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1 Introduction

Asset pricing models, i.e. the CAPM, are critical for obtaining insightful risk estimations

to understand their relation with expected returns (Fama and French, 2004). With the

dataset, we examine whether the CAPM and multi-factor models can accurately capture

the observed risk-return dynamics and aim to identify their strengths and limitations while

exploring the role of an additional momentum factor. We assess model effectiveness in

pricing portfolios, consider whether results align with theoretical expectations, and explore

potential enhancements or new approaches to improve practical utility when discrepancies

or gaps are found.

2 Methodology

We performed two-stage regression with further GRS tests to evaluate the CAPM model

and compared the results as motivated by the CAPM model that asset risk premia should

be proportional to its beta.

2.1 The "Two-Stage" Regression

Firstly, with MKTB, the first-stage regression estimates the time-series model

Portfoliok,t = αk + βk ·MKTBt + εk,t

for each portfoliok obtain estimated α̂k and β̂k with significance levels and R2 values also

presented. Moreover, GLS estimates are also obtained as the model might suffer from het-

eroskedasticity problems. The second-stage regression incorporates average monthly excess

returns for each portfoliok (mean_returnk) and regress cross-sectionally on the first-stage

estimated β̂k as follow

mean_returnk = γ0 + γ1 · β̂k + ηk

where γ̂1 and its significance level with R2 value are obtained. The GRS test is performed

to test if the model is generally accepted.

Secondly, with the duration-adjusted MKTDB, similar regressions were performed as

follows

Portfoliok,t = αk + β
′
k ·MKTDBt + εk,t

mean_returnk = γ0 + γ1 ·
ˆ
β

′
k + ηk

2



The first stage regresses excess returns on market risks to get α and β with different risk

factors. The second stage evaluates β in explaining risk premiums that are time averages of

portfoliok’s excess returns.

2.2 The Momentum Factor

The 12-month lag was chosen as it captures the intermediate-term momentum effect, where

past performance has been shown to persist while avoiding short-term noise and long-term

mean reversion, as supported by Chan, Jegadeesh, and Lakonishok (1996), see Appendix A

for detailed explanation. Thus the following second-stage regression models are estimated

mean_returnk = γ0 + γ1 · β̂k + γ2 ·MOMk + ηk

mean_returnk = γ0 + γ1 ·
ˆ
β

′
k + γ2 ·MOMk + ηk

mean_returnk = γ0 + γ1 · β̂k + γ2 ·
ˆ
β

′
k + γ3 ·MOMk + ηk

and without the momentum factor but both MKTB and MKTDB for comparison

mean_returnk = γ0 + γ1 · β̂k + γ2 ·
ˆ
β

′
k + ηk

with similar first-stage regressions.

The inclusion of the momentum factor is motivated by verifying whether past price

performance can be used to extract future gains. This analysis of long the best-performers

and short the worst ones from the previous year is based on the premise that momentum,

might also apply to corporate bond portfolios. If this factor exists and is significant, it could

show potential for an empirically relavant test for systematic mispricing.

3 Data and Empirical Results

3.1 The Dataset

Descriptive and summary statistics are presented in the Appendix B.

All variables reveal constant-mean reversion without a trend that could be considered

stationary as shown in the following figures.
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Figure 1: Time Series Plots of Portfolios Excess Returns
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Figure 2: Time Series Plots of Market Risk Factors
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3.2 The Single-Factor CAPM

3.2.1 With MKTB

Table 1: Cross-Sectional Regression of Average Returns
on Market Betas

Variable Estimate Std. Error t-value p-value

Intercept (γ0) -0.0004 0.0004 -1.111 0.272

MKTB (γ1) 0.0042*** 0.0004 11.404 <0.001

Adjusted R2 0.725

F-statistic 130.0

Observations 50

Note: This table presents the results from a cross-sectional re-

gression of average portfolio returns on the estimated market

betas from the first-pass time-series regressions. The p-value

for MKTB is 2.89e-15.
*** denotes significance at the 1% level.

The single factor CAPM demonstrates moderate success in explaining the cross-section of

portfolio returns, as indicated by its R2 value of 73.04%. However, discrepancies in alphas

between OLS and GLS (see Table 5) suggest model misspecification or heteroskedasticity

in the model. The Breusch–Pagan test found that 29 portfolios (see Figure 10) exhibited

heteroskedasticity, further supporting the need for GLS adjustments.

Table 2: Portfolios with Significant Alphas (MKTB Model)

Portfolio Alpha Alpha p-value Beta Beta p-value R2

Portfolio 35 -0.0012 0.0218 1.158 <0.001 0.891

Portfolio 42 0.0008 0.0224 0.686 <0.001 0.881

5



Figure 3: The Security Market Line for MKTB-CAPM Model

While CAPM captures systematic risk, its limitations are evident as significant alphas

indicate some portfolios’ excess returns remain unexplained. This implies the potential

omission of critical risk factors in the model. In contrast, the low magnitudes of these alphas

in both the OLS and GLS regressions indicate a relatively minor impact. This suggests that,

despite its limitations, the CAPM provides a reasonably good approximation of expected

returns for corporate bonds. Nonetheless, the inclusion of additional risk factors could

significantly enhance the model’s explanatory power.

Table 3: Number of Significant Alphas by Model

Model Number of Significant Alphas

MKTB 25

MKTDB 39
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Figure 4: Heteroskedasticity Analysis for MKTB Factor Model

The significant gamma estimate (see Table 1) suggests that MKTB betas explain some

risk premia. However, due to its low magnitude, its economic significance should be in-

terpreted with caution. This caution extends to applying the CAPM to corporate bonds.

While the high R2 and significant beta values suggest that the MKTB factor captures some

systematic risks, the presence of heteroskedasticity and significant alphas point to potential

model misspecification and omitted variables. Likely, this necessitates supplementation by

additional risk factors to address omitted variable bias and non-linearities in the model.

For example, incorporating bond market specific factors such as term structure variables

and credit spreads could further enhance the model’s ability to capture the complexities of

corporate bond pricing.
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3.2.2 With MKTDB

Table 4: Cross-Sectional Regression of Average Returns
on MKTDB Betas

Variable Estimate Std. Error t-value p-value

Intercept (γ0) 0.0012*** 0.0002 6.694 <0.001

MKTDB (γ1) 0.0035*** 0.0002 16.896 <0.001

Adjusted R2 0.853

Observations 50

Note: This table presents results from the second-stage

cross-sectional regression. The p-values for the intercept

and MKTDB are 2.17e-08 and <2e-16, respectively. Ob-

servations (50) are inferred from residual degrees of free-

dom (48) plus the number of parameters (2).
*** denotes significance at the 1% level.

The Cross-sectional R2 of 85.61% (see Figure 8) indicates a notable improvement over the

MKTB model’s R2 of 73.04%. This suggests that adjusting the market factor for bond

durations improves its explanatory power for excess returns in corporate bond portfolios.

This result aligns with ex-ante expectations because duration adjustments should make the

factor more relevant for corporate bonds, which are sensitive to interest rate changes.

However, the number of significant alphas under OLS (27) and GLS (39) is considerably

higher than in the MKTB model, implying persistent pricing errors despite the improved

overall fit. Therefore, bonds are still exposed to other risk channels not captured by the

model. The comparatively higher significant GLS alphas along with the BP test point to

the presence of heteroskedasticity in the model.

8



Figure 5: The Security Market Line for MKTDB-CAPM Model

Furthermore, the significant gamma estimates indicate that betas are meaningfully priced

in the cross-sectional regression, consistent with the idea that systematic risk (as captured

by MKTDB) influences bond excess returns. However, the disproportionately high number

of significant alphas, which on average exhibit greater magnitude than those in the MKTB

model, underscores persistent mispricing by the duration-adjusted model.

While MKTDB enhances the model’s explanatory power by 12% compared to MKTB (see

Table 5), both models fall short of capturing the full complexity of risk exposures in corporate

bond markets. This limitation suggests the presence of additional systematic or idiosyncratic

risk factors that are not adequately addressed. Consequently, a more nuanced, multifactorial

approach is necessary to more accurately account for the risk premia in corporate bond

returns.
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Table 5: Comparison of Single-Factor Model Performance

Metric MKTB MKTDB Key Insights

Cross-sectional R2 73.04% 85.61% MKTDB performs better in ex-

plaining bond excess returns, likely

due to its consideration of interest

rate sensitivity via duration adjust-

ments.

OLS Significant Alphas 2 27 MKTDB increases pricing errors

under OLS, suggesting that dura-

tion adjustments introduce addi-

tional sources of mispricing (e.g.,

imperfect adjustments).

GLS Significant Alphas 25 39 GLS alphas rise significantly with

MKTDB, reflecting cross-sectional

dependencies and limitations of a

single-factor approach.

Significant Gamma Estimates Yes Yes Both models successfully price sys-

tematic risk, but MKTDB does so

more effectively due to its bond-

specific adjustments.

3.3 Multivariate CAPM Models

Table 6: Summary of Adjusted R-squared Values

Model Adjusted R2

MKTB Model 0.7248

MKTDB Model 0.8531

Multi-factor Model 0.8561

One-factor models such as MKTB and MKTDB achieve an R2 of 0.7248 and 0.8531 as in

Table 6, i.e., they explain 72.48% and 85.31% variation in the portfolio returns, respectively.

The multi-factor model with momentum explains 85.61% of the variation in portfolio returns,
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indicating its superiority in capturing portfolio returns. Adjusted R2 is used as it accounts

for the number of independent variables and penalizes those that do not add value to the

model.

The number of significant alphas obtained from the GLS regression supports this conclu-

sion, where MKTB and MKTDB have 25 and 39 significant alphas, respectively, while the

multi-factor model has only 14, highlighting its superior ability to capture factor returns.

Table 7: Multivariate Cross-Sectional Regression Results

Variable Estimate Std. Error t-value p-value

Intercept (γ0) 0.0009* 0.0003 2.482 0.017

MKTB (γ1) 0.0029*** 0.0003 8.540 <0.001

MKTDB (γ2) 0.0033*** 0.0003 12.466 <0.001

Momentum (γ3) -0.0045** 0.0014 -3.175 0.003

Adjusted R2 0.856

Observations 50

Note: This table presents results from the multivariate cross-

sectional regression. Observations are 50 while the residual de-

grees of freedom is 46.

In Table 7, the coefficients of factors MKTB (0.0028829) and MKTDB (0.0033186) are

positive and statistically significant (p-value < 0.001), indicating that these factors con-

tribute positively to returns and earn a positive risk premium.

However, the coefficient of the momentum factor is negative (-0.0044773) and statisti-

cally significant (p-value < 0.01). Jegadeesh and Titman (1993) demonstrate that momen-

tum strategies, indicating a positive relationship with returns. Contrarily, the results show

a negative relationship, implying that greater exposure to momentum results in reduced

returns.

Daniel and Moskowitz (2014) highlight that momentum strategies tend to underperform,

resulting in negative coefficients during market rebounds following bear markets, as seen

during the 2008 financial crisis and the COVID-19 pandemic, driven by a substantial recovery

in past losers.
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Table 8: Summary of Risk Premia Estimates

Variable Estimate Std. Error t-value p-value

Intercept 0.00085 0.00034 2.482 0.017

MKTB 0.00288 0.00034 8.540 <0.001

MKTDB 0.00332 0.00027 12.466 <0.001

Momentum -0.00448 0.00141 -3.175 0.003

The p-values for MKTB and MKTBD are extremely low at 4.798110-11 and 2.355810-16

respectively. These values are well below the 0.1% significance level, indicating that both

are highly significant in explaining portfolio returns (aligns with CAPM proposed by Sharpe

in 1964). The momentum factor’s p-value of 0.00267 is below the 1% significance level,

indicating that it also has a statistically significant impact on returns in Figure 13.

The pricing performance of combinations of different models is explored in the following

Figure 6.‘

Figure 6: Model Comparison Table

Model 2 emerges as the most efficient and effective model with a high cross-sectional

R-squared of 85.9% and Adjusted R-squared of 85.3% compared to more complex models.

It minimizes residual mispricing with the least significant alphas (9). The model’s positive

and significant risk premia further emphasise its robustness.

Gebhardt et al.(2005) identify that investment-grade bonds lack intrinsic momentum and

highlight the spillover effect from equity returns to bond returns due to an under-reaction
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to equity-related information. Thus, the MKTB+MKTBD model, which prioritises market

and credit factors, provides a more accurate representation of bond returns and performs

better.

Table 9: Gibbons, Ross, and Shanken (GRS) Test for Model
Specification

Model Specification GRS Statistic p-value

Panel A: Single-Factor Models

MKTB 2.58 <0.001

MKTDB 2.41 <0.001

Panel B: Multi-Factor Models

MKTB + MKTDB 2.58 <0.001

MKTB + MOM 2.92 <0.001

MKTDB + MOM 3.09 <0.001

MKTB + MKTDB + MOM 2.85 <0.001

Note: This table reports the Gibbons, Ross, and Shanken (GRS) test

statistic and its associated p-value for various asset pricing models.

The GRS test jointly examines the null hypothesis that all pricing

errors (alphas) are zero, i.e., H0 : αk = 0 for all portfolios k. A low

p-value leads to the rejection of the model. As shown, all tested

model specifications are strongly rejected at any conventional sig-

nificance level.

The GRS test shows that MKTB and MKTDB significantly impact portfolio returns,

rejecting the null hypothesis in Figure 15. Additionally, the rejection of the CAPM model,

supported by the GRS results and significant alphas, highlights its limitations in explaining

asset return variations.

Based on the above results, an effective pricing model should include additional factors

like in the Fama-French five-factor model, along with bond-specific factors such as credit

spread, liquidity and term structures. Analysing data over different time periods would

ensure adaptability to evolving market conditions, enhancing the model’s accuracy and re-

liability for decision making.
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4 Conclusion

This study evaluated asset pricing models in the corporate bond market. While CAPM

shows reasonable explanatory power, it fails to fully capture cross-sectional bond return.

The significant risk premia for MKTB and MKTDB highlight their relevance, however low

alphas and OLS-GLS discrepancies indicate heteroskedasticity and model misspecifications.

Multi-factor models outperform one-factor models, though the inclusion MOM yields

only marginal improvements and exposes risks of overfitting. The negatively signed MOM

risk premium raises questions about its validity as a systematic risk factor, possibly reflecting

unexplored behavioural biases.

These findings emphasize trade-offs in model construction: while complexity enhances fit,

it cannot fully resolve structural misspecifications. CAPM remains to be the preferred model

for its simplicity, but incorporating factors from frameworks like Fama-French offers a more

comprehensive approach. Future research should explore bond-specific risks, dynamic models

involving nonlinearities, and time-varying risk premia to better reflect the complexities of

corporate bond returns.
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6 Appendices

6.1 Appendix A

Steps for Constructing the Momentum Factor

Step 1: Generate lagged portfolio returns to ensure the lagged returns account for one year

l_Rk,t = Rik,t −Rk,t−12

Step 2: Calculate the 12-month lagged mean excess returns for each portfolio k

¯l_Rk =
1

T

T∑
t=1

l_Rk,t

Step 3: Sort by generating ranks based on the excess return and group them into deciles,

each including five companies. Consequently, generate the momentum factor by going long

in the five best-performing portfolios (top decile) and shorting the bottom decile

MOMt = Rtop5,t −Rbottom5,t

The decision to employ a 12-month lag in returns to construct the MOM factor is moti-

vated by prior empirical evidence. Chan, Jegadeesh, and Lakonishok (1996) documented

that momentum strategies based on intermediate horizons of three to twelve months are

particularly effective in capturing the continuation of returns. Their findings highlight the

gradual adjustment of stock prices to past information, which supports using a 12-month

lag to ensure the strategy captures these persistent return drifts effectively.
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6.2 Appendix B

Figure 7: Descriptive Statistics
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Figure 8: Summary Statistics
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6.3 Appendix C

Figure 9: Regression Results with MKTDB
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6.4 Appendix D
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Figure 10: BP Test for MKTB Regressions Results
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Figure 11: BP Test for MKTDB Regressions Results
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Figure 12: Graph Illustration of Heteroskedasticity of the MKTDB-CAPM Model
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Figure 13: BP Test for Multivariate Regressions Results
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Figure 14: Graph Illustration of Heteroskedasticity of the Multivariate CAPM Model
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