points. On the other hand, substantial declines in ΔUNCf predict higher bond returns by
64 basis points. This indicates a positive (negative) effect of falling (rising) financial uncertainty
on future returns. We can also conclude that these effects are only meaningfully present at
the tails of the data distribution. At the same time, there is no or only negligible contribution
in an inactive region around the distribution’s center. Falling financial uncertainty only affects
predictions below a threshold of about 1.1 standard deviations below the mean, corresponding
to a return premium of up to 64 basis points. On the other end of the ΔUNCf distribution,
positive changes in financial uncertainty exceeding a threshold of about 1.6 standard deviations
result in a penalty of approximately 65 basis points. Small changes in ΔUNCf have little effect
on bond returns. Confidence intervals are small in the middle of the distribution but are larger
towards the edges. However, the null that ΔUNCf does not affect bond returns is rejected.

The second most important predictor is the term structure factor TERM, which captures the
risk arising from unexpected interest rate changes and is calculated as the difference between
the monthly long-term government bond return and the one-month Treasury bill rate. Its shape

14This variable is labeled ’mom6xrtg’ in the original data by Kelly et al. (2023), but is actually computed as spread
multiplied by rating, with credit ratings converted to a numerical scale of 1 (AAA) to 22 (default). We thank Alex
Dickerson for pointing out this definition.
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Figure 4: Univariate functions 𝑓𝑖(𝑥𝑖)
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Note: This figure shows the estimated 𝑓𝑖(𝑥𝑖) functions of ΔUNCf, TERM, ΔUNC, spread, and sprxrtg. The
𝑥-axis plots the input variable 𝑥𝑖 standardized to a mean of 0 and a standard deviation of 1. At the same time,
the 𝑦-axis represents the additive contribution to the prediction output through the shape function 𝑓𝑖(𝑥𝑖) (in
basis points). The underlying data distribution is displayed in blue, and uncertainty intervals are shown in
gray.
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function, displayed in Panel B, reveals a nonlinear effect of excess returns of Treasury bonds.
The factor’s contribution to the prediction is negligible for TERM values below a threshold of
about 1.6 standard deviations from the mean. TERM is the difference between long and short-
term returns of government bonds and is positive when long rates fall relative to short rates.
Since corporate have long maturities (the average duration in our sample is 5.61 years), they
have a positive excess return if TERM is high. Why is the effect of TERM close to zero for most of
the TERM range and close to 100 bps for the right tail of the distribution? Recall that the shape
functions 𝑓𝑖 are estimated in the training sample and kept fixed in the testing sample. It turns
out that there is little correlation between bond returns and TERM for most values of TERM.
However, the three periods with the highest mean bond return in the training sample concur
with the three highest TERM observations, as shown in the scatter plot of TERM and returns in
Figure A.2. The EBM estimator captures this nonlinear relationship as a step function close to
zero for all but very high TERM realizations.15

In contrast to financial uncertainty, macroeconomic uncertainty has little effect on corpo-
rate bond returns for most of the parameter space. However, for very large increases upwards
of about 2.5 standard deviations from the mean in ΔUNC, bond returns suffer large losses and
fall by about 100 basis points. In the sample, this occurred during the financial crisis in the third
quarter of 2008 and during COVID in the first quarter of 2020. The nonlinear step functions es-
timated by our model suggest that investors react to substantial macroeconomic or financial
uncertainty changes, while smaller fluctuations do not result in meaningful return movements.
The negative correlation between changes in uncertainty and bond returns implied by this func-
tion is consistent with investors becomingmore pessimistic about firms’ prospects and choosing
to forego investment into corporate bonds (possibly in favor of less risky assets such as govern-
ment bonds) in times of rising uncertainty, resulting in lower corporate bond prices and returns.
This aligns with findings by Bali et al. (2021b), who conclude that investors demand compensa-
tion for bearing credit risk and macroeconomic risk associated with uncertainty, leading to a
significant risk premium in the cross-section of corporate bonds.

The most important firm-level characteristic is the bond spread. Panel D shows a relatively
smooth upwards-sloped curve that links higher spread values to positive incremental effects on
return predictions. Once again, effects are close to zero for large parts of the data, only starting
to affect predictions after spreads deviate from the mean by at least 1.4 standard deviations.
Contributions grow substantially to 35 basis points when reaching large, rare spread realizations
exceeding the mean by approximately 3.2 standard deviations. This observation is consistent
with high-yield bonds offering greater compensation for investors’ risk in the form of higher
future returns. We investigate the effect of yield spreads on bond returns in more detail below.
We note that the confidence intervals of 𝑓𝑖 are wide and include zero for most values of 𝑥𝑖. As
mentioned above, since the 𝑓𝑖 is estimated in the training sample, the limited amount of data
in the relatively short training sample of eight years can lead to large standard errors. As a

15The scatter plot also shows a non-parametric estimation line, which is flat for most values of TERM and positive
for the highest values of TERM.
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robustness check, we also estimate the model with a training sample of 14 years; see Online
Appendix O-C.1 for more details. Figure D.1 shows the estimated shape functions. While the
functions are similar to those in the estimation with a training sample of eight years, the standard
errors are substantially smaller. For example, 𝑓𝑖 of spread increases and statistically differs from
zero. The qualitative nature of these relationships also persists across temporal subsamples,
while magnitudes and sensitivities to certain predictors vary.16

4.2.2 Interaction effects

Gu et al. (2020) emphasize variable interactions as a source of the predictive strength of high-
complexity models. In line with this observation, we find multiple interaction terms among
the top 20 of the importance ranking (see Figure 2). Notably, many interactions among the
most influential terms link the financial uncertainty feature with other factors or characteristics,
underlining its relevance for predictions. We present results for two of themost important terms
in this section, describing the interactions of financial uncertainty ΔUNCf with bond spread
and the spread-times-rating (sprxrtg) variables. Note, that 𝑓𝑖𝑗(𝑥𝑖,𝑦𝑖) measure only interaction
effects. To calculate the total effect of a variable, the univariate and interaction effects have to
be combined. We first investigate the interaction terms and then discuss the joint effects.

Panel A of Figure 5 illustrates the shape function 𝑓𝑖𝑗(𝑥𝑖,𝑦𝑖) associated with the interaction
of financial uncertainty on the 𝑥-axis and bond spread on the 𝑦-axis. The heatmap shows a
complex interaction of the two variables. The interaction term results in an additional positive
contribution of falling uncertainty for high-spread bonds, reaching up to approximately 11 basis
points. The additional negative effect of rising uncertainty reducing future returns by up to 4
basis points is present for larger parts of the spread distribution. However, it also exhibits
regions of more pronounced impact for bonds with lower spreads. These findings suggest that
high-risk bonds (firms) benefit the most from improving macroeconomic conditions, i.e., falling
uncertainty, while rising uncertainty affects bonds (firms) more uniformly.

Another way to illustrate interaction effects is to plot 𝑥𝑖 conditional on different values of
𝑥𝑗, i.e., 𝑓𝑖𝑗(𝑥𝑖|𝑥𝑗). Panel B shows the effect of ΔUNCf on the 𝑥-axis for five different values of
spread, equivalent to taking horizontal cuts of the heatmap in Panel A. This plot suggests that
low-spread bonds do not experience large additional effects associated with ΔUNCf but become
more sensitive to changes in financial uncertainty as the spread grows. This phenomenon is
especially pronounced for falling uncertainty. Panel C presents the opposite case of holding
ΔUNCf constant at different levels and observing the resulting contributions as a function of
spread (equivalent to taking vertical cuts in the heatmap). The spread function is monotonically
increasing for changes in financial uncertainty below or around the mean. This relationship is
partially reversed in times of sharply rising uncertainty, as indicated by the downwards-sloped
curve around the mean.

16See the Online Appendix O-C.3 for an in-depth analysis of the global financial crisis.
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Figure 5: Interactions – ΔUNCf & spread
A: 𝑓𝑖𝑗(𝑥𝑖, 𝑥𝑗)
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Note: Panel A displays the shape function of the interaction between the financial uncertainty feature and
bond spread. The scaled values of ΔUNCf and spread are shown on the 𝑥- and the 𝑦-axis, respectively. The
color-coded axis represents the additive contribution to the prediction output associated with combinations
of 𝑥 and 𝑦 values in basis points. In Panels B and C, conditional contributions are derived from the shape
function by separately holding each variable involved in the interaction constant at different levels. Panel D
shows the sum of the univariate and interaction effects of spread conditional on ΔUNCf.
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As we have shown, the model structure allows us to separate the influence of an input vari-
able 𝑥𝑖 into univariate effects 𝑓𝑖(𝑥𝑖) and multivariate effects 𝑓𝑖𝑗(𝑥𝑖, 𝑥𝑗). We can, therefore, find
the aggregate effect of an input dependent on all 𝑥𝑗 it interacts with by summing over the corre-
sponding functions 𝑓𝑖(𝑥𝑖) and 𝑓𝑖𝑗(𝑥𝑖|𝑥𝑗). The univariate effect of spread, shown in Panel D of
Figure 4, is increasing and ranges from -0.5 to 36 bps. Panel D of Figure 5 shows the joint effect
when we add the interaction terms 𝑓𝑖𝑗(𝑥𝑖|𝑥𝑗) to the univariate function 𝑓𝑖(𝑥𝑖). While the uni-
variate effect is an order of magnitude larger, the interaction terms show significant differences
in predictions for bonds with high spreads when financial uncertainty declines or increases.

Figure 6 shows the interaction effect of ΔUNCf and the spread-times-ratings variable sprxrtg.
The variable sprxrtg is calculated as the product of bond spread and numerical bond rating. As
such, it is correlated with other variables that capture default risk, such as yield, spread, and
rating. We investigate the role of sprxrtg in more detail in Section 5.2. The shape function 𝑓𝑖(𝑥𝑖)
of sprxrtg increases from -0.2 bps for low values of sprxrtg to 2.5 bps, see Panel E of Figure 4.
Hence, the univariate quantitative effect of sprxrtg is substantially smaller than those of ΔUNCf,
TERM, ΔUNC, and spread.

The pattern of the heatmap of the ΔUNCf and sprxrtg interaction is similar to that of ΔUNCf
and spread. Therefore, the resulting interaction with the financial uncertainty factor is similar
to the previously discussed interaction involving spread: Returns of low-grade high-momentum
bonds increase disproportionately when financial uncertainty falls and moderately decreases
otherwise. Consequently, the conditional functions resulting from the interaction term also
behave similarly to the interaction between financial uncertainty and spread: The impact of
changes in financial uncertainty grows as sprxrtg levels increase, with the most pronounced
effect present for falling uncertainty. Once again, rising uncertainty affects bonds markedly
more uniformly across the sprxrtg spectrum. The overall contribution is mostly independent of
ΔUNCf for the lowest sprxrtg values. The contribution of sprxrtg to return predictions condi-
tional on ΔUNCf levels increases in sprxrtg for ΔUNCf values around or below the mean but is
mainly decreasing in sprxrtg for high ΔUNCf values. In contrast to spread, the univariate effect
of sprxrtg is smaller so that the interaction terms dominate the total effect (Panel D).

4.3 Interaction effects in returns

The shape functions capture the marginal effect of a single variable or combinations of two vari-
ables. In this section, we study how financial uncertainty and bond spreads relate to predicted
and realized returns in the sample. We group observations by ΔUNCf (10 bins) and spread (25
bins) and compute the mean predicted and observed returns for each bin and the interaction
bins.17 Let 𝑏𝑖𝑗 be the bin 𝑗 of variable 𝑥𝑖 and 𝑁𝑖𝑗 be the number of observations in bin 𝑏𝑖𝑗. The
mean of returns conditional on 𝑥𝑖 being in bin 𝑗 is given by 𝑟𝑖𝑗 = (1/𝑁𝑖𝑗)∑𝑙,𝑡 𝑟𝑙,𝑡+1 if 𝑥𝑖,𝑙,𝑡 ∈ 𝑏𝑖𝑗.

17We choose fewer bins for ΔUNCf than for spread since ΔUNCf is a market-level variable while spread differs by
firm.
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Figure 6: Interactions – ΔUNCf & sprxrtg
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Note: Panel A displays the shape function of the interaction between the financial uncertainty feature and
bond spread times rating. The scaled values of ΔUNCf and sprxrtg are shown on the 𝑥- and the 𝑦-axis,
respectively. The color-coded axis represents the additive contribution to the prediction output associated
with combinations of 𝑥 and 𝑦 values in basis points. In Panel B and C, conditional contributions are derived
from the shape function by separately holding each variable involved in the interaction constant at different
levels. Panel D shows the sum of the univariate and interaction effects of sprxrtg conditional on ΔUNCf.
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To compute the means of predicted returns, 𝑟𝑙,𝑡+1 is replaced by 𝑟̂𝑙,𝑡+1. Panel A of Figure 7 plots
the means of predicted (orange) and realized (blue) returns by spread bins. Higher spreads are
associated with higher observed returns. Since the spread shape function is upward-sloping,
the EBM model captures this pattern in the data even when other variables are considered. How-
ever, the fit is imperfect as the model understates the effect of spread on bond returns. Panel
B shows results for financial uncertainty. High ΔUNCf is associated with low predicted returns,
consistent with the negative slope of the ΔUNCf shape function. The model closely matches the
negative link between ΔUNCf and the observed return.

Panels C and D show heat maps of the interaction effect of ΔUNCf (𝑥-axis) and spread (𝑦-
axis) on realized and predicted returns, respectively. The plot for observed returns shows the
importance of the bond spreads and financial uncertainty interaction. Returns are highest for
bonds with high spreads when financial uncertainty is decreasing. Conditional on ΔUNCf<0,
the effect of the spreads on the returns becomes weaker, and conditional on high spreads, the
effect of ΔUNCf also decreases. Moreover, for positive values of ΔUNCf, the interaction terms
are weaker than for ΔUNCf<0. The results for predicted returns are in Panel D. The heatmap
closely matches that of realized returns, both qualitatively and quantitatively, showing that the
EBM model captures the interaction pattern of financial uncertainty and bond spreads. The
ΔUNCf and sprxrtg interaction results, reported in Figure 7, are similar.

4.4 Uncertainty and corporate bonds

The previous section showed that uncertainty, particularly changes in financial uncertainty mea-
sured by ΔUNCf, is an important state variable for corporate bond returns. This section inves-
tigates the effect of ΔUNCf in more detail. First, we focus on the roles of levels vs. changes of
uncertainty. Second, we analyze how uncertainty affects different firms.

The EBM estimation suggests that changes in uncertainty are more relevant for returns than
levels. Figure 8 plots cross-correlations of mean returns by month, 𝑟̄𝑡, with the level of finan-
cial uncertainty, UNCf, and first-differences, ΔUNCf. The level of financial uncertainty is only
weakly correlated with returns. For example, their contemporaneous correlation is -0.06 and
statistically insignificant. The correlations of UNCf and returns beyond 3 months are positive
and marginally statistically significant. Given these results, it is not surprising that the level of
financial uncertainty does not play a major role in the EBM estimation. The correlation pattern
for changes in financial uncertainty is different. The cross-correlations 𝜌𝑘 = 𝜌(ΔUNCf𝑡, 𝑟̄𝑡+𝑘)
are economically and statistically significant for 𝑘 = −1, 0, 1, 2. Lagged returns are negatively
correlated with ΔUNCf (𝜌−1 = −0.2), which could be due to an anticipation effect of investors
in the bond market. The contemporaneous correlation is 𝜌0 = −0.54. Most importantly for
forecasting models, ΔUNCf is negatively correlated with next month’s bond returns as the point
estimate of 𝜌1 = −0.5 with a 𝑡-statistic of -8.93.18 EBM exploits this predictive return correla-

18We confirm the correlation results using a bivariate VAR with (ΔUNCf𝑡, 𝑟𝑡), where 𝑟̄𝑡 is the mean return of bonds
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Figure 7: Interactions – ΔUNCf & spread and returns
A: spread
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D: Pred. returns by ΔUNCf & spread
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Note: This figure shows returns and predicted returns by ΔUNCf and spread. We group observations by UNCf
(10 bins) and spread (25 bins) and compute the means of observed and predicted returns for each bin and the
interaction bins. Panels A and B show the means of observed returns (blue) and predicted returns (orange) by
spread and ΔUNCf bins. Panel C plots the heatmap of observed returns by ΔUNCf (𝑥-axis) and spread (𝑦-axis)
bins. High (low) returns are in red (blue). Panel D shows the same plot for predicted returns.
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tion of the change in the financial uncertainty index and, as a result, estimates ΔUNCf as an
important predictor.

Figure 8: Cross-correlation of financial uncertainty and mean returns
A: UNCf
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Note: This figure plots cross-correlations of mean returns with the level of financial uncertainty, 𝜌(UNCf𝑡, 𝑟𝑡+𝑘),
and first-differences, 𝜌(ΔUNCf𝑡, 𝑟𝑡+𝑘) where 𝑘 is the lead/lag order in months.

To analyze how uncertainty affects different firms, we split each month of the sample into
two subsamples, denoted ”low” and ”high”, according to a firm-level variable, e.g., size or spread.19

We then estimate the EBM model on the two subsamples and compare the effects of ΔUNCf. Fig-
ure 9 shows the estimated shape functions 𝑓𝑖(𝑥𝑖) from the subsamples based on me, spread,
nrtg, sprd2d, sprxrtg, and maturity.20 For comparison, we also plot 𝑓𝑖(𝑥𝑖) for the full sample.

Panel A shows the result for firm-size subsamples. The effect of ΔUNCf on large firms is
similar to that for the full sample, which is to be expected since the estimation weighs firms by
their market cap. The estimated 𝑓𝑖(𝑥𝑖) for small firms is substantially steeper, indicating that

in month 𝑡.
19We present a similar analysis for the term structure factor in the Online Appendix O-C.4.
20Subsample analysis for distance to default and duration is provided in the Online Appendix O-C.5.
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their bond returns react more strongly to changes in financial uncertainty. For large increases
in ΔUNCf, expected bond returns of small firms decline by up to 200 basis points, four times
larger than the effect for large firms. If ΔUNCf decreases, the effect is twice as large as for large
firms.

Next, we consider variables that are related to default risk. Panel B shows 𝑓𝑖(𝑥𝑖) for firms
with low and high bond spreads. We find that the ΔUNCf effect is about twice as large for
bonds with high spreads than for firms with low spreads. The difference is even larger for
bonds with different credit ratings. Panel C shows that bonds with low credit ratings (high nrtg)
react substantially more to changes in financial uncertainty than high-quality bonds (low nrtg).
Expected bond returns fall by up to 265 bps whenΔUNCf rises compared to only 50 bps for highly
rated bonds. The effects of declining financial uncertainty are 128 bps and 58 bps, respectively.
Next, we split the sample by the spread-to-D2D measure sprd2d suggested by Correia et al.
(2012) and sprxrtg, see Panels D and E. The patterns are similar to those for bond spreads and
ratings, as ΔUNCf affects firms with high sprd2d and sprxrtg substantially more than those with
low sprd2d and sprxrtg. Finally, we find that bonds with longer maturities are more sensitive
to financial uncertainty than those with shorter maturities (see Panel F). We conclude that bond
returns of smaller firms with riskier bonds of long maturity are most sensitive to changes in
financial uncertainty, particularly large increases in financial uncertainty.

5 Portfolios based on the EBM model

Next, we use our interpretable model to construct bond portfolios. Leveraging the interpretable
model’s return predictions, we form bond portfolios as follows. Each month 𝑡 of the sample
period, we rank firms based on predicted 𝑡+1 excess returns from the EBM model (2) and create
ten decile portfolios.21 Using this procedure, we construct monthly equal and value-weighted
portfolios, in which each firm is weighted by the market value of its bonds, which we obtain from
Open Source Bond Asset Pricing. For each decile portfolio, we compute the (excess) return of the
buy-and-hold strategy that is long $1 in the portfolio. Finally, we create long-short portfolios by
taking long positions in the highest decile and short positions in the lowest decile.

We also consider an alternative investment strategy that exploits time-series forecastability
embedded in the EBM model. Recall that the EBM model yields forecasts for bonds of each firm,
𝑟̂𝑙,𝑡+1. For each month and each portfolio, we compute the predicted return of the portfolio by
taking the weighted average of all predicted bond returns 𝑟̂𝑙,𝑡+1 in the portfolio. We implement
a simple investment strategy, EBM-pos, that exploits high-return forecasts while considering
that predicted bond returns could be negative. If the predicted excess return of a portfolio is
negative, we invest in the risk-free rate instead of the portfolio. Since we use excess returns,

21As return predictions and characteristics are aggregated on the firm level, we select firms, representing a mean
of all their bonds weighted by the amount outstanding.
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Figure 9: 𝑓𝑖(𝑥𝑖) – ΔUNCf by subset of firms
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Note: This figure compares shape functions associated with ΔUNCf across subsets of firms obtained from
monthly sorts on firm size, spread, rating, maturity, sprd2d, sprxrtg, and maturity. Each month, firms are
grouped into “low” and “high” subsets according to one of the four variables. The EBMmodel is then estimated
on the two subsets of firms. The dashed blue line plots the shape function for the full sample with all firms.
Models are trained on the first 8 years of data, validated in the following year, and tested in the remaining
sample.
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the return of the investment strategy in such periods is equal to zero. Hence, this investment
strategy coincides with the standard buy-and-hold strategy if expected bond returns are positive
but exploits the time series forecastability of the EBM model for market timing.

5.1 Portfolio returns

Table 4 reports the decile portfolios’ means, standard deviations, and Sharpe ratios in the July
2011 to August 2020 testing sample. Means and Sharpe ratios of the value-weighted portfolios
are monotonic from portfolio 1 to portfolio 10 (except the Sharpe ratio of portfolio 7). Moreover,
the return spread is economically meaningful. The mean excess return of the first portfolio is
negative (-0.06%), while the top portfolio has a mean excess return of 0.61% per month. Thus,
the mean return of the 10-1 portfolio is 0.67% per month or 8.04% per year. Relative to the
duration-adjusted bond market return, this long-short strategy generates a monthly alpha of
0.55% (t=4.22). Monthly Sharpe ratios range from -0.05 for the first portfolio to 0.23 for the
tenth portfolio. The Sharpe ratio of the 10-1 portfolio is 0.38, or 1.32% annually.22

Panel B shows results for portfolios based on the EBM-pos strategy that invests in the riskfree
asset when the predicted portfolio return is negative. Compared to the simple buy-and-hold
strategy, mean returns are higher, and volatility is lower for all ten portfolios. As a result, the
effect on Sharpe ratios is pronounced. For portfolios one to eight, the Sharpe ratio more than
doubles. Moreover, the Sharpe ratios of the long-only portfolios eight to ten are above 0.3 and
close to that of the standard buy-and-hold strategy’s 10-1 long/short portfolio. These results
suggest that market timing based on the time series forecastability of the EBM model boosts
returns significantly compared to the simple buy-and-hold strategy. To illustrate this effect, we
plot cumulative log returns of portfolio ten based on the two strategies in Panel A of Figure 10.
The shaded areas indicate quarters where the predicted portfolio return is negative, so the EBM
(blue) and EBM-pos (orange) portfolios differ. The EBM model predicted negative returns for
portfolio 10 during the financial crisis and the COVID pandemic. Buy-and-hold returns were
negative during those periods, but the EBM-pos strategy anticipated the bear market and exited
the bond market. Hence, it avoids the downturns and has stable returns during these periods.
The results for equal-weighted portfolios in Panels C and D of Table 4 are similar, which implies
that small firms do not drive the results.

To benchmark its performance, we compare the EBM portfolios to several alternatives. First,
we construct quintile portfolios based on all available bond and firm characteristics and cre-
ate characteristic factors as 5-1 long-short portfolios.23 Additionally, our data set uses the
traded factor portfolios from the bond and stock markets. Table 5 reports results for the ten
characteristics-sorted portfolios and factors with the highest Sharpe ratios, respectively, in the

22We observe similar results for the Random Forest and XGBoost models (see Online Appendix O-D.1).
23We construct quintile instead of decile portfolios because of a limited number of observations for some charac-

teristics.
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Table 4: Returns of EBM portfolios

1 2 3 4 5 6 7 8 9 10 10-1

Panel A: EBM VW
Mean -0.06 0.04 0.09 0.12 0.16 0.21 0.21 0.28 0.37 0.61 0.67
S.D. 1.28 1.22 1.12 1.25 1.37 1.50 1.71 1.92 2.09 2.60 1.75
SR -0.05 0.03 0.08 0.10 0.12 0.14 0.12 0.14 0.18 0.23 0.38

Panel B: EBM-pos VW
Mean 0.04 0.10 0.15 0.20 0.25 0.34 0.37 0.44 0.50 0.68 0.64
S.D. 0.40 0.55 0.62 0.73 0.80 0.96 1.10 1.20 1.46 1.96 1.72
SR 0.10 0.18 0.25 0.28 0.31 0.35 0.34 0.37 0.35 0.35 0.37

Panel C: EBM EW
Mean -0.08 0.02 0.09 0.11 0.15 0.18 0.22 0.30 0.38 0.65 0.73
S.D. 1.27 1.19 1.12 1.22 1.38 1.52 1.70 1.88 1.99 2.67 1.81
SR -0.07 0.02 0.08 0.09 0.11 0.12 0.13 0.16 0.19 0.24 0.40

Panel D: EBM-pos EW
Mean 0.03 0.09 0.15 0.19 0.25 0.32 0.38 0.46 0.52 0.74 0.71
S.D. 0.35 0.46 0.55 0.67 0.75 0.91 1.05 1.18 1.39 1.97 1.77
SR 0.09 0.20 0.27 0.29 0.34 0.36 0.36 0.39 0.37 0.38 0.40

Note: This table compares monthly means, standard deviations, and Sharpe ratios for ten value-weighted
portfolios constructed based on predicted return deciles in the testing sample. The last columns show the
results of the 10-1 portfolio, which is long in portfolio 10 and short in portfolio 1. EW are equally-weighted
portfolios and VW are value-weighted portfolios by bond market value. EBM-pos is the strategy that invests in
the riskfree asset when the predicted portfolio return is negative.
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Figure 10: Cumulative returns
A: EBM portfolio 10
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Note: This figure shows cumulative log returns of EBM portfolios over the sample period. Panel A plots the
value-weighted portfolio 10 of the standard buy-and-hold strategy (EBM) and the strategy that invests in the
riskfree asset when the predicted portfolio return is negative (EBM-pos). The shaded areas indicate quarters in
which the predicted portfolio return is negative. Panel B plots the cumulative log returns of the 10-1 EBM equal
and value-weighted portfolios, the two 10-1 characteristic portfolios with the highest Sharpe ratios (momspr
and spread), and the two factors with the highest Sharpe ratios (MKTB and PEADB). Returns are scaled to have
an annualized standard deviation of 10%. The black vertical line indicates the start of the testing period (July
2011).
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combined training and validation samples (July 2002 to June 2011). The results for characteristic
portfolios are shown in Panel A. The top three characteristics are momspr24, spread, and sprxrtg
with Sharpe ratios of 0.30, 0.28, and 0.27, respectively. Note that these are also among the most
important characteristics in the EBM model; see Panel C of Figure 2 and Online Appendix O-D.2.
The Sharpe ratios of the remaining characteristic portfolios range from 0.26 to 0.13. The Sharpe
ratios of the factors in Panel B are similar. The bond market factor MKTB has the highest Sharpe
ratio of 0.28, followed by PEADB (0.24) and TERM (0.20).25 Recall that the Sharpe ratios of the
EBM portfolios range from 0.38 to 0.40 and are thus considerably higher than those of character-
istic portfolios and factors. Panel B of Figure 10 compares the cumulative returns of the value
and equal-weighted buy-and-hold EBM 10-1 portfolios with those of momspr, spread, MKTB, and
PEADB. The plot shows that the EBM portfolios outperform the other strategies consistently over
the sample.

Table 5: Returns of characteristics-sorted portfolios and factors

Panel A: 5-1 characteristic portfolios
momspr spread sprxrtg nime yield sprd2d coupon voleq ret skew

Mean 0.29 0.45 0.39 0.10 0.42 0.26 0.24 0.21 0.22 0.13
S.D. 0.98 1.61 1.44 0.39 1.77 1.23 1.20 1.15 1.52 0.98
SR 0.30 0.28 0.27 0.26 0.24 0.21 0.20 0.18 0.15 0.13

Panel B: Factors
MKTB PEADB TERM CRY VAL DRF HMLB RMW LTREVB SMB

Mean 0.44 0.12 0.62 0.52 0.37 0.40 0.15 0.14 -0.04 -0.24
S.D. 1.58 0.52 3.02 2.58 1.97 2.34 1.62 1.55 0.92 2.44
SR 0.28 0.24 0.20 0.20 0.19 0.17 0.09 0.09 -0.05 -0.10

Note: This table reports monthly means, standard deviations, and Sharpe ratios of characteristics-sorted port-
folios and factors. We sort characteristics-sorted portfolios and factors by their Sharpe ratios in the combined
training and validation samples. We also report statistics of the ten characteristics-sorted portfolios (Panel A)
and factors (Panel B) in the testing sample.

5.2 Properties of EBM portfolios

Having established the performance of the EBM portfolio, we shift our focus to a new question:
What insights can the interpretable model provide regarding portfolio composition? In contrast
to black box approaches, which only allow for ex-post analysis of selected assets, our inter-
pretable model offers an ex-ante understanding of how portfolios are built. In other words, the
EBM model produces transparent rules describing which values of characteristics lead to higher
return predictions and, therefore, feature in the portfolios.

24The variable momspr (spread momentum) is defined as the log of the spread six months earlier minus current
log spread.

25MKTB is the corporate bond market excess return by Dickerson et al. (2023a), PEADB is the bond earnings an-
nouncement drift factor of Nozawa et al. (2023), and TERM is the difference between returns of long and short-term
government bonds (Fama and French (1993)).
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To this end, we compute the average characteristics of the bonds in the ten EBM portfolios
in each quarter. The results are in Figure 11. Panel A shows the average characteristics in
the ten portfolios of the characteristics with the highest scores 𝑆(𝑖) in the EBM model: spread,
var, and d2d. 26 The pattern is monotonic across portfolios for all three characteristics. Recall
from Panel D of Figure 4 that the shape function 𝑓𝑖 of spread is increasing so that higher spreads
predict higher returns. Consequently, portfolios 1 (10) include bonds with below (above) average
spreads. The shape functions of var and d2d are downward sloping, and the pattern across
EBM portfolios is reversed. For comparison, Panel B repeats the same plot but for the three
characteristics with the lowest scores: turnvol, levop, and salesat. The figure shows that these
characteristics do not vary across the EBM portfolios. Panels C and D show characteristics with
the highest and lowest Sharpe ratios. Portfolio 10 includes bonds with properties associated with
high Sharpe ratios, such as momspr, spread, and sprxrtg. The first portfolio includes bonds with
opposite features. In contrast, portfolios do not exhibit monotonic patterns and do not load on
characteristics with low Sharpe ratios (e.g., dolvol, retlag, dureq )27.

The previous results are based on averages across the sample. Next, we study the variation
of portfolio characteristics over time. Panel E plots the time series of spread of portfolios 1
and 10. We scale by the mean spread over all bonds in each quarter to eliminate changes in
the spread level. The plot shows that portfolio 10 consistently exhibits high spreads that range
from 1 to 3. On the other hand, spreads of portfolio 1 are consistently negative. Panel F shows
the time variation of salesat28. Recall that the average salesat is close to zero for all portfolios.
The plot shows that this is true on average and throughout the sample.

5.3 Impact of interactions

In section 4.2, we showed that interactions of characteristics play an important role in the fit
of the EBM model. Next, we study how interaction terms are related to EBM portfolios. We
focus on the interactions of financial uncertainty and characteristics whose shape functions are
presented in Section 4.2.2, spread, and sprxrtg. Based on the observed functions, we can derive
implications for the composition of the EBM portfolios. Consider first the interaction between
ΔUNCf and bond spread. The estimated function 𝑓𝑖𝑗(𝑥𝑖, 𝑥𝑗) of the ΔUNCf/spread interaction
is shown in Figure 5, Panel A. Panel D plots the sum of the univariate and interaction terms of
spread for different values of ΔUNCf, i.e., 𝑓𝑖𝑗(𝑥𝑖|𝑥𝑗). The effect of spread on predicted returns
varies with ΔUNCf for bonds with high spreads. When financial uncertainty falls, the spread
coefficient is larger than when ΔUNCf is negative. For low spread levels, spread has little effect
on predicted returns for any value of ΔUNCf.

26var is value-at-risk defined as the 2nd lowest credit excess return over the past 36 months (Dickerson et al.
(2023b)) and d2d is the distance-to-default measure suggested by Bharath and Shumway (2008).

27dolvol is the trading volume in dollars, retlag is the bond return lagged by one month, and dureq is equity
duration.

28salesat is asset turnover calculated as sales over total assets.
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Figure 11: Characteristics of EBM portfolios
A: High scores 𝑆(𝑖)
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Note: This figure shows characteristics of the ten EBM portfolios. Panels A and B show the average of the
three characteristics with the highest and lowest scores 𝑆(𝑖) in the testing sample. Panels B and C show the
characteristics with the highest and lowest Sharpe ratios. Panels E and F show spread and salesat for portfolios
1 and 10 over time.
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This interaction effect is reflected in EBM portfolios. The high-predicted return portfolio
10 includes bonds with high spreads. When financial uncertainty falls, spread is a relatively
stronger predictor than when it rises. Hence, portfolio 10 should include bonds with higher
spreads when ΔUNCf is negative relative to when ΔUNCf is positive. Panel A of Figure 12 shows
the scatter plot of ΔUNCf on the 𝑥-axis and spread of the tenth portfolio. The plot also shows
the regression line in orange with 95% confidence intervals and the regression coefficient in the
top left corner. As expected, there is a negative relationship between financial uncertainty and
spread. Panel B shows the same plot for portfolio 1. Based on the estimated shape function, the
role of ΔUNCf is small for low-spread bonds, which make up the first portfolio. Therefore, the
interaction of ΔUNCf and spread should be much weaker for portfolio 1 than for portfolio 10,
which is confirmed in the scatter plot.

Figure 12: ΔUNCf and characteristics of EBM Portfolios
A: Portfolio 1 – spread
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B: Portfolio 10 – spread
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C: Portfolio 1 – sprxrtg
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D: Portfolio 10 – sprxrtg
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Note: This figure shows scatter plots of ΔUNCf and spread and sprxrtg of EBM portfolios 1 and 10. The orange
line is the regression line with 95% confidence intervals.

Panels C and D show the corresponding plots for the ΔUNCf/sprxrtg interaction. As docu-
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mented in Section 4.2.2, the interaction between ΔUNCf and sprxrtg follows a similar pattern.
From the shape function associated with the interaction, we can again derive ex-ante implications
for portfolio composition: Return increases are concentrated on high-sprxrtg bonds in times of
falling uncertainty. Rising uncertainty leads to return decreases – especially for high-sprxrtg,
as does falling uncertainty for low-sprxrtg bonds. Therefore, we expect a negative correlation
between ΔUNCf and sprxrtg in the long portfolio and a positive correlation in the short portfolio,
which is consistent with the observed correlations of -0.18 in the long leg and 0.45 in the short
leg.

6 Conclusion

Due to the complex structure of asset prices, advanced machine learning algorithms often out-
perform linear methods in return prediction. However, the ability to process higher complexity
typically comes at the expense of interpretability. This greatly limits the utility of many machine-
learning models for investors and financial researchers. We show that state-of-the-art predictive
performance can be combined with interpretability when inherently explainable glass box meth-
ods, such as the Explainable Boosting Machine, are used instead to predict returns in the corpo-
rate bond market. In contrast to black box methods, the interpretable model allows us to study
the relationships underlying corporate bond returns. We find that non-linearities and variable
interactions are crucial to the fit of our model. The most important market-level predictors are
related to financial and macroeconomic uncertainty, and the term structure. The effect of all
three variables is non-linear and especially pronounced for large realizations towards the tails
of the underlying data distribution (and large declines in financial uncertainty). For more “nor-
mal” realizations, the effects are close to zero. In addition, bond characteristics such as spread
and interactions involving uncertainty factors possess considerable explanatory power.

When comparing firms based on monthly sorts on market equity, we find that the impact
of uncertainty is amplified for the returns of small firms compared to big firms. Further sub-
sample analysis reveals similar disparities between bonds with long and short maturities and
between bonds with high and low default risk. Sensitivity to changes in financial uncertainty
varies asymmetrically, emphasizing large increases.

Finally, we show how our approach can add ex-ante explainability to portfolio construction.
We find that a long-short portfolio based on model predictions can outperform all benchmarks
while being explainable through the transparent asset selection performed by the glass box
model.
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Appendix

A Tables and figures

Table A.1: Bond/Firm characteristics

Abbreviation Measure Reference

Firm-level variables
1. age Bond age Israel et al. (2018)
2. amtout Face value Chung et al. (2019)
3. assets Assets
4. atbe Total assets to market value of equity Asness et al. (2019)
5. atme Total assets to book value of equity Asness et al. (2019)
6. beme Book-to-price Bartram et al. (2024)
7. chgprof Profitability change Asness et al. (2019)
8. coupon Coupon Israel et al. (2018)
9. d2d Distance-to-default Israel et al. (2018)
10. debtebitda Debt-to-EBITDA Kelly et al. (2023)
11. dolvol Dollar trading volume
12. duration Duration Israel et al. (2018)
13. dureq Equity Duration
14. ebitdasales EBITDA margin (EBITDA/sales)
15. gpat Profitability Choi and Kim (2018)
16. levop Operating leverage Gamba and Saretto (2019)
17. marketlev Market leverage Asness et al. (2019)
18. maturity Time to maturity (years) Bali et al. (2022a)
19. me Equity market capitalization Choi and Kim (2018)
20. mom Mom. 6m Gebhardt et al. (2005)
21. momeq Mom. 6m equity Gebhardt et al. (2005)
22. momindeq Mom.6m industry Jorion and Zhang (2009)
23. momspr Mom. 6m log(Spread) Israel et al. (2018)
24. nime Earnings-to-price Correia et al. (2012)
25. nrtg Numerical Rating Kelly et al. (2023)
26. offramt Face value at issue
27. ret Bond excess return in month 𝑡 (𝑟𝑡)
28. retlag Bond excess return in month 𝑡 − 1 (𝑟𝑡−1)
29. sales Sales
30. salesat Asset turnover (sales/assets
31. skew Bond skewness Bai et al. (2016)
32. sprd2d Spread-to-D2D Correia et al. (2012)
33. spread Spread Israel et al. (2018)
34. sprxrtg Spread x ratings
35. totaldebt Firm total debt Kelly et al. (2023)
36. turnvol Turnover volatility Correia et al. (2018)
37. var Value-at-risk Dickerson et al. (2023b)
38. vixbeta VIX beta Chung et al. (2019)
39. volbond Bond volatility Bai et al. (2016)
40. voleq Equity volatility Campbell and Taksler (2003)
41. yield Bond yield

Traded corporate bond factors
42. CRF Credit risk factor Dickerson et al. (2023b)
43. CRY Bond carry factor Houweling and van Zundert (2017)
44. DEF Bond default risk factor Fama and French (1993)
45. DRF Downside risk factor Dickerson et al. (2023b)

Continued on next page
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Abbreviation Measure Reference

46. DUR Bond duration factor Dang et al. (2023)
47. HMLB Bond book-to-market factor Bartram et al. (2024)
48. LTREVB Bond long-term reversal factor Bali et al. (2021a)
49. MKTB Corporate Bond Market excess return Dickerson et al. (2023b)
50. MKTBD Corporate Bond Market duration adjusted return Binsbergen et al. (2024)
51. MOMB Bond momentum factor Bali et al. (2022b)
52. PEADB Bond earnings announcement drift factor Nozawa et al. (2023)
53. STREVB Bond short-term reversal factor Bali et al. (2021a)
54. TERM Bond term structure risk factor Fama and French (1993)
55. VAL Bond value factor Houweling and van Zundert (2017)

Traded equity factors
56. CMA Investment factor Fama and French (2015)
57. HML Value factor Fama and French (1992)
58. LIQ Liquidity factor Pástor and Stambaugh (2003)
59. MKT Market excess return Sharpe (1964), Lintner (1965)
60. MOM Momentum factor Carhart (1997), Jegadeesh and Titman (1993)
61. RMW Profitability factor Fama and French (2015)
62. SMB Size factor Fama and French (1992)

Non-traded corporate bond and equity variables
63. AGGLIQ Level of aggregated stock market liquidity Pástor and Stambaugh (2003)
64. CPTL Intermediary capital non-traded risk factor He et al. (2017)
65. INTCAP Aggregate Capital Ratio of Financial Intermediaries He et al. (2017)
66. LIQNT Liquidity factor Pástor and Stambaugh (2003)
67. VIX CBOE VIX Chung et al. (2019)
68. ΔVIX First difference of VIX

Macroeconomic variables
69. ΔCPI First difference in the Consumer Price Index
70. EPU Economic Policy Uncertainty Index Baker et al. (2016)
71. EPUT Economic Tax Policy Uncertainty Index Baker et al. (2016)
72. ΔEPU First difference of EPU
73. ΔEPUT First difference of EPUT
74. RF Risk-free rate
75. ΔRF First difference of RF
76. UNC Macroeconomic Uncertainty Index (ℎ = 1) Jurado et al. (2015)
77. UNCf Financial Economic Uncertainty Index (ℎ = 1) Jurado et al. (2015)
78. UNCr Real Economic Uncertainty Index (ℎ = 1) Jurado et al. (2015)
79. ΔUNC First difference of UNC
80. ΔUNCf First difference of UNCf
81. ΔUNCr First difference of UNCr

Note: This table presents variable definitions for the set of predictors in our dataset. We differentiate between bond
or firm characteristics, traded factors, non-traded factors, and additional macroeconomic predictors. We provide
descriptions of each measure with references to previous literature.
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Figure A.1: Sample characteristics over time
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Note: This figure shows the number of firms in the sample and the median duration, yields, and yield spreads
for each month of our sample. The shaded areas indicate the 10% to 90% percentile intervals. The vertical
lines represent the ends of the training and validation samples.
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Figure A.2: TERM and returns in the training sample
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Note: This figure shows a scatter plot of TERM in period 𝑡 and mean bond returns in 𝑡 + 1 in the training
sample. A non-parametric regression line is drawn in orange.
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Figure A.3: Interactions – ΔUNCf & sprxrtg and returns
A: sprxrtg
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C: Returns by ΔUNCf & sprxrtg
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D: Pred. returns by ΔUNCf & sprxrtg
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Note: This figure shows returns and predicted returns by ΔUNCf and sprxrtg. We group observations by
ΔUNCf (10 bins) and sprxrtg (25 bins) and compute the means of observed and predicted returns for each bin
and the interaction bins. Panels A and B show the means of observed returns (blue) and predicted returns
(orange) by sprxrtg and ΔUNCf bins. Panel C plots the heatmap of observed returns by ΔUNCf (𝑥-axis) and
sprxrtg (𝑦-axis) bins. High (low) returns are in red (blue). Panel D shows the same plot for predicted returns.
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B Hyperparameter tuning

We provide more detailed descriptions of the EBM algorithm and its hyperparameters.29 The EBM uses
tree-based gradient boosting to optimize a given objective. This objective is (root) mean squared error in
a regression setting. The core estimation algorithm is based on a cyclical procedure, which cycles through
all input features, fitting shallow decision trees based only on one feature and updating residuals after
each tree. One cycle through all features constitutes an iteration. Iterations are added until either the
maximum number of iterations (max_rounds) is reached or the early stopping criterion is met (defined
via early_stopping_tolerance and early_stopping_rounds). There have been several modifications and addi-
tions to this algorithm over the years. Unfortunately, there is no up-to-date paper or other comprehensive
explanation for its current state, so the following is an overview based on public information provided by
the package’s authors in the code, in the documentation, or via GitHub.

• All continuous variables are first discretized into roughly equal-sized bins. The number of bins is
equal to a predefined number (max_bins), except when insufficient data populate that number of
bins. The bins mitigate the effect of outliers and speed up the tree estimation because the set of
possible candidate splits is reduced to the set of boundaries between bins.

• Before the regular boosting rounds, a number (smoothing_rounds) of highly regularized precursor
boosting rounds are executed where tree splits are randomly chosen. The idea is to establish the
basic shape function for each feature before moving to more aggressive gain-based boosting.

• The process of how individual trees are fit is regularized by hyperparameters which define the
minimum number of samples allowed in a leaf (min_samples_leaf ) and the maximum number of
leaves allowed in each tree (max_leaves). Trees are also stopped from growing based on the hessian
within leaves resulting from a potential split (min_hessian).

• The learning rate (learning_rate) describes the weight of an additional tree added to the model.
Small learning rates are used so that residuals are only updated by small amounts in each boosting
step, and the order of features does not matter.

• In addition to the cyclic boosting rounds described above, the EBM also uses greedy rounds where
features are visited in order of calculated gain.30 The proportion of the number of boosting steps
in greedy rounds vs. cycling rounds is a hyperparameter (greedy_ratio).31 Another parameter
(cyclic_progress) describes the proportion of cyclic rounds where updates, i.e., calculated trees, are
applied to the model. Cyclic rounds where updates are not applied will still recalculate gains.

• After all univariate functions are fit, pairs of features are ranked using the heuristic FAST algorithm.
FAST estimates the possible gain from an interactionwithout fully constructing the associated shape
function. A certain number (interactions) of the highest-ranked pairs is then chosen, and the associ-
ated shape functions are estimated using an analogous procedure to the univariate case. The main
difference is that each tree can now incorporate both features of a given pair instead of only a single
feature.

29We make use of the InterpretML implementation of the Explainable Boosting Machine by Nori et al. (2019).
30Gain has to be calculated for all features during cyclic rounds in order to grow trees. Due to the low learning rate,

gain calculations remain relatively valid for multiple update steps and can be used for greedy boosting afterward.
31Example: For a data set with 100 features and a default greedy ratio of 1.5, a cycling round will consist of 100

boosting steps followed by a greedy round with 150 boosting steps.
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• The model also incorporates multiple layers of bagging. Outer bagging creates a certain number
(outer_bags) of randomly drawn subsets of the dataset that are of size (1-validation_size). An indi-
vidual model is then fit on each of the outer bags. The uncertainty intervals shown on the graphs
are standard deviations of estimates per bin across each bag. The final model is the mean across
all bags.

• Additionally, inner bagging can be applied to each step of the estimation procedure. Cycling through
all features generates a tree for each inner bag (inner_bags). The averaged update is applied to the
feature before moving to the next feature.

Table B.1 reports the values of the hyperparameters that are used in the training and validation
samples for the LASSO, Random Forest, XGBoost, and EBM models.

Table B.1: Hyperparameters
Model LASSO Random Forest XGBoost EBM

Parameters 𝛼 ∈ (10−3, 10−1)

#𝑇𝑟𝑒𝑒𝑠 = 100
Min Samples Leaf ∈

{1, 2, 4}
Min Samples Split ∈

{2, 4, 8}
Max Features ∈

{0.1, 0.25, 0.5, 0.75, 1}
Max Depth ∈ {2, 4, 8}

#𝑇𝑟𝑒𝑒𝑠 ∈ {10, 50, 100}
Max Depth ∈ {5, 6, 7, 8, 9}

Learning Rate ∈
{0.01, 0.1, 0.3, 0.5}

𝑆𝑢𝑏𝑠𝑎𝑚𝑝𝑙𝑒 ∈
{0.5, 0.75, 1}

𝐿𝑎𝑚𝑏𝑑𝑎 ∈ {1, 2, 4, 8}

Early Stopping Rounds ∈ {10, 20}
Early Stopping Tolerance

∈ {0.01, 0.005}
Smoothing Rounds = 25

Interaction Smoothing Rounds
∈ {250, 500}

Greedy Ratio ∈ {1.5, 5}
Learning Rate = 0.00025

Max Leaves = 2
Max Rounds = 500

Min Hessian = 0.00001
Min Samples Leaves ∈ {2, 20}
𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠 ∈ {30, 40}

Inner Bags ∈ {0, 5}
Outer Bags = 10

Validation Size ∈ {0.5, 0.75}

Note: This table shows the hyperparameters used in the training and validation samples for the LASSO, Ran-
dom Forest, XGBoost, and EBM models.
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C Estimation with equal weights

Our main model weights data points based on market equity. As Table C.1 shows, model performance
decreases slightly when using equal weights instead. The ordering of the models is similar, with the
linear regression still performing poorly out-of-sample, followed by LASSO with a positive 𝑅2 and the
other models which reach 𝑅2

𝑜𝑜𝑠 values greater than 11%. Figure C.1 displays predictor rankings according
to the different importance measures for the equal-weight EBM model. We confirm that the previously
documented importance of uncertainty factors, the term structure factor, and bond spread is robust to
the choice of weighting scheme.

Table C.1: Comparison of 𝑅2’s – EW

OLS LASSO R-Forest XGBoost EBM

𝑅2
train 35.28% 19.38% 34.75% 42.57% 39.57%

𝑅2
valid -27.54% 12.09% 12.54% 16.87% 18.01%

𝑅2
oos -22.12% 5.77% 10.16% 11.41% 11.38%

Note: This table shows 𝑅2’s of OLS, LASSO, Random Forest, XGBoost, and EBM estimations in the training (July
2002 – June 2010), validation (July 2010 – June 2012), and testing (July 2012 – August 2020) samples when all
observations are weighted equally.
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Figure C.1: Importance of predictors – EW
A: Mean Absolute Scores: 𝑆(𝑖) and 𝑆(𝑖, 𝑗)
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Note: This figure shows the most important predictors for the EBM model when all observations are weighted
equally. In Panel A, importance values are mean absolute scores calculated on the training data (the native
EBM importance measure). In Panel B, importance values are calculated as reductions in 𝑅2 when removing a
term, i.e., an individual shape function, from the fitted model. In Panel C, importance values are calculated as
reductions in 𝑅2 when removing all terms associated with a variable from the fitted model.
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D Estimation with 14-year training sample

The benchmark estimation uses a training sample of eight years. For robustness, we also analyze another
model resulting from a longer training period of 14 years (7/2002–6/2016). With a validation window
of one year (7/2016–6/2017), we are left with a little more than three years of data for testing (7/2017–
8/2020). We again weight samples by market equity and adjust the set of parameters to account for the
longer training period. Figure D.1 shows the shape functions of some of themost important out-of-sample
predictors. Further results are reported in Appendix O-C.1.

Figure D.1: Univariate functions 𝑓𝑖(𝑥𝑖) – 14-year training sample
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Note: This figure shows the contributions to return predictions of the three most important out-of-sample
predictors in the estimation with a 14-year training sample. We also present the functions associated with
lagged returns because we refer to them when constructing EBM portfolios. The x-axis describes the input
variable standardized to a mean of 0 and a standard deviation of 1, while the y-axis represents the additive
contribution to the prediction output.
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O-A Additional material for Section 2

O-A.1 Algorithms

We provide stylized algorithmic descriptions of the estimation procedure used to produce a
singular EBM model. Algorithm 1 illustrates how shape functions 𝑓𝑖 are generated for univariate
inputs 𝑥𝑖. Algorithm 2 returns multivariate shape functions 𝑓𝑖,𝑗 for interactions of inputs 𝑥𝑖

and 𝑥𝑗. These functions are used in the different stages of Algorithm 3, which returns the final
model.

Algorithm 1 Univariate Shape Functions
1: function GetShapeFunctions
2: Input Dataset of length 𝐿 with predictors 𝑥𝑖 and returns 𝑟, parameters 𝑝, learning rate 𝛼
3: Output Shape functions 𝑓𝑖
4: 𝑓𝑖 ← 0
5: for 𝑘 = 1 to 𝑘𝑚𝑎𝑥 do
6: if not early stopping criterion then
7: for all 𝑥𝑖 do
8: 𝒯 ← {𝑥(𝑙)

𝑖 , 𝑟(𝑙) −∑𝑖 𝑓𝑖 (𝑥(𝑙)
𝑖 )}

𝐿

𝑙=1
▷ Update Residuals

9: Learn tree 𝑡 ∶ 𝑥𝑖 → 𝑦 using parameters 𝑝 on 𝒯
10: 𝑓𝑖 ← 𝑓𝑖 +𝛼𝑡
11: end for
12: end if
13: end for
14: return 𝑓𝑖
15: end function

Algorithm 2 Multivariate Shape Functions
1: function GetShapeFunctions2D
2: Input Dataset of length 𝐿 with predictors 𝑥𝑖 and returns 𝑟, parameters 𝑝, learning rate 𝛼

univariate model 𝐹, set of interaction pairs 𝑆
3: Output Shape functions 𝑓𝑖,𝑗
4: 𝑓𝑖,𝑗 ← 0
5: for 𝑘 = 1 to 𝑘𝑚𝑎𝑥 do
6: if not early stopping criterion then
7: for all 𝑠 ∈ 𝑆 do
8: (𝑖, 𝑗) ← 𝑠
9: 𝒯 ← {𝑥(𝑙)

𝑖 , 𝑥(𝑙)
𝑗 , 𝑟(𝑙) −𝐹(𝑥) −∑𝑖,𝑗 𝑓𝑖,𝑗 (𝑥(𝑙)

𝑖 , 𝑥(𝑙)
𝑗 )}

𝐿

𝑙=1
10: Learn tree 𝑡 ∶ (𝑥𝑖, 𝑥𝑗) → 𝑦 with parameters 𝑝 on 𝒯
11: 𝑓𝑖,𝑗 ← 𝑓𝑖,𝑗 +𝛼𝑡
12: end for
13: end if
14: end for
15: return 𝑓𝑖,𝑗
16: end function

O-A.2 Interaction detection

A significant improvement, that allows Explainable Boosting Machines to outperform traditional
generalized additive models, is the inclusion of some first-order interaction terms (Lou et al.
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Algorithm 3 Model Algorithm
1: function Model
2: Input Dataset 𝐷 of length 𝐿 with predictors 𝑥𝑖 and returns 𝑟, parameters 𝑝, learning rate 𝛼,
3: Output Model instance 𝐹
4: 𝐹 ← 0
5: 𝐴 ← GetShapeFunctions(𝐷,𝑝,𝛼)
6: for all 𝑓𝑖 in A do
7: 𝐹 ← 𝐹+𝑓𝑖
8: end for
9: 𝐶 ← ∅

10: for all 𝑥𝑖, 𝑥𝑗 do ▷ Apply FAST algorithm
11: 𝐶 ← 𝐶 ∪ EvaluateInteraction(𝑥𝑖, 𝑥𝑗)
12: end for
13: 𝑆 ← TopRankedPairs(𝐶)
14: 𝐴 ← GetShapeFunctions2D(𝐷,𝑝,𝛼,𝐹, 𝑆)
15: for all 𝑓𝑖,𝑗 in A do
16: 𝐹 ← 𝐹+𝑓𝑖,𝑗
17: end for
18: return 𝐹
19: end function

(2013)). This means that for certain index values (𝑖, 𝑗), combinations of features 𝑥𝑖 and 𝑥𝑗

are considered and mapped to suitable output values, defining a function 𝑓𝑖𝑗. As an exhaus-
tive search through all possible combinations is inefficient or infeasible for high-dimensional
datasets, an EBM model learns a predefined number of interaction functions automatically de-
tected based on their predictive value via the time-efficient FAST algorithm. Conceptually, the
FAST algorithm works by adding interaction terms to the model one by one using a greedy pro-
cedure. In each iteration, the pair of features that maximizes fit on the residuals of the best
previous model is chosen. Importantly, the FAST algorithm ranks all possible pairs of features
without computing the full-complexity shape functions associated with their interactions. In-
stead, a simple model for 𝑓𝑖𝑗 is built using a single cut in each variable 𝑥𝑖 and 𝑥𝑗. This results in
four quadrants in the (𝑥𝑖, 𝑥𝑗) plane for which the mean target values are calculated, defining a
simple predictor 𝑃𝑖,𝑗 that is evaluated on the training sample (of size 𝐿) using the residual sum
of squares:

𝑅𝑆𝑆 =
𝐿

∑
𝑙=1

(𝑦(𝑙) −𝑃𝑖,𝑗(𝑥(𝑙)
𝑖 , 𝑥(𝑙)

𝑗 ))
2
. (O-A.1)

The computational cost of the required calculations can be optimized so that all possible cuts can
be efficiently compared. The cuts that minimize the residual sum of squares are chosen, and the
corresponding RSS value is used to define the strength of an interaction. Further efficiency gains
are achieved by not requiring refitting the full model after adding a new interaction. Instead,
univariate functions are fitted first and left unchanged for the interaction detection stage. This
means the training algorithm finds the best GAM before fitting interactions on residuals. Shape
functions for interaction terms are estimated using the boosting procedure described in Section
2, with trees now using both features of an interaction term.
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O-B Summary statistics of all variables

Table O-B.1: Summary statistics

Variable Count Mean S.D. 25% 50% 75%

age 107159 3.068 2.146 1.583 2.736 4.083
amtout 107292 4.056 8.617 0.550 1.360 3.697
assets 89903 71.867 233.527 6.155 15.494 40.578
atbe 86665 6.997 81.650 2.082 2.812 4.724
atme 89903 3.096 9.496 0.805 1.463 2.685
beme 86665 0.670 1.980 0.288 0.501 0.816
chgprof 83741 -0.015 0.114 -0.052 -0.006 0.030
coupon 107159 5.618 1.826 4.258 5.537 6.875
d2d 100893 7.394 5.225 3.717 6.504 10.112
debtebitda 89335 3.704 4.891 1.675 2.804 4.590
dolvol 107159 76.170 164.329 20.002 40.466 79.981 9
duration 106861 5.603 2.572 3.927 5.291 6.867
dureq 85329 16.078 8.854 14.931 16.433 17.484
ebitdasale 89825 0.150 9.323 0.122 0.205 0.328
levmkt 80604 1.589 4.743 1.009 1.200 1.593
levop 89710 5.933 10.674 1.958 3.737 6.874
maturity 107159 7.866 5.044 4.628 6.671 9.525
me 106265 26.442 55.779 3.379 10.315 25.973
mom 87913 0.026 0.046 0.003 0.023 0.046
momeq 89752 0.049 0.222 -0.067 0.046 0.156
momeqind 89752 -1.053 142.660 -0.115 -0.012 0.087
momspr 97850 0.037 0.369 -0.139 0.052 0.237
nime 89899 0.036 0.223 0.030 0.052 0.076
nrtg 107168 9.305 3.190 7.000 9.000 11.105
offramt 107159 0.738 0.499 0.428 0.600 0.878
profitbl 89727 0.235 0.183 0.102 0.200 0.322
ret 105794 0.002 0.023 -0.005 0.002 0.010
retlag 104587 0.002 0.023 -0.005 0.002 0.010
sales 89899 20.321 36.085 3.677 8.935 20.259
salesat 89899 0.763 0.697 0.311 0.587 0.988
skew 89123 0.037 0.710 -0.278 0.072 0.404
sprd2d 100611 39.336 29.972 17.526 29.520 54.388
spread 106861 2.370 1.822 1.020 1.743 3.270
sprxrtg 106862 26.105 26.397 7.414 15.261 37.594
totaldebt 89903 18.764 66.234 1.916 4.280 10.404
turnvol 88518 0.110 0.133 0.037 0.073 0.135
var 89123 -0.030 0.024 -0.039 -0.023 -0.015
vixbeta 89123 -0.017 0.050 -0.035 -0.011 0.005
volbond 89123 0.020 0.013 0.011 0.016 0.025
voleq 89894 0.019 0.014 0.011 0.016 0.023
yield 106861 4.587 2.009 3.081 4.405 5.831
AGGLIQ 106265 -0.017 0.062 -0.043 -0.012 0.019
CMA 106265 -0.031 1.483 -1.000 -0.050 0.910

Continued on next page
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Variable Count Mean S.D. 25% 50% 75%

ΔCPI 106265 0.158 0.096 0.105 0.164 0.207
CPTL 106265 0.000 0.064 -0.031 0.006 0.041
CRF 106265 0.129 2.533 -0.911 0.184 1.297
CRY 106265 0.568 2.780 -0.461 0.478 1.537
DEF 106265 0.043 1.996 -0.790 0.050 0.890
DRF 106265 0.521 2.576 -0.708 0.531 1.577
DUR 106265 0.345 2.297 -0.955 0.433 1.711
EPU 106265 4.595 0.468 4.254 4.513 4.864
ΔEPU 106265 0.970 38.948 -15.330 -0.620 15.090
EPUT 106265 4.605 0.580 4.223 4.558 4.975
ΔEPUT 106265 0.850 45.886 -18.659 0.077 17.397
HML 106265 -0.279 2.649 -1.810 -0.310 1.180
HMLB 106265 0.349 2.208 -0.381 0.135 1.060
INTCAP 106265 0.062 0.015 0.050 0.061 0.075
LIQNT 106265 0.008 0.054 -0.022 0.009 0.035
LIQT 106265 0.277 3.600 -1.580 0.293 2.498
LTREVB 106265 0.073 1.163 -0.337 0.017 0.466
MKT 106265 0.894 4.205 -1.220 1.350 3.330
MKTB 106265 0.459 1.709 -0.373 0.499 1.119
MKTBD 106265 0.194 1.630 -0.279 0.290 0.783
MOM 106265 0.155 4.223 -1.590 0.300 2.280
MOMB 106265 -0.125 2.277 -1.050 0.048 1.091
PEADB 106265 0.136 0.519 -0.022 0.102 0.254
RF 106265 0.090 0.117 0.000 0.020 0.150
ΔRF 106265 -0.000 0.020 0.000 0.000 0.010
RMW 106265 0.174 1.800 -0.800 0.250 1.200
SMB 106265 0.016 2.467 -1.710 0.190 1.680
STREVB 106265 0.194 1.929 -0.833 0.171 0.863
TERM 106265 0.528 3.154 -1.500 0.400 2.480
UNC 106265 -0.445 0.164 -0.539 -0.481 -0.427
ΔUNC 106265 0.002 0.025 -0.008 -0.001 0.007
UNCf 106265 -0.146 0.192 -0.282 -0.219 0.016
ΔUNCf 106265 0.000 0.036 -0.018 -0.001 0.015
UNCr 106265 -0.470 0.158 -0.537 -0.515 -0.471
ΔUNCr 106265 0.003 0.027 -0.008 0.001 0.009
VAL 106265 0.356 1.908 -0.409 0.397 1.088
VIX 106265 2.849 0.352 2.600 2.766 3.014
ΔVIX 106265 -0.015 4.848 -1.970 -0.320 1.000

Note: This table presents summary statistics for the full set of bond and firm characteristics and risk factors.
Bond characteristics are aggregated on the firm level using a weighted average of a firm’s outstanding bonds
with the amount outstanding as weights. Variables representing dollar amounts are reported in billions of
dollars. Bond returns, traded factor returns, and interest rates are reported in percent.
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O-C Additional material for Section 4

O-C.1 Estimation with 14-year training sample

Our main model uses the first eight years of data for training followed by one year of validation
data, with the entire second half of the sample reserved for testing. The long testing window
allows for reliable and stable estimation for out-of-sample tests. We also analyze another model
resulting from a longer training period of 14 years for robustness. With a validation window of
one year, we are left with a little more than three years worth of data for testing. We again weight
samples by market equity and adjust the set of parameters to account for the longer training
period.

Performance measures for the resulting model are reported in Table O-C.1. The longer train-
ing window combined with the adjusted parameter set allows the EBM 𝑅2 performance to in-
crease to 16.7% on the shorter test set. The linear regression’s test performance is on par with
the nonlinear models in this case, but this result is unstable, as indicated by the poor validation
performance and our observations from the other data splits.

Table O-C.1: Comparison of 𝑅2’s

OLS LASSO R-Forest XGBoost EBM

𝑅2
train 25.06% 0.87% 32.02% 43.35% 30.32%

𝑅2
valid −26.62% 7.69% 4.71% 4.34% 14.52%

𝑅2
oos 15.94% 0.06% 15.78% 17.52% 16.71%

Note: This table shows 𝑅2’s of OLS, LASSO, Random Forest, XGBoost, and EBM estimations in the training (July
2002 - June 2016), validation (July 2016 - June 2017), and testing (July 2017 - August 2020) samples.

We present importances of predictors for the model in Figure O-C.1 using the in-sample
measure as well as out-of-sample 𝑅2 importance. Overall, the most important predictors are
similar to the previously presented model. Uncertainty factors are at the top of both rankings,
while spread again ranks as themost important characteristic. The term structure factor features
less prominently but is still among the top six (seven) predictors in-sample (out-of-sample).

Consistent with the results for these predictors presented in Section 4, we observe a positive
effect on returns associated with falling uncertainty and an adverse impact of rising uncertainty.
These relationships are represented by step functions that emphasize the tails of the uncer-
tainty distribution. These relationships again indicate an asymmetric response to changes in
uncertainty, with a stronger market reaction to large increases. Additionally, we confirm the
robustness of the monotonically increasing function we observe for the spread contribution to
return predictions.
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Figure O-C.1: Importance of predictors
A: Mean Absolute Scores: 𝑆(𝑖) and 𝑆(𝑖, 𝑗)
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Note: This figure shows the most important predictors for the EBM model resulting from the 14-year training
window. In Panel A, importance values are mean absolute scores calculated on the training data (the native
EBM importance measure). In Panel B, importance values are calculated as reductions in 𝑅2 when removing a
term, i.e., an individual shape function, from the fitted model. In Panel C, importance values are calculated as
reductions in 𝑅2 when removing all terms associated with a variable from the fitted model.
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We construct portfolios based on return predictions analogously to the main model: In each
month of the sample period, we sort bonds into deciles based on predicted future returns and
observe the return of each decile portfolio. Using this procedure, we create equal-weighted and
value-weighted portfolios, where each firm is weighted by the total amount outstanding of its
bonds. Finally, we create long-short portfolios where we go long the highest decile and short
the lowest decile. Cumulative returns of the standard value-weight portfolio and the EBM-pos
portfolio, which exploits time-series forecastability, are displayed in Figure O-C.2, Panel A.

We report descriptive statistics, namely mean return, standard deviation, and Sharpe ratios
for the decile portfolios and the high-minus-low (HML) long-short portfolios generated by the
different trading strategies and weighting schemes in Table O-C.2. The value-weighted long-
short portfolio has a monthly mean return of 0.93%, a monthly standard deviation of 1.39%, and
a Sharpe ratio of 0.67.

Table O-C.2: Returns of EBM portfolios

1 2 3 4 5 6 7 8 9 10 10-1

Panel A: EBM VW
Mean -0.35 -0.01 -0.03 0.06 0.03 0.09 0.17 0.19 0.29 0.58 0.93
S.D. 2.32 1.67 1.97 1.80 1.91 1.98 2.09 2.11 2.47 3.08 1.39
SR -0.15 -0.00 -0.01 0.03 0.01 0.05 0.08 0.09 0.12 0.19 0.67

Panel B: EBM-pos VW
Mean 0.07 0.15 0.20 0.26 0.26 0.31 0.35 0.43 0.54 0.88 0.82
S.D. 0.32 0.41 0.50 0.58 0.72 0.77 0.99 1.06 1.34 2.16 2.01
SR 0.22 0.36 0.39 0.45 0.37 0.39 0.36 0.40 0.40 0.41 0.41

Panel C: EBM EW
Mean -0.35 -0.03 -0.05 0.03 0.00 0.06 0.14 0.18 0.26 0.62 0.96
S.D. 2.32 1.61 2.00 1.79 2.05 2.07 2.16 2.34 2.51 3.16 1.40
SR -0.15 -0.02 -0.02 0.02 0.00 0.03 0.07 0.08 0.10 0.20 0.69

Panel D: EBM-pos EW
Mean 0.06 0.14 0.19 0.26 0.27 0.30 0.35 0.46 0.50 0.94 0.88
S.D. 0.30 0.38 0.48 0.54 0.69 0.75 0.96 1.05 1.24 2.19 2.05
SR 0.19 0.37 0.41 0.47 0.40 0.40 0.36 0.44 0.41 0.43 0.43

Note: This table compares monthly means, standard deviations, and Sharpe ratios for ten value-weighted
portfolios constructed based on predicted return deciles in the testing sample. The last columns show the
results of the 10-1 portfolio, which is long in portfolio 10 and short in portfolio 1. EW are equally-weighted
portfolios and VW are value-weighted portfolios by bond market value. EBM-pos is the strategy that invests in
the riskfree asset when the predicted portfolio return is negative.

We compare this EBM portfolio to several benchmarks: We construct portfolios frommonthly
characteristics sorts and use traded factor portfolios from the bond market. Table O-C.3 re-
ports test results for the ten best-performing (in terms of Sharpe ratio on the combined train
and validation sample) characteristics portfolios and traded benchmark portfolios. Panel B of
Figure O-C.2 compares the long-short EBM portfolio and the best-performing benchmarks over
the testing window. These results indicate that the long-short EBM portfolio outperforms the
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benchmarks from characteristics sorts and factor strategies.

Table O-C.3: Returns of characteristics-sorted portfolios and factors

Panel A: 5-1 characteristic portfolios
momspr debtebitda spread yield sprxrtg voleq ret nime coupon sprd2d

Mean 0.42 0.12 0.30 0.29 0.24 0.16 0.20 0.04 0.10 0.01
S.D. 0.87 0.39 1.88 1.98 1.67 1.22 2.02 0.44 1.57 1.46
SR 0.49 0.31 0.16 0.15 0.14 0.13 0.10 0.08 0.06 0.01

Panel B: Factors
TERM CRY MKT MKTB DUR DRF VAL PEADB HMLB MKTBD

Mean 0.71 0.68 1.16 0.45 0.55 0.51 0.48 0.08 0.16 0.13
S.D. 3.11 2.97 5.20 2.06 2.76 2.58 2.48 0.72 1.54 2.26
SR 0.23 0.23 0.22 0.22 0.20 0.20 0.19 0.12 0.10 0.06

Note: This table reports monthly means, standard deviations, and Sharpe ratios of characteristics-sorted port-
folios and factors. We sort characteristics-sorted portfolios and factors by their Sharpe ratios in the combined
training and validation samples. We also report statistics of the ten characteristics-sorted portfolios (Panel A)
and factors (Panel B) in the testing sample.

Impact of Characteristics. We examine the importance of bond and firm characteristics for
asset selection based on the previously presented 𝑅2 importance. An overview is provided in
Figure O-C.3. Spread is by far the most important predictor among characteristics, followed by
two lagged return variables, 𝑟𝑖,𝑡−1 and 𝑟𝑖,𝑡. We focus on these top three, recalling the correspond-
ing shape functions from Figure D.1.

From these shape functions, we can draw conclusions on the bonds selected during the
portfolio construction: Based on the high return premium associated with high spreads (Figure
D.1 Panel B), we expect high-spread bonds to feature in the long leg of the portfolio. In contrast,
spreads should be lower for shorted bonds.

Table O-C.4: Portfolio properties

spread ret (𝑟𝑖,𝑡)

Long 5.51∗ −41 bp
Short 1.02 67 bp∗

Note: This table compares mean characteristics value for the long and the short leg of the constructed EBM
portfolio. Asterisks highlight the value we expect to be higher based on a characteristic’s shape function.

Impact of Interactions. We also analyze the importance of predictors regarding their direct
impact on the Sharpe ratio. As for the 𝑅2 measure, we drop individual terms from the prediction
equation and observe the drop in the Sharpe ratio of the resulting portfolio. Results are reported
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Figure O-C.2: Cumulative returns
A: EBM portfolio 10
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Note: This figure shows cumulative log returns of EBM portfolios over the sample period. Panel A plots the
value-weighted portfolio 10 of the standard buy-and-hold strategy (EBM) and the strategy that invests in the
riskfree asset when the predicted portfolio return is negative (EBM-pos). The shaded areas indicate quarters in
which the predicted portfolio return is negative. Panel B plots the cumulative log returns of the 10-1 EBM equal
and value-weighted portfolios, the two 10-1 characteristic portfolios with the highest Sharpe ratios (momspr
and debtebitda), and the two factors with the highest Sharpe ratios (TERM and CRY). Returns are scaled to
have an annualized standard deviation of 10%. The black vertical line indicates the start of the testing period
(July 2017).
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Figure O-C.3: Importance of characteristics
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Note: This figure shows the most important characteristics in terms of their impact on out-of-sample predic-
tions based on an EBM trained on the first 14 years of data. Importance values are calculated as reductions in
𝑅2 when removing a term, i.e., an individual shape function, from the fitted model, yielding term-level impor-
tances.

in Figure O-C.4. In line with the main model, we find that interactions of the financial uncertainty
factor with bond characteristics frequently appear among the most important predictors in their
contribution to the Sharpe ratio. In addition to the univariate characteristics spread and 𝑟𝑖,𝑡,
which are discussed in the context of the most important characteristics, we present the two
highest-ranked interactions, ΔUNCf and volatility and ΔUNCf and value at risk. Figure O-C.5
shows the functions associated with these interactions.

Figure O-C.4: Importance in terms of SR

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35
SR

UNCf & volbond
spread

ret
UNCf & nrtg
UNCf & var

UNCf & momxrtg
UNCf & yield

UNCf & spread
dureq

d2d
nime

UNC & yield
momeq

DRF & momxrtg
amtout

Note: This figure shows the most important terms as measured by their impact on the Sharpe ratio of the EBM
portfolio. Importance values are calculated as reductions in the Sharpe ratio when removing a term, i.e., an
individual shape function, from the fitted model.

We derive implications for the portfolio composition from these terms: The most important
one is the interaction between ΔUNCf and volatility, defined as bond return volatility over the
past 24 months (see Kelly et al. (2023)). The function (Figure O-C.5 Panel A) suggests that bonds
with high volatility are subject to a large penalty on future returns in times of rising uncertainty.
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In contrast, low-volatility bonds experience a comparatively small increase. The opposite occurs
for falling uncertainty, which leads to a moderate return increase (decrease) for bonds with
high (low) volatility. Thus, in the long leg of the EBM portfolio, high-volatility bonds should
be picked in times of falling uncertainty, and low-volatility bonds should be picked in times of
rising uncertainty. We expect this relationship to be reversed in the short leg of the portfolio,
with high (low)-volatility bonds being selected in times of rising (falling) uncertainty.

Analysis of the correlation between ΔUNCf and volatility confirms that these expectations
hold for the constructed portfolio: We measure a correlation coefficient of −0.30 in the long leg
and of 0.28 in the short leg.

The reverse case can be observed for the interaction between ΔUNCf and value-at-risk32,
shown in Panel B of Figure O-C.5. Return increases are concentrated on high-var bonds in times of
rising uncertainty and low-var bonds in times of falling uncertainty. Rising uncertainty also leads
to return decreases for low-var bonds, as does falling uncertainty for high-var bonds. Therefore,
we expect a positive correlation between ΔUNCf and var in the long portfolio and a negative
correlation in the short portfolio. The correlations of 0.22 in the long leg and −0.41 in the short
leg are consistent with this pattern.

Figure O-C.5: Interactions 𝑓𝑖,𝑗(𝑥𝑖, 𝑥𝑗)
A: ΔUNCf & volbond
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Note: This figure displays shape functions of the most important interaction terms as measured by their
impact on the Sharpe ratio. The respective features’ scaled values are shown on the 𝑥 and the 𝑦-axis. The
color-coded score represents the additive contribution to the prediction output associated with 𝑥 and 𝑦 value
combinations.

32Value-at-risk (var) is defined as the second-lowest credit excess return over the past 36 months.
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O-C.2 Estimation in rolling window

Additionally, models are trained on rolling windows of data. We initially used the first six years
of our dataset for training, the following two years for validation, and the remaining ten years un-
til June 2020 for testing. The inputs for the EBM models are normalized with the 8-year training
data when applying the rolling windows approach. As the EBM estimation procedure is funda-
mentally based on decision trees, which are robust to scaling, this leaves the results practically
unchanged but allows for easier comparisons between windows. A performance comparison for
all models is provided in Table O-C.5.

Figure O-C.6: Rolling windows

Sebastian Bell, Abdolreza NazemiPrediction of Corporate Bond Returns via Interpretable Machine LearningJanuary 25th, 202311
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Note: This figure visualizes the splitting scheme used to train machine learning models. Predictions for the
full test dataset containing 10 years of data are produced year-by-year based on rolling training and validation
data windows. The sample period begins in July 2002 and ends in June 2020.

Performance comparison Overall, relative model performance is comparable to the results
from our static data split: The linear regression performs poorly out-of-sample, while the LASSO
model substantially improves performance, with 𝑅2 reaching almost 5% in the rolling windows
estimation. The more complex models improve this result and produce predictions of similar
quality. All handily outperform linear models and a constant benchmark prediction of 0 with
𝑅2

𝑜𝑜𝑠 values around 8 to 9%. The EBM again provides an interpretable model at a small cost in
terms of performance.
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Table O-C.5: Out-of-sample 𝑅2
𝑜𝑜𝑠

Model OLS Lasso R-Forest XGBoost EBM

𝑅2
𝑜𝑜𝑠 −206.75 5.04 7.77 9.56 7.46

Note: This table compares machine learning models based on out-of-sample performance measured by 𝑅2

(reported in percent). Models are fit using a rolling windows approach, with the total testing data covering the
period from July 2010 to June 2020.

Aggregated importances Analogous to the 𝑅2 importance calculations presented in Section 4,
we repeat these calculations for each of the ten models trained, validated, and tested on rolling
data windows. We sum the importances of all terms across windows. These aggregated results
are reported in Figure O-C.7. The aggregated measure confirms the previously documented
importance of the term structure factor TERM, bond spread, and uncertainty factors such as
ΔUNC and ΔUNCf.

Figure O-C.7: Importance across all windows
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Note: This figure shows the top 20 predictors in terms of their importance for out-of-sample predictions.
Importances are calculated as reductions in 𝑅2 when removing a term from the fitted model and aggregated
over ten EBM models trained on different rolling windows.

O-C.3 Subsample: Global financial crisis

We examine how the influence of features on return predictions differs in times of macroeco-
nomic turmoil by focusing on the global financial crisis (GFC). We restrict our dataset to July
2007 to June 2009 and fit an EBM model on training data from the first 18 months. We then
divide the remaining six months of data evenly into validation and test data. We normalize the
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predictor variables using the mean and standard deviation of the 8-year training data to ensure
comparability of the units of the output function plots. The model achieves an in-sample 𝑅2

of 50.71%, combined with impressive out-of-sample performance that produces an 𝑅2 value of
48.14%. The corresponding importances from the in-sample and the out-of-sample measures
are displayed in Figure O-C.8.

Compared to the main model, we observe an even stronger emphasis on predictors related to
macroeconomic uncertainty in the GFC ranking. Factors capturing different facets of uncertainty
frequently appear in both rankings as univariate terms and as part of interactions. This most
prominently includes the first difference in the financial uncertainty index (UNCf) and the first
difference in the economic tax policy uncertainty index (EPUT), which underlines the role of
policymakers in influencing markets during a crisis.

Additionally, we can use the shape functions discovered by the crisis model to better under-
stand underlying changes compared to model outputs covering the entire sample period. Figure
O-C.9 displays the functions associated with the four main predictors of the 8-year model. We
find a similarly shaped function for the term structure factor in times of crisis, although its
impact is considerably reduced compared to the main model. Its maximum contribution to re-
turns is about five times smaller, consistent with its much lower ranking in terms of importance.
These observations indicate that the influence of term structure is displaced by other effects
during the crisis that are accounted for by other variables.

We also find a qualitative resemblance between the shape functions for the two uncertainty
factors ΔUNC and ΔUNCf: We again observe a negative trend, where falling uncertainty is asso-
ciated with a negligible or positive effect and rising uncertainty has a strong negative effect on
future return. However, the distribution of the underlying ΔUNC and ΔUNCf data in the training
period is noticeably flatter during the crisis, emphasizing realizations at the distribution’s tails.
The data and the resulting contributions curve for ΔUNCf are also shifted rightwards, indicating
that increases in financial uncertainty outweigh decreases in the crisis period compared to the
overall ΔUNCf data, which is roughly centered around zero. While the functions themselves are
shaped similarly, the main difference is that effects set in earlier for the crisis model towards
both ends of theΔUNCf distribution, i.e., for smaller absolute changes in theΔUNCf index. In the
overall model, effects only occur after changes in financial uncertainty deviate from the mean
by about 1 to 1.5 standard deviations at either side of the distribution’s center. In contrast, the
area where effects are small is roughly half as big in the crisis model, suggesting heightened sen-
sitivity of returns to uncertainty movements during the financial crisis. Finally, the GFC analysis
confirms the robustness of the positive risk compensation offered by high-spread bonds. This
effect is similar in size to the main model for most of the data distribution but is significantly
larger for the highest spreads, indicating increased risk compensation during the crisis.
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Figure O-C.8: Importance of predictors
A: Mean Absolute Scores: 𝑆(𝑖) and 𝑆(𝑖, 𝑗)
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Note: This figure shows the most important predictors for the GFC model. In Panel A, importance values
are mean absolute scores calculated on the training data (the native EBM importance measure). In Panel B,
importance values are calculated as reductions in 𝑅2 when removing a term, i.e. an individual shape function,
from the fitted model. In Panel C, importance values are calculated as reductions in 𝑅2 when removing all
terms associated with a variable from the fitted model.
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Figure O-C.9: Univariate functions 𝑓𝑖(𝑥𝑖)
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Note: This figure shows the contributions to return predictions of the four most important out-of-sample
predictors from the main model during the global financial crisis. The 𝑥-axis describes the input variable
standardized to amean of 0 and a standard deviation of 1, while the𝑦-axis represents the additive contribution
to the prediction output.
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O-C.4 The role of TERM in more detail

Figure O-C.10: 𝑓𝑖(𝑥𝑖) – TERM by subset of firms
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Note: This figure compares shape functions associated with ΔUNCf across subsets of firms obtained from
monthly sorts on firm size, spread, rating, maturity, sprd2d, sprxrtg, and maturity. Each month, firms are
grouped into “low” and “high” subsets according to one of the four variables. The EBMmodel is then estimated
on the two subsets of firms. The dashed blue line plots the shape function for the full sample with all firms.
Models are trained on the first 8 years of data, validated on the following year, and tested in the remaining
sample.
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O-C.5 Additional firm subsamples

We explore heterogeneity in the observed effects with respect to additional characteristics.

Distance to default. We sort firms into monthly subsets based on distance-to-default (d2d).
The distance-to-default measure as described by Bharath and Shumway (2008) is derived from a
structural model of default risk, where low (high) distance-to-default implies a low (high) proba-
bility of default. As Figure O-C.11 illustrates, the previously described positive (negative) effect
of rising (falling) financial uncertainty on bond returns seems to be more pronounced for firms
that are deemed closer to default, with effects for low-d2d firms reaching roughly twice the
magnitude of effects for high-d2d firms. Conversely, financially stable high-d2d firms are more
sensitive to realizations of the term structure factor, with the corresponding effect exceeding
the low-d2d effect by an order of magnitude. This is intuitive as the bonds of creditworthy firms
are more aligned with risk-free government bonds and are more impacted by term structure risk
than credit risk, while the opposite is true for low-grade bonds.

Figure O-C.11: 𝑓𝑖(𝑥𝑖) by subsamples – d2d
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Note: This figure compares shape functions associated with ΔUNCf and TERM across separate subsets of
bonds obtained form monthly sorts on bond distance to default. Models are trained on the first 8 years worth
of data and validated on the following year.

Duration. Conducting a similar data split based on the duration of the bond yields further
subsample results: The respective contributions of changes in financial uncertainty and the
term structure factor to the prediction of the return are shown in Figure O-C.12. When compar-
ing both shape functions for ΔUNCf, we observe that low-duration firms are consistently less
affected by changes in financial uncertainty than high-duration firms. The contribution associ-
ated with ΔUNCf values in the tails is about twice as high for high-duration firms, indicating
that the sensitivity of bonds to uncertainty fluctuations is correlated with the sensitivity to in-
terest rate changes. This disparity is even more pronounced for the function associated with
TERM, where the maximum contribution is about four times that of high-duration firms. This
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result is expected as TERM represents interest rate change risk and should be closely aligned
with duration.

Overall, the duration-based analysis indicates that a firm’s exposure to uncertainty move-
ments and term structure risk strongly correlates with its bonds’ sensitivity to interest rate
changes, with investors reacting to increases in macroeconomic uncertainty by disproportion-
ately divesting from high-duration bonds.

Figure O-C.12: 𝑓𝑖(𝑥𝑖) by subsamples – duration
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Note: This figure compares shape functions associated with ΔUNCf and TERM across separate subsets of
bonds obtained from monthly sorts on bond duration. Models are trained on the first 8 years of data and
validated on the following year.

19



O-C.6 Subsample importances

Figure O-C.13: Mean Absolute Scores: 𝑆(𝑖) and 𝑆(𝑖, 𝑗)
A: Low me

0.00 0.05 0.10 0.15 0.20 0.25
Mean Absolute Scores

UNCf
spread

UNC
LTREVB

TERM
UNCf & spread

UNCf & CMA
UNCf & yield
UNCf & UNCf
UNCf & UNC
UNCf & VIX
UNCf & EPU

UNCf & UNCr
EPUT & spread

UNCf & AGGLIQ

B: High me

0.00 0.02 0.04 0.06 0.08 0.10 0.12
Mean Absolute Scores

UNCf
TERM
UNC

LTREVB
spread

UNCf & spread
UNCf & INTCAP
UNCf & sprxrtg

UNCf & UNC
UNCf & UNCr
UNCf & UNCf
UNCf & yield
UNCf & EPU
UNCf & VIX

UNCf & MKTBD

C: Low spread

0.00 0.02 0.04 0.06 0.08
Mean Absolute Scores

UNCf
TERM
UNC

LTREVB
UNCf & spread
UNCf & INTCAP
UNCf & sprxrtg
UNCf & sprd2d

UNCf & UNC
UNCf & UNCf
UNCf & yield
UNCf & UNCr

UNCf & MKTBD
EPUT & EPU

EPUT & spread

D: High spread

0.00 0.02 0.04 0.06 0.08
Mean Absolute Scores

UNCf
TERM
UNC

LTREVB
UNCf & spread
UNCf & INTCAP
UNCf & sprxrtg
UNCf & sprd2d

UNCf & UNC
UNCf & UNCf
UNCf & yield
UNCf & UNCr

UNCf & MKTBD
EPUT & EPU

EPUT & spread

E: Low nrtg

0.00 0.02 0.04 0.06 0.08 0.10
Mean Absolute Scores

UNCf
TERM
UNC

spread
UNCf & spread
UNCf & INTCAP
UNCf & sprxrtg
UNCf & sprd2d

UNCf & UNC
UNCf & UNCf
UNCf & UNCr

UNCf & VIX
UNCf & EPU

UNCf & yield
UNCf & MKTBD

F: High nrtg

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Mean Absolute Scores

UNCf
UNC

TERM
spread

LTREVB
UNCf & spread
UNCf & INTCAP
EPUT & UNCf

UNCf & UNC
UNCf & yield
UNCf & UNCf

EPUT & spread
UNCf & UNCr

UNCf & VIX
UNCf & EPU

Note: This figure presents mean absolute score importances for models based on characteristics-sorted sub-
samples (market cap, bond spread, and numerical rating).
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Figure O-C.14: Mean Absolute Scores: 𝑆(𝑖) and 𝑆(𝑖, 𝑗)
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Note: This figure presents mean absolute score importances for models based on characteristics-sorted sub-
samples (spread/d2d, spread times rating, and maturity).
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Figure O-C.15: Δ𝑅̃2
𝑖 – Total effect
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Note: This figure presents total effects on 𝑅2
𝑜𝑜𝑠 of predictors for models based on characteristics-sorted sub-

samples (market cap, bond spread, and numerical rating).
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Figure O-C.16: Δ𝑅̃2
𝑖 – Total effect
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Note: This figure presents total effects on 𝑅2
𝑜𝑜𝑠 of predictors for models based on characteristics-sorted sub-

samples (spread/d2d, spread times rating, and maturity).
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O-D Additional material for Section 5

O-D.1 Portfolio returns for other models

We also construct bond portfolios based on the Random Forest (RF) and the XGBoost (XGB) model
return predictions. We rank firms based on predicted future excess returns and create monthly
decile portfolios (equal-weighted and value-weighted) as well as corresponding long-short port-
folios by taking long positions in the highest decile and short positions in the lowest decile. We
also consider the alternative investment strategy that invests in the riskfree asset if the predicted
excess return of a portfolio is negative, exploiting time-series forecastability. Tables O-D.1 and
O-D.2 report mean returns, standard deviations, and Sharpe ratios of the decile portfolios and
the 10-1 long/short portfolio in the testing sample of July 2011 to August 2020 for the RF and
XGB model, respectively.

Table O-D.1: Returns of Random Forest portfolios

1 2 3 4 5 6 7 8 9 10 10-1

Panel A: RF VW
Mean -0.11 -0.05 0.01 0.10 0.15 0.23 0.27 0.32 0.45 0.68 0.79
S.D. 1.82 1.66 1.49 1.46 1.40 1.43 1.52 1.54 1.77 2.25 2.01
SR -0.06 -0.03 0.01 0.07 0.11 0.16 0.18 0.21 0.25 0.30 0.39

Panel B: RF-pos VW
Mean 0.07 0.11 0.15 0.21 0.26 0.30 0.34 0.40 0.51 0.68 0.61
S.D. 0.48 0.55 0.63 0.68 0.78 0.89 1.10 1.18 1.41 2.16 1.92
SR 0.14 0.19 0.24 0.30 0.33 0.34 0.31 0.34 0.36 0.31 0.32

Panel C: RF EW
Mean -0.14 -0.07 0.01 0.09 0.13 0.24 0.27 0.33 0.45 0.73 0.87
S.D. 1.87 1.69 1.53 1.49 1.42 1.48 1.57 1.55 1.74 2.25 2.05
SR -0.08 -0.04 0.00 0.06 0.09 0.16 0.17 0.21 0.26 0.32 0.42

Panel D: RF-pos EW
Mean 0.05 0.10 0.15 0.20 0.25 0.31 0.35 0.40 0.53 0.73 0.68
S.D. 0.43 0.48 0.56 0.62 0.73 0.86 1.08 1.17 1.34 2.15 1.94
SR 0.12 0.21 0.27 0.32 0.35 0.36 0.32 0.35 0.39 0.34 0.35

Note: This table compares monthly means, standard deviations, and Sharpe ratios for ten value-weighted
portfolios constructed based on predicted return deciles in the testing sample. The last columns shows results
of the 10-1 portfolio that is long in portfolio 10 and short in portfolio 1. EW are equally-weighted portfolios
and VW are value-weighted portfolios by bond market value. RF-pos is the strategy that invests in the riskfree
asset when the predicted portfolio return is negative.

Observed return patterns are similar to the EBM portfolios, with monotonically increasing
mean returns and Sharpe ratios along the buy-and-hold decile portfolios. RF-pos and XGB-pos
substantially increase returns and Sharpe ratios, indicating that both models enable profitable
market timing. Overall, RF portfolios exhibit similar returns and Sharpe ratios across all weight-
ings and strategies. The XGB predictions offer a higher mean return and Sharpe ratio for the
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equal-weighted buy-and-hold portfolio (driven by lower returns in the lowest decile) and perform
similarly otherwise.

Table O-D.2: Returns of XGBoost portfolios

1 2 3 4 5 6 7 8 9 10 10-1

Panel A: XGB VW
Mean -0.19 -0.07 -0.02 0.10 0.13 0.19 0.29 0.34 0.46 0.65 0.84
S.D. 1.48 1.56 1.69 1.42 1.45 1.52 1.60 1.64 1.68 2.11 1.71
SR -0.13 -0.05 -0.01 0.07 0.09 0.12 0.18 0.21 0.27 0.31 0.49

Panel B: XGB-pos VW
Mean 0.04 0.09 0.14 0.17 0.20 0.25 0.33 0.41 0.49 0.71 0.67
S.D. 0.27 0.43 0.52 0.65 0.70 0.93 1.06 1.28 1.49 1.99 1.85
SR 0.15 0.22 0.26 0.25 0.29 0.27 0.31 0.32 0.33 0.35 0.36

Panel C: XGB EW
Mean -0.22 -0.06 -0.01 0.09 0.14 0.20 0.29 0.36 0.49 0.72 0.94
S.D. 1.56 1.56 1.64 1.44 1.54 1.55 1.60 1.65 1.68 2.15 1.76
SR -0.14 -0.04 -0.00 0.06 0.09 0.13 0.18 0.22 0.29 0.33 0.53

Panel D: XGB-pos EW
Mean 0.02 0.09 0.13 0.16 0.21 0.23 0.33 0.43 0.50 0.75 0.72
S.D. 0.22 0.38 0.47 0.60 0.69 0.92 1.03 1.23 1.47 2.06 1.96
SR 0.11 0.24 0.28 0.26 0.31 0.25 0.32 0.35 0.34 0.36 0.37

Note: This table compares monthly means, standard deviations, and Sharpe ratios for ten value-weighted
portfolios constructed based on predicted return deciles in the testing sample. The last columns show the
results of the 10-1 portfolio, which is long in portfolio 10 and short in portfolio 1. EW are equally-weighted
portfolios and VW are value-weighted portfolios by bond market value. XGB-pos is the strategy that invests in
the riskfree asset when the predicted portfolio return is negative.
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O-D.2 Importance of characteristics

Figure O-D.1: Importance of characteristics
A: Mean Absolute Scores: 𝑆(𝑖) and 𝑆(𝑖, 𝑗)
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B: Δ𝑅2
𝑖 : Univariate effect
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Note: This figure shows the most important firm and bond characteristics for the EBM model. In Panel A,
importance values are mean absolute scores calculated on the training data (the native EBM importance mea-
sure). In Panel B, importance values are calculated as reductions in 𝑅2 when removing a term, i.e. an individual
shape function, from the fitted model. In Panel C, importance values are calculated as reductions in 𝑅2 when
removing all terms associated with a variable from the fitted model.
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O-D.3 Importances for Sharpe ratio

We analyze the importance of predictors in terms of their direct impact on the Sharpe ratio.
Following a method analogous to the out-of-sample 𝑅2 measure, we drop individual terms from
the prediction equation and observe the drop in the Sharpe ratio of the resulting portfolio, with
results reported in Figure O-D.2. Unsurprisingly, the most important terms consist of character-
istics as well as interactions including characteristics. Notably, all the highest-ranked interaction
terms link uncertainty factors to bond characteristics.

Figure O-D.2: Importance in terms of SR
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Note: This figure shows the most important terms as measured by their impact on the Sharpe ratio of the EBM
portfolio. Importance values are calculated as reductions in the Sharpe ratio when removing a term, i.e. an
individual shape function, from the fitted model. Values are scaled so that the highest-ranked item has an
importance of 1.
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