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Determinants of Bond’s Mispricing

Abstract

This paper attempts to analyse the existence of underpricing in bond offers Banco Carregosa
participated between October 2014 and June 2018 and the factors affecting bond’s mispricing
in two different time frames, 1% day and 1% month. It was found that, for a very short term,
underpricing is mostly affected by credit risk factors and macroeconomic conditions and
partially described by liquidity aspects and information asymmetries. For longer periods,
liquidity aspects and macroeconomic context are the main determinants. Credit risk factors lose
their influence and information asymmetries continue to partially affect bond’s mispricing,

however, represented by a different factor.
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I. Introduction

For several years, past literature has given more importance to issues on equity markets
addressing limited considerations to the ones taking place in fixed income markets.
Nevertheless, several studies have indicated that bond markets are substantially bigger than
stock markets. According to a study from (SIFMA 2018a, 2018b), only in US, fixed income
markets in 2018 accounted 42 trillion USD in value versus 32 trillion USD in equity markets.
In line with (Lund et al. 2018), corporate bond markets have increased 2.5 times since 2008
financial crisis as many corporations around the world have shifted toward bond financing
because commercial bank lending has been subdued. As stated by (Kwan 2010), as a response
for the financial crises, US banking industry tightened their lending terms and increased
significantly the loan spreads over FED’s rate. Moreover, regulations, as Basel Ill, have
diminished credit supply as banks are obliged to fulfil minimum capital requirements and
certain leverage ratios (Repullo and Suarez 2009; Slovik and Cournede 2015; Barth and Miller
2018). Similar to stock offers, researchers have advocated evidences of underpricing in fixed
income issues and as a result, the existence of opportunities for investors to capture excess
returns. Authors appoint firm’s specific characteristics, bond aspects and macroeconomic
conditions as the main determinants affecting the level of bond’s underpricing. The central
questions this paper attempts to analyse are the presence of underpricing/ overpricing in fixed
income issues that Banco Carregosa participated between October 2014 and June 2018 and the
factors that influence bond’s mispricing for two different time ranges, the 1% trading day and
1% trading month. As a result, it was intended to examine whether the factors affecting
mispricing for a very short term are similar to the factors affecting bond’s mispricing for a
longer time horizon. It was considered corporate bond issues made by public and private firms,
including both initial bond offerings (IBOs) and secondary bond offerings (SBOs). Several

aspects were considered as possible determinants of underpricing such as credit risk factors,



information asymmetries, liquidity problems and macroeconomic conditions. As the research
progresses, extensions and developments of these considerations were conducted. It is very
important for Banco Carregosa to understand the various aspects that affect bonds’ mispricing
in order to better evaluate opportunities in the market and therefore, better advise their clients
according with their investment time horizon (“flippers™ versus long-term investors). Banco
Carregosa Institutional department focus essentially on the Primary Market. With a wide
network of banks and brokers, Banco Carregosa participates in fixed income securities
issuances on a daily basis. Banco Carregosa serves as an intermediary between the syndicate
and investors, earning a spread between the issue price and the price it sells to the client.
Concerning the overall result, the analysis showed the existence of underprice both in the 1%
day and 1% month, 27.93 bp and 53.00 bp, respectively. Considering only the US fixed income
market, these results imply that companies have left 117.35 billion? USD and 222.60 billion
USD considering the two-time frames which, according to (INE 2018) correspond to 50.62%
and 96.07% of the Portugal GDP in 2017. Additionally, it was found that for the 1% trading day,
bond mispricing is mainly affected by credit risk factors (investment grade versus high yield
and IBO against SBO) and macroeconomic conditions (derived by market credit risk) and
partially influenced by liquidity aspects (characterized by bond’s maturity) and information
asymmetries (derived by issuer’s total assets). With respect to longer-term periods, credit risk
factors lose its significance. The main determinants affecting bond’s mispricing are liquidity
aspects (resulted by bond’s maturity and size) and macroeconomic environment (characterized
by market credit risk). Information asymmetries continue to have a considerable magnitude in
the overall bond’s mispricing, even though supported by recent debt issues (book building
process) and not by firm’s total assets. These results suggest that according to the time horizon,

investors should pay more attention to certain factors than to others. The rest of this thesis is

1 Investors that immediately sell the security when it starts to trade in the secondary market. 2 A billion is considered a thousand million.



organized as follows: Section Il provides a description of previous literature and hypothesis
considered; Section Il presents the process of gathering the data and methodologies used;

Section 1V displays the empirical results; Section V provides the conclusions and findings.

Il. Literature Review

In this section, several hypotheses related to determinants for mispricing in bond issues are
presented. For further support, each hypothesis is accompanied by theories mentioned in
previous researches.
A. Underpricing

A number of former analyses have indicated the existence of underpricing in fixed income
issues. One of the first studies regarding this subject was conducted by (Hickman 1958) where
the author detected higher yields for new bond issues comparing to peer bonds already trading
in the markets. (Conard and Frankena 1969) also identified discrepancies in bond yields
suggesting security’s specific characteristics, underwriter’s interests and market imperfections
as the main reasons for bonds’ mispricing. (Ederington 1974; Sorensen 1982) evaluated the
positive yield differential between new and outstanding bonds suggesting that if the differential
diminished at a rapid pace, underpricing was considered. (Hale and Santos 2006) suggested the
difference tend to diminish, after the company’s entrance in the public bond market (book
building effect). In addition, (Cai, Helwege, and Warga 2007) found underpricing both in IBO
and SBO offers proposing information asymmetries as the main driver for bonds mispricing.
There are several studies that try to determine which factors influence bond’s underpricing.
However, for now, a broad hypothesis was considered.

Hypothesis: Bond offers are, on average, underpriced.

B. Credit Risk
Several studies have indicated that bond’s risk of default is a strong determinant for the level

of underpricing. (Cornell and Green 1991) suggest that high yield bonds (HY) are more similar



to stocks than investment grade bonds (IG), emphasizing the importance of risk as a determinant
of market’s volatility. In (Shane 1994) research, the author found higher levels of correlation
between high yield bonds and equity indexes relative to treasury bond indexes. The reasoning
behind is that high yield securities have a greater risk inherent relative to investment grade
bonds and therefore, as in equity, investors demand higher returns. Furthermore, (Fjelstad et al.
2005) stated that investors with low equity exposure can get similar returns through high-yield
bonds. Due to greater similarities between high yield bonds and stocks, it is expected
differences in the underpricing between speculative and non-speculative bonds. Therefore, it
was conducted an analysis whether credit risk influences the level of underpricing.
Hypothesis: Bonds with high yield rating are more underpriced than investment grade.
Additionally, in (Datta, Iskandar-Datta, and Patel 1997; Helwege and Kleiman 1998)
researches, the authors discovered levels of underpricing for speculative IBO while evidences
of overpricing were found on investment grade bonds. (Cai, Helwege, and Warga 2007)
included both IBO and SBO in their sample, reaching to higher levels of underpricing for IBO
than for SBO bonds.
Hypothesis: IBO issues are more underpriced than SBO issues.

C. Information Asymmetry
Many theories suggest underpricing as a consequence of information asymmetry.
(Ellul and Pagano 2006) identifies underpricing as a way for investors to defend themselves
from information problems that arise after an IPO. Other studies suggest the amount of
information is inferior for private companies and consequently, investors demand a greater
underpricing. (Cai, Helwege, and Warga 2007) states that private companies are less known
and do not have the same exposure to markets as public companies. Moreover, public
companies are obliged to periodically update their financial condition to the public, contrary to

private companies. The following hypothesis was formulated.



Hypothesis: Bond issues from private companies are more underpriced than issues from public
companies.

Several researches also suggest the issuer’s size as a factor of information frictions. (Aboody
and Lev 2002) claimed bigger firms tend to be more examined by the market, lowering the
amount of information asymmetry. Contrary, (Aronsson and Tano 2016) admits that analysis
focused on big firms are more complex and require more information and therefore, the
probability of information asymmetry is higher. It was considered total assets (on the pricing
date) as a proxy for the firm’s size. Hence, the following hypothesis was considered.
Hypothesis: Size of the company affect bond’s underpricing.

Another determinant of bond’s mispricing is related with the “signalling model” which explores
the fact that due to information problems, investors face difficulties to differentiate good firms
and bad firms (Welch 1989; Allen and Faulhaber 1989; Grinblatt and Hwang 1989). As a result,
good companies will underprice their bond issues to signal the market about its financial
strength; contrary, bad firms, do not find attractive to underprice their bonds as they do not have
capacity to recoup the initial cost of signalling. (Chemmanur and Paeglis 2005) considers the
company’s reputation as a factor that reduces information asymmetries and consequently,
diminishes underpricing. Previous analysis goes in the same line of though; (Diamond 1989,
1991; Gorton 1996; Carty 1996) concluded that manager’s ability to create a good company’s
debt payment reputation reduce information asymmetry. It was used issuer’s age as a proxy of
reputation since older companies have passed through more crisis and therefore, have
demonstrated more capacity and financial strength to overcome difficult moments.
Hypothesis: Firm’s reputation diminishes the level of bonds’ mispricing.

In an attempt to explain underpricing in IPOs, (Rock 1986) presents the winner’s curse theory
suggesting that there are two groups in the markets, the informed investors, who have access to

privileged information and the uniformed investors. As stated in (Cai, Helwege, and Warga



2007), the majority of investors in fixed income markets are at an institutional level. Although
it is not possible to prove, it is reasonable to assume that institutional investors have access to
more information than individual investors do. If bonds were issued at fair value, institutional
investors would only participate in the good issues leaving the bad ones to individual investors.
Therefore, underpricing is necessary to compensate uniformed investors, retain them in the
markets and prevent liquidity problems. The authors analysed this hypothesis by differentiating
bonds that are traded in the NYSE and OTC (as bonds listed in public markets should be more
underpriced in order to attract more investors); nonetheless, little evidences regarding these
issues were found. Moreover, as Banco Carregosa only participates in bond issues that are
tradable in the secondary market, no further analyses were conducted regarding this hypothesis.
D. Book Building (Information Asymmetry)

Various researches pointed to the relation between the process of book building and
underpricing. Book building, which started to arise curiosity in the academic literature after
analysis conducted by (Benveniste and Spindt 1989; Benveniste and Wilhelm 1990), is the
process by which an underwriter attempts to find the price range and the number of shares that
institutional investors are willing to pay in a security public offering. (Leite 2006) suggests that
accurate analyses are a way to reduce asymmetric information; nevertheless, those analysis are
costly and therefore, underprice occurs to surpass those constraints. (Cai, Helwege, and Warga
2007) proposes bond issues from firms with recent past bond offers are less underpriced since
asymmetric information was partially reduced from the previous issues.

Hypothesis: Recent past bond offers decreases the level of underpricing.

Moreover, previous analysis performed by (Sherman and Titman 2000; Benveniste, Busaba,
and Wilhelm 2002) found evidences that recent equity issues impact negatively bond offers.
According to the pecking order theory, introduced by (Myers and Majluf 1984; Shyam-Sunder

and C. Myers 1999) companies tend to prefer to raise funds through debt rather than equity,



and therefore, investors perceive equity issues as a signal that the company was not able to
acquire capital through debt, demonstrating financial weaknesses. Moreover, (Smith 1986)
stated that managers are only willing to sell new equity at an overpriced value.
Hypothesis: Recent public firms underprice more their bond offers than non-recent public
ones.

E. Liquidity
Previous analysis proposed liquidity as an element affecting bonds’ underpricing. (Booth and
Chua 1996) stated that higher levels of underpricing in equity leads to higher transaction
volumes, bringing more liquidity to the market. (Ellul and Pagano 2006) defended that equity
underpricing exits as a tool to overcome investors’ fears of aftermarket illiquidity. (Bailey and
Jagtiani 1994; Berkman and Eleswarapu 1998) suggested trading volume as a measure for
liquidity. (Cai, Helwege, and Warga 2007) tried to analyze this topic using bond’s offering size.
Moreover, (McCauley and Remolona 2000) also used size as a measure of liquidity, reaching
to a conclusion that size does matter as a determinant of liquidity. The reasoning behind is the
fact that the larger the amount outstanding is, the more participants are needed or the more
money per investor is required. In this thesis, trading volume was not possible to extract and
therefore, it was assigned bond’s size as a measure of liquidity.
Hypothesis: Bond issues with higher offering sizes are more underpriced.
Other studies suggested bond’s length as a factor that influence liquidity and therefore, bond’s
underpricing. (Sarig and Warga 1989; Aronsson and Tano 2016) concluded that liquidity
decreases as maturity increases. Hence, the following hypothesis was considered.
Hypothesis: Long term bond issues are more underpriced than shorter ones.

F. Macroeconomic Factor - Market Credit Risk
Past literature has acknowledged that the level of underpricing is not constant overtime.

Moreover, all the determinants mentioned above fail to explain those variations, suggesting
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macroeconomic conditions as a potential explanation. In (Loughran and Ritter 2002) study, the
authors found significant variations on the first trading day average returns between 1980 and
2000; the average returns in 1980 was 7% in contrast to 15% in 1990. 1990 was the period
before the tech bubble burst, suggesting market context do impact bonds’ underpricing. Several
researches have defended that bonds’ mispricing varies according to whether the issue occurred
in a hot or cold market. (Ibbotson and Jaffe 1975; Ritter 1984; Lerner 1994) characterized hot
stock markets as periods where a high number of companies go public and offers are highly
oversubscribed; as the number of risky IPOs increases, issues are more underprice. Contrary,
(Allen and Faulhaber 1989; Grinblatt and Hwang 1989; Welch 1989) suggest that in hot issue
markets, a high number of good firms go public: as trading volume in initial offers is higher,
companies are able to less underprice their securities. A way to include a macroeconomic
variable into the analysis would be the adoption of a similar approach that (Helwege and Liang
1996) used. The authors defined hot or cold issue markets as the total number of issues that
occurred in a particular time interval. However, as this thesis do not encompass all bond offers
occurred during 2014 and 2018 (as it only embraces the ones Banco Carregosa participated),
no further considerations were made regarding this approach. An alternative way to consider a
macroeconomic variable in the model would be the incorporation of a CDS index (Aronsson
and Tano 2016). It is plausible to consider a CDS index as good measure to quantify the overall
credit risk perceived by the market as in periods where credit risk fears grow, investors tend to
allocate more money in CDSs to protect themselves from possible price’s downfalls. (Bystrom
2008) found positive correlation between the Itraxx CDS European indexes spreads and stock’s
volatility. The reasoning behind this is that greater volatility implies increases on the perception
of default risk and therefore CDS index value rise. Additionally, previous studies from (Hull,
Predescu, and White 2004; Norden and Weber 2004) proved that CDSs have a good predictive

power regarding credit rating. As CDSs are effective instruments to address the credit risk
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investors perceived for specific bonds, it is reasonable to assume a broad index that
encompasses several CDSs tradable in the market is suitable to quantify the overall credit risk.

Hypothesis: Market credit risk affects the level of bonds’ underpricing.

I11.  Methodology

This section outlines the methodologies adopted to analyse the various hypothesis, the
procedures used to collect the dataset and relevant aspects that emerged during its treatment.
A. Hypothesis Testing Techniques

With a view to analysing the various hypotheses this thesis explore, two different analyses were
conducted. First, for both the 1st trading day and the 1st trading month, individual univariate
analyses were carried out for the majority of the factors where “Student's T” and “ANOVA
single factor” tests were performed. To assess and quantify bond’s mispricing, the average
excess returns were considered. Accordingly, positive excess returns are indicative of bond’s
underpricing and negative excess returns are indicative of bond’s overpricing. Next,
multivariate analyses were conducted via OLS regressions. First, individual regressions were
conducted in order to analyse the isolated effect that each variable had in the bonds’ mispricing.
Therefore, all variables were clustered in a single OLS regression with the purpose of analysing
the influence that each factor had in the overall level of bond’s mispricing by considering the
collective impact that other variables had in the model. Due to heteroscedasticity problems,
STATA program was used to calculate robust standard errors. As concerns the structure, firstly,
it was performed all univariate analyses regarding the 1% day and the 1% month. Then, for the
same time intervals, multivariate analyses were carried out. It was given more importance to
the results from multivariate analyses since it takes in consideration the effect of all variables

in the dependent variable (level of underpricing).
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B. Collection of Data Set
The source used to gather the data was Bloomberg Terminal. It encompasses fixed income
issues that Banco Carregosa participated between October 2014 and June 2018. The issues are
denominated in EUR, USD, AUD or GBP, with a minimum issue size of 130 million euros.
The sample comprises firms from the public and private sector and are segmented in 8
categories (Appendix 1). In order to conduct the analysis, it was extracted the last price for the
two time frames this analysis explores, 1% trading day and 1% trading month. The last
price represents the one at which the last trade of the day occurred in the secondary market.
Since the majority of Bloomberg sources regarding historical prices display data only from the
third trading session (on average) potential caused by lack of volume transactions and
consequently lack of intermediary entities quotation (Cai, Helwege, and Warga 2007) or by
liquidity problems as a consequence of bond’s custody maintenance in syndication (Fung and
Rudd 1986), prices from 37 sources were extracted. Note that, the first trading day is very
important to incorporate in the analysis (although leading to a substantial decrease of
observations in the sample) as Banco Carregosa has several short-term investors, also called
flippers, who immediately sell their positions upon the security starts to trade in the secondary
market. Additional elements were also collected via Bloomberg or added manually such as
Credit Rating, Pricing Date, among others (for more information about the process of gathering
the data, check Appendix 2). A sample of 937 observations was collected.
C. Calculation of Underpricing

This paper used “holding periods” returns rather than yields to analyse bonds’ mispricing.
Prices were extracted from 37 sources via Bloomberg. BVAL, BGN and TRAC were the three
primary sources adopted since they provide more preciseness (for more information, check
Appendix 3). Exchange rates were extracted to convert all non-USD securities in USD. As

returns were calculated using the normal rather the logarithmic approach, prices for the two
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time intervals were calculated by diving the last price of that day with the issue price minus 1
(for more information, check Appendix 4). To evaluate the existence of underpricing, it was
necessary to take into account possible movements from the market. In this way, excess returns
were calculated by incorporating a benchmark according to the security’s credit risk (Cali,
Helwege, and Warga 2007). For HY bonds, “Bloomberg Barclays Global High-Yield (USD
Unhedged)” was chosen; for bonds with IG rating, “Bloomberg Barclays Global Aggregate
(USD Unhedged)” was preferred (for more information, check Appendix 5).
D. CDS Index

A way to quantify the credit risk level perceived in the market, a credit default swap (CDS)
index was incorporated in the model. CDSs are derivatives instruments used to guarantee the
full payment in case the debt issuer defaults. The buyer of the swap makes periodical payments
to the swap’s seller until the termination of the contract or until the event of a payment default
by the underlying company; in the last case, the buyer receives the difference between the
bond’s par value and the bond’s value after the default (Blanco, Brennan, and Marsh 2005). It
is reasonable to assume that a CDS index is a good proxy to measure market credit quality since
upper movements in CDSs (positive returns in the index) signals investors’ perception of a
deterioration in the credit quality and lower movements indicates a reduction of credit risk
sentiment (CFA Institute. 2013). As, to my knowledge, there is not an index that tracks CDS
derivatives in a global basis, two indexes were extracted via Bloomberg Terminal, within the
time interval this paper examines: “Markit iTraxx Europe 5Y Corp” index (IHS Markit 2018)
and “Markit North American Investment Grade CDX 5Y Corp” index (IHS Markit 2016). A
new CDS index was created (named “EU/US IG CDS”), where the percentage that each index
received was inversely proportional to its quote (for a complete understanding about the
reasoning employed in the construction of the CDS index, check Appendix 6). In order to

analyse the influence of the overall credit risk perceived by the market, two analyses were
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conducted. The first analysis was proposed by (Aronsson and Tano 2016), where the authors
allocated the securities in “High” and “Low” categories according to whether the CDS level
was above or below the 80t and 20™ percentile (81.50 USD and 59.11 USD , respectively) of
the CDS index sample levels (for a better understanding, check Appendix 7). In the second
analysis, it was considered the level of the CDS index as a variable in order to analyse its impact
and statistical robustness in both individual and overall OLS regressions.
E. Sample Summary
A summary of the parameters this analysis encompasses is displayed in the following table.

Table 1 — Sample Description

Investment grade encompasses bonds rated between AAA and BBB- (S&P terminology). High yield englobes
bonds rated BB+ or below (S&P terminology). Long term category embraces bonds with maturity higher than
10 years. Short/intermediate englobes bonds with maturity lower or equal than 10 years. High and Low
categories comprise bonds with a CDS level above and below the 80" and 20" percentile, respectively.

# %

Type

Initial Bond Offer 98 10.459%

Seasoned Bond Offer 839 89.541%
Credit Risk

Investment Grade 819 87.407%

High Yield 118 12.593%
Placement

Public 756 80.683%

Private 181 19.317%
Term to Maturity

Long term 420 44.824%

Short/Intermediate Term 517 55.176%
Currency

AUD 14 1.494%

EUR 479 51.121%

GBP 34 3.629%

usD 410 43.757%
Term to Maturity

Perpetual 43 4.589%

Non-Perpetual 894 95.411%
CDS Index Level

High 188 20.064%

Normal 560 59.765%

Low 189 20.171%

Average Median

Term to Maturity (Years) 10.708 5.197
Bond Size (USD) 1121328818 800000000
Total Assets (USD) 295206133997 59340736400
Company Age (Years) 37.489 25.000
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Regarding the credit risk, 819 (87%) are IG securities versus 118 (13%) HY. Only 98
observations (10.5%) are characterized as IBO against 839 (89.5%) SBO; a reason that partially
explains this difference is the fact that from a sample of 937 bonds, only 498 companies have
issued them, leading to an average of 1.9 issues per company (for more information, check
Appendix 8). Considering the universe of SBO (839), 567 (67.58%) are bonds issued by
companies that had previously issued other debt securities less than one year relative to the
pricing date. Regarding the Bond Size, the average and median of all issues are respectively
1.12 billion and 800 million USD. Additionally, discarding perpetual bonds, which account 43
issues (4.6%), the Term to Maturity average and median are 10 and 8 years respectively. In
order to analyze this category, the issues were split in two groups: “Long Term” category which
encompasses bonds with maturity greater than 10 years (420 issues, representing 44.8% of the
sample) and “Short to Intermediate Term” which account bonds with a lifetime lower or equal
than 10 years, representing 517 bonds of the sample (55.2%). More than half of the securities,
479 (51.1%), are denominated in EUR, following 410 (43.8%) in USD, 34 (3.6%) in GPB and
14 (1.5%) in AUD. Regarding firm’s specific aspects, 756 observations (80.7%) are issues from
public companies, relative to only 181 (19.3%) issues completed from private companies. From
a universe of 937 observations, only 10 bonds (1.4%) were issued by companies that turned
public less than 1 year from the pricing date. Total Assets average is equal to 295.21 billion
USD and the median is equal to 59.34 billion USD (for a detailed explanation regarding Total
Assets values, check Appendix 9). With respect to the issuer’s age, the average and median
were 37.5 and 25 years, respectively. As concerns to market credit risk, “High” category
accounted 187 bonds (19.96%) and “Low” category accounted 188 bonds (2.06%).

IVV. Presentation of Results and Discussion

This section presents the various analyses carried out in this study. Firstly, univariate analyses

were conducted in order to examine evidences of underpricing in the sample throughout various
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factors. Thereafter, multivariate analyses were conducted through OLS regressions. In these
regressions, it was considered the logarithmic form of total assets and bond size variables with
a view to reduce the sensitiveness of outliers. In order to test the existence of Heteroscedasticity,
Breusch Pagan and Abridged White's Tests were conducted (Gujarati and Porter 2009). As all
the tests indicated heteroscedasticity at a 90% confidence level, white heteroscedasticity
consistent standard errors were considered (Appendix 10). The existence of multicollinearity
was also taken in consideration; however, through the examination of explanatory variables
correlation matrix, it was discarded (Appendix 11). As in multivariate analysis the overall
regression OLS model encompasses various variables, adjusted R-squared instead R-squared
was considered in order to measure the goodness-of-fit. Therefore, for comparisons purposes,
it was also considered the adjusted R squared for the individual regressions conducted on all

factors.
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A. Univariate Analysis - 1t Trading Day

Below is displayed a summary of the various univariate analyses regarding the 1% day.

Table 2 — 1 Day Univariate Analyses Description
Investment grade encompasses bonds rated between AAA and BBB- (S&P terminology). High yield englobes
bonds rated BB+ or below (S&P terminology). Recent debt issue analysis comprises only SBOs. Long term
category embraces bonds with maturity higher than 10 years. Short/intermediate englobes bonds with maturity
lower or equal than 10 years. Recent IPO analysis comprises only public firms. High and Low categories
comprise bonds with a CDS level above and below the 80" and 20" percentile, respectively.

Average  t-statistic  p-value F-stat. F-critical

General Analysis 0.28% 11.35 0.0000
Credit Risk

Investment Grade 0.25% 11.25 0.0000

High Yield 0.51% 4.22 0.0000

IG vs HY 0.0003 13.27 3.85
Type

Initial Bond Offer 0.54% 3.72 0.0003

Seasoned Bond Offer 0.25% 11.58 0.0000

IBO vs SBO 0.0003 13.04 3.85
Recent Debt Issue

Yes 0.22% 7.86 0.0000

No 0.30% 10.17 0.0000

Yes vs No 0.0821 3.03 3.85
Placement

Public 0.29% 10.09 0.0000

Private 0.22% 5.84 0.0000

Public vs Private 0.2235 1.48 3.85
Recent IPO

Yes 0.34% 1.26 0.2401

No 0.28% 10.33 0.0000

Yes vs No 0.7732 0.08 3.85
Term to Maturity

Long Term 0.37% 8.52 0.0000

Short/Intermediate Term 0.19% 8.36 0.0000

Long Term vs S/l Term 0.0002 14.42 3.85
CDS Index Level

High 0.35% 5.25 0.0000

Low 0.24% 6.71 0.0000

High vs Low 0.1313 2.29 3.87

Analysing the overall sample, it was found that bond issues were, on average, underpriced by
27.93 bp. Moreover, the analysis exhibited high levels of skewness and kurtosis in the sample,
8.63 and 130.14 respectively, indicating the occasional occurrence of extreme underprice
events and therefore, opportunities for investors (Appendix 12). With t-test significant at 1%

level (11.35), it was possible to empirical validate the first hypothesis that bond issues are on
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average underpriced. Next, the sample was divided in two categories, according to the
security’s credit risk. With a confidence level of 1%, the results led to an average excess return
of 24.55 bp for investment grade bonds (IG) and 51.39 bp for high yield bonds (HY).
Additionally, F-test was computed (13.27) and thus, at a significance level of 1%, HY fixed
income securities showed, on average, higher levels of underprice than 1G bonds; therefore, the
second hypothesis was verified: credit risk increases bond’s underpricing. Next, it was
examined whether security’s issuer being public or private influence the level of bond’s
mispricing. Contrary to what was expected, with a confidence level of 1%, public companies
showed an average abnormal return of 29.40 bp relative to only 21.81 bp for private firms.
However, this difference is not statistical robust at any acceptable significant level as ANOVA
p-value is equal to 0.223. Therefore, it was not found support to the hypothesis that states bond
issues from private companies are more underpriced than issues from public companies. A
possible reason for this may result due to the shortage number of issues from private companies
relative to issues from public ones, 181 (19.32%) versus 756 (80.68%). Considering only public
companies, it was analysed the influence of a recent IPO (less or equal than 1 year relative to
the bond’s issue pricing date) in the level of bond’s mispricing. As expected, recent public
companies displayed higher levels of underpricing comparing with non-recent public
companies. Issues from non- recent public companies showed an average excess return of 27.61
bp relative to 34.23 bp from recent public companies, although the last value was not
statistically robust. Moreover, with a ANOVA p-value equal to 0.773, there is not empirical
support for the hypothesis that issues from recent public companies are more underpriced than
non-recent public companies. From the descriptive analysis, only 10 issues (1.4%) are from
recent public firms and thus, the low number of observation makes statistically impossible to
prove the hypothesis with a reasonable degree of certainty. Following the analysis, the sample

was divided in two categories according to whether the security was the company’s first debt
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issue or not (IBO versus SBO). Student-T test at 1% significance level indicated that, on
average, IBO and SBO were 53.75 bp are 24.91 bp underpriced. With empirical support at 99%
confidence level (F-test equal to 13.04), it was found support to the hypothesis that on average,
IBO are more underpriced than SBO. To better explain this underpricing difference it was
divided IBO and SBO observations into sub categories according the credit risk; the results and
comments are displayed on Appendix 13. With a 10% confidence level (ANOVA p-value equal
to 0.082), it was verified that previous recent debt issues decrease the level of underpricing:
average excess returns (at 1% confidence level) for recent debt issues were 22.32 bp comparing
with 30.31 bp for non-recent debt issues. Thus, it was found support to the hypothesis recent
past bond offers decreases the level of underpricing. With respect to Maturity, at a 99%
confidence level (ANOVA F-test equal to 14.42), it was found that long term issues had average
abnormal returns of 37.32 bp, 18.56 bp higher than short/intermediate issues (18.76 bp).
Therefore, evidences point to the hypothesis stating that long term bonds tend to be more
underpriced than short bonds. Further, it was divided the sample in “High” and “Low”
categories according to the CDS index level at the security’s pricing date. Periods with high
CDS levels displayed average abnormal returns of 35.03 bp and periods with low CDS levels
showed an average abnormal return of 23.63 bp, both with 1% significance level. However, the
difference was not statistically robust since ANOVA F-tes p-value was 0.131. Despite some
evidences, only with the univariate analysis, it was not possible to empirically validate the
hypothesis suggesting that periods with high CDS levels are more underpricing than low CDS
levels. To better understand these results, “High” and “Low” categories were divided according

to bond’s credit risk. For a detail explanation, check Appendix 14.
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B. Univariate Analysis - 1t Trading Month

Below is displayed a summary of the univariate analyses regarding the 1 month.

Table 3 — 1° Month Univariate Analyses Description
Investment grade encompasses bonds rated between AAA and BBB- (S&P terminology). High yield englobes
bonds rated BB+ or below (S&P terminology). Recent debt issue analysis comprises only SBOs. Long term
category embraces bonds with maturity higher than 10 years. Short/intermediate englobes bonds with maturity
lower or equal than 10 years. Recent IPO analysis comprises only public firms. High and Low categories
comprise bonds with a CDS level above and below the 80" and 20" percentile, respectively.
Average  t-statistic  p-value F-stat. F-critical

General Analysis 0.53% 7.66 0.0000
Credit Risk

Investment Grade 0.52% 7.24 0.0000

High Yield 0.57% 2.56 0.0000

IG vs HY 0.8163 0.05 3.85
Type

Initial Bond Offer 0.46% 1.75 0.0831

Seasoned Bond Offer 0.54% 7.58 0.0000

IBO vs SBO 0.7346 0.11 3.85
Recent Debt Issue

Yes 0.43% 491 0.0000

No 0.75% 6.44 0.0000

Yes vs No 0.0351 4.45 3.85
Placement

Public 0.58% 7.39 0.0000

Private 0.32% 2.23 0.0269

Public vs Private 0.1447 2.13 3.85
Recent IPO

Yes 0.93% 1.97 0.0803

No 0.54% 6.81 0.0000

Yes vs No 0.5732 0.32 3.85
Term to Maturity

Long Term 0.74% 6.33 0.0000

Short/Intermediate Term 0.33% 4.38 0.0000

Long Term vs S/l Term 0.0031 8.80 3.85
CDS Index Level

High 0.84% 4.17 0.0000

Low 0.18% 1.47 0.1420

High vs Low 0.0059 7.68 3.87

With respect to the overall sample, for the 1% trading month, univariate analyses exhibited, at a
99% confidence level, an average abnormal return equal to 53.00 bp and therefore, the existence
of underpricing. Comparing the same value for the 1st trading day (27.93 bp), the average
abnormal return for the 1% month almost doubled. However, kurtosis and skewness decreased

substantially; skewness turned negative (-0.26) and kurtosis decreased nearly 16 times (8.23),
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suggesting investors sporadically experience extreme negative abnormal returns. Considering
the riskiness of the securities, both IG and HY bonds revealed higher average excess returns
than the 1% day: average abnormal returns for IG and HY were 52.39 bp and 57.24 bp
respectively. These values exhibited robustness at 1% confidence level. To validate the
hypothesis that higher credit risk increases bond’s underpricing in the 1% trading month,
ANOVA F-test was computed. At 10% confidence level, empirical support for the hypothesis
was found, as a p-value equal to 0.054 was obtained. With respect to issuer placement
(public/private), similar conclusions as the 1% day analysis were achieved. At 5% confidence
level, average abnormal return for private issuers was 32.36 bp and for public issuers was 57.94
bp. Statistical robustness for this difference continued not to be achieved as ANOVA F-test
displayed a value equal to 2.13 (p-value equal to 0.145). Regarding issuers that passed through
a recent IPO, identical results were found between the two time frames. Recent IPO bonds
displayed an average abnormal return equal to 92.94 bp as opposed to 54.45 bp for non-recent
IPO; however, the first value (recent IPO bonds) was only statistically robust at a 10%
confidence level (non-recent IPO was robust at 1%). Recent IPO average excess returns
revealed almost 3 times bigger in the 1st month than in the 1st day and non-recent IPO showed
almost the double abnormal average return in the 1st month relative to 1st day. Regarding only
the 1st month, the difference between recent IPO and non-recent IPO bonds continued not to
be robust, as ANOVA p-value was 0.644. Dividing the sample into IBO and SBO, interesting
results were obtained. After 1 month from the issue, IBO was no longer exhibiting higher
average abnormal returns than SBO. Average abnormal returns for IBO and SBO were 46.13
bp and 53.80 bp, at a 10% and 1% significance level, respectively. Yet, this difference did not
reveal to be statistically robust, as ANOVA F-test p-value was 0.735. Further, it was divided
IBO and SBO in credit risk sub-categories; commentaries about the results are displayed in

Appendix 15. Regarding recent debt issue, similar results were found comparing with the 1%
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day. Non-recent debt issues showed higher levels of underpricing relative to recent debt issues,
with a 5% confidence level (ANOVA F-test p-value equal to 0.035): average excess returns for
non-recent debt and recent debt issues were 75.38 bp and 43.45 bp, respectively, both at a 1%
confidence level. Next, the sample was divided according to its maturity. Both
short/intermediate-term and long-term bonds displayed higher excess returns comparing with
the same values from the 1st day: at 1% significance level, short/intermediate-term bonds
exhibited average abnormal returns equal to 32.79 bp, 14.03 bp higher than the 1% day; average
abnormal returns for long-term bonds was 73.69 bp, 36.37 bp higher than the 1 day. Moreover,
ANOVA F-test was conducted to validate the hypothesis that long term bonds are more
underpriced than shorter bonds. With p-value equal to 0.003, it was find statistical robustness
to validate that difference. With respect to market credit risk, similar to the results obtained in
the 1% day, at 1% significance level, “High” category showed average abnormal returns 65.41
bp bigger than the “Low” category, being this difference significant at a 1% level (ANOVA F-
test equal to 7.68). The average excess return for the “High” and “Low” category was 83.74 bp
and 18.33 bp, respectively. “High” and “Low” categories were further divided according to the
bond’s credit risk; comments about the results are exhibited in Appendix 16. With the results
obtained, evidences were found to support the hypothesis that increases in market credit risk

increases the level of bond’s mispricing.
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C. Multivariate Analysis - 1% Trading Day

Below is displayed a summary of the multivariate analyses conducted for the 1% day.

Table 4 — 1% Day Multivariate Analyses Description

The significance level is indicated by ***, ** * which corresponds to 1%, 5% and 10% respectively. Credit risk is equal to 1 if the bond is rated with investment grade. Public is equal to 1 if the
issuer is a public firm. Recent IPO takes the value 1 if the issuer has turned public until one year from the bond’s issue date. SBO is equal to 1 if the bond is a “seasoned” issue. Recent debt issue
takes the value 1 if the issuer has issued additional bonds until one year from the bond’s issue date. Long-term is equal to 1 if bond’s maturity is higher than 10 years. Ln-TA and Ln-BS represents
the logarithmic form of total assets and bond size. CDS is the CDS index level at the bond’s issue date.

Regression 4 5 6 7 9 11 12 13 14
Intercept .0054***  0037***  .0019*** . 0098*** 0.0030*** -.0067 -.0064 -.0059 -.0029
3.74 8.25 8.36 3.94 7.65 -0.63 -0.61 -0.54 -0.26
Invest. Grade - - - - - -0022**  -0028**  -0022**  -(0022**
-2.33 -2.23 -2.38 -2.27
Public _ _ - - - .0010 .0007 .0010* .0010*
1.64 1.41 1.67 1.67
Rec. IPO - - - - - -.0002 -.0003 -.0001 -.0001
-0.09 -0.11 -0.06 -0.05
SBO -.0029%* - - - - -.0022 - -.0024* -.0024*
-1.98 -1.61 -1.80 -1.90
Rec. Debt Iss. - -.0014*** - - - -.0003 -.0007* - -
-2.7 -0.79 -1.75
Long-Term - - .0019%** - - .0020%** .0020*%**  .0020***  0020%***
3.77 3.85 3.90 3.96 3.42
Ln-TA - - - -.0003*** - -0002*  -0002**  -0002**  -0002**
-2.93 -1.88 -2.17 -2.13 -2.12
Ln-BS - - - - - 6.9E-4 6.6E-4 6.7E-04 0006
1.23 1.19 1.18 1.12
Comp. Age - - - - -6.5E-6 -1.9E-6 -2.3E-6 -2.1E-06 -2.2E-6
-1.20 -0.36 -0.45 -0.42 -0.42
CDS - - - - - 3.8E-5**  3.9E-5** 3.8E-05** -16E-7
2.36 2.41 2.39 -0.01
Time Fix. Eff. - - - - - - - - Yes
# 937 937 937 937 937 937 937 937 937
Adj. R"2 .0127 .0074 .0141 .0053 .0000 .0425 .0382 .0432 .0430
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As adjusted R squared in regression 13 (0.0432) was higher than regression 11 (0.0425), it was
given more importance to the overall regression model that did not encompass the recent debt
issue variable (regression 13). Further in the analysis it is explained the reasoning behind this
procedure. As expected, regression 1 indicated a negative coefficient for IG bonds, at a 5%
significance level. In addition, both regressions 11 and 13 showed that this variable continued
to be statistical significant (5%) with a negative impact in the overall regression model. These
results go in the same line as the univariate analysis, indicating that in the 1% trading day, the
level of underpricing increases with bond’s credit risk. Similar to the results obtained in the
univariate analysis, both regressions 2 and 11 showed that public companies influenced
positively the level of underpricing, though the value did not reveal empirical robustness (p-
value equal to 0.109). Yet, regression 12 exhibited statistical significance to the public variable,
at a 90% significance level. These results contradict past literature that affirm greater underprice
for private companies prompted by information asymmetries. In (Aronsson and Tano 2016)
analysis, the authors also found higher levels of underpricing for public than for private
companies suggesting “Government Ownership” as a possible cause. The reasoning behind is
that government ownership decreases market risk perception and therefore, companies with a
government as shareholder are not required to underprice as much their securities as other
companies leading to a misrepresentation in the sample. It was attempted to incorporate
“Government Ownership” variable in the model, although it was not possible due to the limited
information available on private companies, which encompasses 19.32% (181 issues) of the
sample. Due to several inconsistencies in the results, it was not confirmed the hypothesis
proposing higher levels of underpricing for private companies. Regarding regression 3, the
model indicated that recent IPOs positively impact bond’s mispricing, however no empirical
robustness was found. These results are congruent with the ones obtained in the univariate

analysis. In the overall regression models (regression 11 and 13), the coefficient turned
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negative, however the value continued to be statistical insignificance. A possible reason for
these inconsistencies is believed to result from the shortage of observations: only 10 bonds
encompass this category. As a result, the hypothesis suggesting a great underprice on issues
from recent public companies was not validated. As regards regressions 4 and 5, both SBO and
recent debt issues revealed statistical robustness with a 5% and 1% significance level,
respectively. Regression 4 revealed that SBO issues have a negative impact in the level of
underpricing. These results go along with the conclusions previously obtained, since univariate
analysis revealed higher levels of underprice for IBO bonds than SBO. Regression 5 showed
that recent previous debt issues impact negatively the level of underpricing, reinforcing the
results obtained in the univariate analysis. Nonetheless, contrary to what it was expected, both
variables lose its significance when included with the other variables (regression 11). In order
to analyse the loss of statistical robustness, regressions 12 and 13 were conducted. Through
regression 12, it is possible to observe that without SBO, recent debt issues variable remains
statistical robust when included in the overall regression model (90% confidence level).
Moreover, regression 13 shows that without recent debt issues, SBO continues to be statistical
robust when incorporated with the other variables. These results suggest that recent debt issues
partially replicate the effect SBO variable brings to regression. Both SBO and recent debt issue
are dummy variables that take the value 1 when the bond is SBO and the underlying company
has recently issued bonds, respectively. SBO category considers all previous fixed income
issues and therefore, it also embraces the ones that occurred over the course of the last year
(relative to the issue date of each security), which is the subject recent debt issue variable
describes. Therefore, both recent debt issue and SBO variables loses their significance when
included in the overall model (regression 11) as the effect of recent debt issue is partially
explained by SBO variable. As adjusted R squared in regression 13 was higher than in

regression 11 and 12 (0.0432 versus 0.0425 and 0.0382), the overall OLS regression model
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considered was the one without the recent debt issues variable. Therefore, the effect of recent
debt issues was discarded in the analysis and the hypothesis suggesting that, IBO are on average
more underpriced than SBO was preserved. With a significance level of 1%, regression 6
displayed a positive coefficient suggesting that long term securities show more levels of
underpriced relative to short/intermediate bonds. Moreover, regression 11 and 13 displayed a
similar outcome, which is congruent to the ones obtained in the univariate analysis. Therefore,
it was found evidences to validate the hypothesis that long-term bonds are more underpriced
than short-term bonds. With respect to regression 7, the model revealed that higher levels of
issuer’s Total Assets decrease the level of underpricing, showing statistical robustness at 1%
significance level. Although in regression 11 and 13 the confidence level decreased from 99%
to 90% and 95%, respectively, total assets continued to reveal a negative coefficient in the
overall model and therefore, these results follow previous studies that claim a negative relation
between information asymmetries and company size. Following the analysis, regression 8
indicates that increases in bond’s bond size leads to higher levels of underpricing, however the
results do not show empirical robustness. Regression 11 and 13 showed identical results and
thus, evidences to validate previous analyses that have indicated greater levels of underpricing
as a consequence of liquidity risks were not found. Regression 9 showed that bond’s
underpricing diminishes as issuer’s age increases, however it did not reveal statistical
robustness. Moreover, regression 11 and 13 displayed similar results suggesting that there may
be better proxies to characterize the reputation of a company in fixed income markets.
Additionally, regression 10 displayed a positive coefficient, with a significance level of 10%,
indicating that, ceteris paribus, higher levels in the CDS index increases the level of bond’s
mispricing. Regression 11 and 13 showed an identical outcome, yet statistical robustness
increased from 90% to 95% confidence level. These results are in line to the ones obtained in

the univariate analysis and therefore, to the hypothesis suggesting that investors require a
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greater underprice as a result of deteriorations of macroeconomic market conditions (and vice-
versa). A further analysis was performed, where a “time fixed effect” was incorporated in the
model (regressionl4). All variables except CDS index remained robust; a commentary of the
outcome and an explanation regarding the loss of significance of the CDS index variable is
exhibited in Appendix 17-Table 1. Adjusted R squared was higher in regression 13, indicating
that the inclusion of all variables with the exception of recent debt issue leads to a greater

explanation of bonds’ mispricing.
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D. Multivariate Analysis - 15t Trading Month

Below is displayed a summary regarding the multivariate analyses conducted in the 1% month.

Table 5 — 1° Month Multivariate Analyses Description

The significance level is indicated by ***, ** * which corresponds to 1%, 5% and 10% respectively. Credit risk is equal to 1 if the bond is rated with investment grade. Public is
equal to 1 if the issuer is a public firm. Recent IPO takes the value 1 if the issuer has turned public until one year from the bond’s issue date. SBO is equal to 1 if the bond is a
“seasoned” issue. Recent debt issue takes the value 1 if the issuer has issued additional bonds until one year from the bond’s issue date. Long-term is equal to 1 if bond’s
maturity is higher than 10 years. Ln-TA and Ln-BS represents the logarithmic form of total assets and bond size. CDS is the CDS index level at the bond’s issue date.

Regression 1 2 3 4 5 6 7 8 9 10 11 12 13 14
Intercept 0057***  0032**  .0053***  0046*  .0068***  (0033*** 0.0146 -0327  .0049***  -0060* -0477**  -0480**  -0414** - (0532%**
2.57 2.24 7.53 1.76 6.1 4.38 151 -1.6 5.06 -1.67 -2.35 -2.36 -2.07 -2.65
Invest. Grade -.0005 - - - - - - - - - -.0014 -.0009 -0.0017 -.0014
-0.21 -0.53 -0.37 -0.62 -0.53
Public - .0026 - - - - - - - - 0.0013 .0015 0.0014 .0012
1.55 0.73 0.89 0.79 0.71
Rec. IPO - - .0040 - - - - - - - .0061 .0061 .0068 .0073
0.89 1.16 1.20 1.36 1.38
SBO - - - .0008 - - - - - - .0020 - .0007 .0002
0.28 0.60 0.21 0.08
Rec. Debt Iss. - - - - -.0024* - - - - - -.0026* -.0022* - -
171 -1.67 -1.48
Long-Term - - - - - 0041 %** - - - - 0040%**  0041***  0042***  (0038***
2.95 2.82 2.89 2.99 2.72
Ln-TA - - - - - - -.0004 - - - -.0007 -.0007 -.0008 -.0008
-0.96 -1.29 -1.23 -1.56 -1.59
Ln-BS - - - - - - - .0018* - - .0028** .0028** .0026** .0029**
1.86 2.25 2.27 2.10 2.36
Comp. Age - - - - - - - - 9.8E-6 - 1.7E-5 1.7E-5 1.5E-5 1.8E-5
0.58 0.89 0.91 0.79 0.97
CDS i i i i i i i ) i '0022** .0002%**  0.0002*** 0'00,92** .0002**
3.03 2.89 2.89 2.92 2.46
Time Fix. Eff. - - - - - - - - - - - - - Yes
# 937 937 937 937 937 937 937 937 937 937 937 937 937 937
Adj. R"2 -.001 .0012 -.0007 -.0009 .002 .0083 .0003 .0023 -.0008 .0116 .0249 .0254 .0233 0368
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Contrary to the 1%t day multivariate analysis and without considering the “time fixed effect”,
the model with higher adjusted R squared was regression 12 (0.0254 versus 0.0249 from
regression 11). Therefore, it was given more importance to the overall regression model that
did not embrace SBO variable. Further in the analysis it is explained the rationale behind this
procedure. Opposed to the results obtained from univariate analysis and 1% day regression
model, regressions 1, 11 and 12 indicated that credit risk is no longer statistical robust after the
1% month, however it continued displaying a negative coefficient. With respect to the regression
2, it showed that public companies continued to positively impact bonds’ mispricing, however
without statistical significance. Moreover, regression 11 and 12 showed that public companies
continued to be statistical insignificant after adding the effect of the other variables. Thus, after
1 month, the hypothesis suggesting higher levels of underpricing for private companies was
discarded. Contrary to 1% day, all regressions (3, 11 and 12) revealed that recent IPOs impact
positively bonds’ mispricing, however empirical robustness continued not to be verified. These
results are consistent with 1%t month univariate analysis and past literature. However, as this
variable revealed statistical insignificance, the hypothesis suggesting recent IPOs lead to higher
levels of bonds underpricing was not validated. With respect to SBO and recent debt issue
variables, different results were obtained relative to the 1% day multivariate analyses. Through
regression 4 and 11, it is verified that SBO is no longer statistically significant. Moreover, the
coefficient in both regressions is positive, contrary to the coefficient in the 1% day multivariate
analysis. These results are congruent with the ones obtained in the 1% month univariate analysis.
Regarding recent debt issue variable, regression 5 and 11 showed statistical robustness at a 90%
confidence level, even with the presence of SBO in the model. In order to better understand
these results, it was performed the same regressions (12 and 13) as in the 1% day. Similarly,
regression 12 showed that, once recent debt issue variable is added with the other variables

apart from SBO, empirical robustness is find (10% significance level). However, regression 13
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showed that, without recent debt issue, SBO is not statistical significant and therefore, implying
that the effect of this variable is no longer important to quantify bond’s mispricing. Moreover,
as adjusted R squared from regression 12 (0.0254) was higher than regression 11 and 13 (0.0249
and 0.0233), it was given more importance to the regression model that did not include SBO
variable. Therefore, as SBO was discarded, the hypothesis stating that IBO bonds are more
underpriced than SBO was not verified. Regarding recent debt issues, the results support
decreases in bonds’ underpricing as a result of decreases in information asymmetries due to
recent book building, following the findings from univariate analyses. Results from regression
6, 11 and 12 suggested that, after 1 month, maturity was still a determinant for bond’s
mispricing. The results displayed a positive coefficient, maintaining a significance level equal
to 1% as in the 1% day, following the conclusions from the 1% month univariate analysis.
Through regression 7, 11 and 12, it was confirmed that total assets continued to impact
negatively the level of underpricing, however, statistical robustness was no longer present.
Therefore, contrary to the 1% day, the hypothesis suggesting increases in total assets decreases
bond’s mispricing was no longer valid. Surprisingly, regression 8, 11 and 12 showed that, after
1 month, bond size variable was statistical significant with a positive coefficient, implying that,
for long time horizons, a higher bond size increases the level of bond’s underpricing. From
regression 9, 11 and 12, it was verified that age continues not to be statistical robust, in the
model. Moreover, it revealed a positive coefficient in both regressions, which was the opposite
from 1% day multivariate analysis. As this variable revealed inconsistencies, there were not
sufficient evidences to correctly conclude the effect in bond’s mispricing; hence, this variable
was discarded. Through regression 10, 11 and 12 it was verified that CDS index level continued
to positively impact bond’s mispricing, at 1% significance level. These results follow the
conclusions obtained on the 1% day multivariate analysis and both univariate analyses. With

these findings, it was possible to conclude that market credit risk is a variable that affects bond’s
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mispricing and therefore, to validate previous analyses that suggested macroeconomic
conditions as the main reason for changes on the level of bonds’ underpricing overtime. It was
also conducted an analysis where it was embraced a “time fixed effect” (regression 14). As it
was observed, all variables remained robust; for a more detail analysis, check Appendix 17-
Table 2. Similar to the 1% day, the addition of variables in the regression model led to a better
explanation of bond’s mispricing. Without considering the “time fixed effect”, the regression

with higher adjusted R squared was 12 (0.0254), which included all variables except SBO.

V. Conclusion

With this thesis, it was intended to analyze the presence of underpricing in bond offers and also
the factors that past literature indicated as determinants of bonds’ mispricing. This paper
contributes to current literature since not only gave emphasis regarding the 1% trading day after
the security’s issue date but also after the 1% trading month. As a result, it was possible to
identify the most relevant elements and characteristics investors should take in consideration
when analyzing mispricing in fixed income issues depending on the investment time horizon.
With this analysis, Banco Carregosa is able to make better appraisals regarding future bond
issues and therefore, better advise its clients according to their objectives and time horizon. As
expected, the sample revealed positive average abnormal returns of 27.93 bp and 53.00 bp, for
both 1% day and 1% month, confirming the first hypothesis that bond issues are on average
underpriced. Moreover, high levels of skewness (8.63) and kurtosis (130.14) were obtained on
the 1% trading day contrasting with the values obtained in the 1% month (-0.26 and 8.23,
respectively), suggesting that initial periods are more volatile and speculative. Regarding the 2™
hypothesis, credit risk revealed to be more determinant in the bond’s mispricing for shorter than
longer time periods: 1% day showed statistical robustness for both univariate and multivariate
analyses, however, 1% month, multivariate analysis did not display statistical robustness.

Regarding firm’s placement, univariate analyses for both time frames revealed higher average
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abnormal returns for public companies compared to private firms, however statistical
robustness was not found to validate that difference. Additionally, multivariate analyses
exhibited positive coefficient, showing statistical significance only in the overall regression
model of the 1% day. Due to the statistical insignificances and results being contradictory with
previous literature, the hypothesis was discarded for both time frames. One possible reason for
these results may be related to the assumption made in this thesis on assigning public private
subsidiaries from public companies, however it is believed this procedure led to a greater
distinction among companies in the sample. Regarding issuers that passed through a recent IPO,
both 1% day and 1% month univariate analyses revealed higher abnormal returns relative to non-
recent IPO firms, although statistical robustness was not verified. Moreover, both multivariate
analyses continued to show statistical insignificances and therefore, the hypothesis suggesting
recent IPO companies displayed higher levels of underprice was rejected for both time frames.
Regarding the bond’s “nature”, interesting results emerged. Both 1% day univariate and
multivariate analyses supported the hypothesis suggesting that IBO issues are on average more
underpriced than SBO. Contrary, 1% month univariate and multivariate analyses revealed higher
levels of underpricing for SBOs than IBOs, however in default of statistical significance.
Moreover, the overall 1 month OLS regression model discarded SBO, implying that this
distinction is no longer determinant for extended periods to quantify bond’s mispricing.
Therefore, short-term investors (flippers) should take more in consideration the “nature” of the
bond than longer-term investors. With respect to recent debt issues, univariate analyses from
both time frames showed higher levels of underpricing for non- recent debt issues. Regarding
multivariate analyses, the overall OLS regression model in the 1% day did not encompass recent
debt issues. Yet, OLS regression model for 1 month included recent debt issues (with 10%
significance level). As a result, recent debt issues variable was only verified for longer term

periods and therefore, long term investors should focus more their attention in this factor than
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short term investors. Regarding bond’s maturity, both univariate and multivariate analyses
revealed higher abnormal returns for long term securities regarding short/intermediate bonds.
As follows, for both time frames, it was found support concerning maturity as a determinant
for bond’s mispricing and thus, the hypothesis suggesting that higher maturity increases bond’s
underpricing was validated. Concerning total assets variable, only the 1% day period revealed
empirical robustness (with a minimum confidence level equal to 90%). 1% day outcome is
consistent with the hypothesis that bigger companies have less information problems and
therefore, show lower levels of underpricing. As 1% month multivariate analysis did not reveal
statistical robustness, it was possible to conclude that firm’s size, as a factor of bond’s
mispricing, loses its magnitude as the time interval increases. Regarding bond’s size,
multivariate analyses revealed that for short periods (1% trading day), the amount issued by the
company is not a determinant for the level of underpricing as statistical robustness was not
verified. However, for longer periods (1% trading month), bond’s size turned statistically robust
with a minimum significance level equal to 5% and thus, the hypothesis suggesting higher
levels of underpricing with increases in bond’s size was verified. This indicates that bonds
mispricing is more subject to liquidity problems in the longer term, which makes sense since in
the short-term, investors are not very concerned as their objective is to immediately sell the
security upon the start to trade in the secondary market. Regarding the age variable, neither 1%
day nor 1% month regressions revealed statistical robustness. Moreover, 1% day multivariate
analysis revealed a positive coefficient; yet, multivariate analysis for the 1% month revealed a
negative coefficient, showing inconsistencies. Therefore, the hypothesis proposing decreases
in bond’s underpricing with increases in issuer reputation was discarded. CDS index level
revealed results consistent with the hypothesis proposing increases in bond’s underpricing as a
result of decreases in the market credit quality and vice-versa as both univariate and

multivariate analyses for both time frames revealed statistical robustness. Also considering the
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“time fixed effect” (Appendix 17), in general, these results support previous analysis that
attributed macroeconomic reasons as the main responsible for the variation of the underpricing
overtime. From the results above mentioned, it is possible to conclude that, to a great extent,
for very short-term periods (1% day), underpricing is affected by bond’s specific aspects,
issuer’s characteristics and macroeconomic conditions. The level of underpricing is determined
essentially by credit risk factors derived by the distinction between IG/HY rating and IBO/SBO
and macroeconomic environment characterized by the level of market credit risk. Additionally,
liquidity aspects represented by the security’s maturity and information asymmetries as a
consequence of firm’s size (represented by total assets variable) also partially affect the level
of underpricing. Regarding longer-term periods (1% month), certain factors that influence short-
term bond mispricing lose their magnitude. For the most part, underpricing is more related with
bond’s characteristics and macroeconomic conditions and less associated with issuer’s aspects.
Credit risk factors represented by IG/HY and IBO/SBO are no longer a major determinant on
the level of bond’s underpricing. Information asymmetries continue to partially influence
bond’s mispricing, however, supported by recent debt issues and less by firm’s total assets.
Liquidity assumes a significant role derived by security’s term to maturity and bond’s size.
Macroeconomic conditions as a result of market credit quality continue to have the same
magnitude as on the 1% day. Therefore, investors should address more importance to certain
factors than others according to their investment time horizon when analyzing the level of

underpricing on issues in the fixed income markets.
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VII.

Appendices

Appendix 1

The sample encompasses companies from 64 different sectors which were compiled in 8

categories:

Basic Materials & Energy: The Basic Materials economic sector encompasses
companies engaged in the extraction and primary refinement of chemicals, metals, non-
metallic and construction materials; forest, wood and paper products; and containers
and packaging products (The NY Times 2018a). The Energy economic sector consists
of companies engaged in the exploration, extraction and refining of coal, oil and natural

gas (The NY Times 2018c).

Sectors: Refining & Marketing, Metals & Mining, Oil & Gas Services & Equipment,

Integrated Oils, Pipeline, Chemicals, Exploration & Production.

Consumer Cyclicals: The Consumer Cyclical embraces companies from several
industries as automobiles, homebuilding, household goods, textiles and apparel, as well
as hotel, casino, leisure, media and retail operations and services (The NY Times

2018b).

Sectors: Real Estate, Homebuilders, Internet Media, Entertainment Resources,

Entertainment Content, Home Improvement, Apparel & Textile Products, Restaurants,

Casinos & Gaming, Travel & Lodging, Airlines, Retail - Consumer Discretionary,
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Publishing & Broadcasting, Consumer Products, Consumer Services, Department

Stores.

Consumer Non-Cyclicals: The Non-Cyclical Consumer Goods and Services economic
sector consists of companies engaged in fishing and farming operations; the processing
and production of food, beverages and tobacco; manufacturers of household and

personal products; and providers of personal services (The NY Times 2018g).

Sectors: Food & Beverage, Mass Merchants, Tobacco, Supermarkets & Pharmacies.

Financial: The Financials economic sector consists of companies engaged in the
operation of retail and commercial banks, insurance companies, real estate operations,

investment trusts and other financial service providers (The NY Times 2018d).

Sectors: Financial Services, Diversified Banks, Government Development Banks,
Banks, Life Insurance, Property & Casualty Insurance, Commercial Finance,

Consumer Finance.

Healthcare: The Healthcare economic sector consists of companies engaged in

manufacturing medical equipment, supplies and pharmaceuticals, as well as operating

healthcare facilities and provision of managed healthcare (The NY Times 2018e).

Sectors: Pharmaceuticals, Health Care Facilities & Services, Medical Equipment &

Devices Manufacturing, Managed Care.
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Industrials: The Industrials economic sector consists of companies involved in
providing industrial and commercial supplies and services, diversified trading,

distribution operations and transportation services (The NY Times 2018f).

Sectors: Automobiles Manufacturing, Machinery Manufacturing, Forest & Paper
Products Manufacturing, Design, Manufacturing & Distribution, Home & Office
Products Manufacturing, Construction Materials Manufacturing, Auto Parts
Manufacturing, Industrial Other, Transportation & Logistics, Distributors - Consumer
Discretionary, Electrical Equipment Manufacturing, Manufactured Goods, Containers

& Packaging, Waste & Environment Services & Equipment, Railroad.

Technology, Aerospace & Defence: The Technology economic sector consists of
companies engaged in manufacturing semiconductors, communications equipment,
computer hardware and technology-related office equipment, as well as providers of
consulting and IT services (The NY Times 2018h). The Aerospace includes companies
engaged in research, development or production of products space related. The Defence
economic sector includes companies involved in research, development, production,

and service of military equipment and facilities.

Sectors: Semiconductors, Hardware, Biotechnology, Software & Services, Aerospace

& Defence.

Telecommunications & Utilities: The Telecommunications economic sector consists

of companies engaged in fixed-line and wireless telecommunication networks for voice,

data and high-density data (The NY Times 2018i). The Utilities economic sector
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consists of companies engaged in producing and delivering electric power, natural gas,

water and other utility services, such as steam and cooled air (The NY Times 2018j).

Sectors: Wireline Telecommunications Services, Communications Equipment, Power

Generation, Utilities, Wireless Telecommunications Services.
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Appendix 2

This appendix explains in a greater detail, the process of gathering the data necessary to perform
the various analyses this thesis executed.

The sample embraced fixed income issues that Banco Carregosa participated between
November 2014 and June 2018 denominated in EUR, USD, AUD or GBP, with a minimum
issue size of 130 million euros from both public and private firms. An initial sample of 2149
observations was obtained. Prices from 37 sources were extracted: BVAL, BGN, TRAC,
MUSI, CBBT, BMRK, CBBA, DAIW, SMRD, HVBT, FFIN, NOMC, NOMX, SBEM, GTJN,
BADT, CMIS, DBSG, BCMP, MSDX, JMET, BXCA, SBNY, SCXL, AGRL, MZDM, BVLN,
BTV5, FTID, CSEM, JMET, BMRK, SBNY, SCXL, AGRL and MZDM. Priority was given
to the 3 first sources, BVAL, BGN, TRAC, as they ensure more accurateness and consistency
in the pricing of fixed income securities. Therefore, an average between these sources (if
available) was computed; in the absence of pricing from these sources, an average of the
remaining sources (if available) was computed. Following this, 547 observations were deleted
as prices from the sources were not available. With respect to the credit rating, it was extracted
the credit rating from 3 credit entities on the pricing date, giving priority in the following order:
S&P, Moody’s and Fitch. In the case that S&P rate was not available, the next credit agency
was considered. For observations without any credit valuation from these agencies, the time
interval was increased up to 2 years from the issue date. Otherwise, the security was removed
from the sample. (Aronsson and Tano 2016) states that although credit risk rating may be
different from the pricing date, changes from high yield to investment grade (and vice-versa)
are uncommon. A sample of 937 observations was obtained. Other elements were also
collected: Issuer name, Industry of the Issuer, Pricing and Maturity Date, IPO Date, Term to
Maturity, Company’s Foundation Date, Currency, Issue and Reoffer Price, Total Assets, Bond

size, Company’s Placement (public vs private). Further, Bond size and Total Assets were
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converted to USD: Bond size was converted using the exchange rate from the pricing date;
Total Assets was converted by using the exchange rate of the date equal to the closest quarterly
earnings/annual report relative to the pricing date. Regarding the Company’s Placement, it was
classified public to private subsidiaries of public firms; it is reasonable to assume that investors’
risk perception of a subsidiary from a well-known public company is lower than from a private
unpopular firm. Moreover, when information about Total Assets was not available from a
specific company, it was assumed Total Assets from the holding company. Additional data was
added manually: Term to Maturity, Type of Issue (IBO vs SBO), Recent IPO, Recent Bond
Issue. From an initial sample of 2149 observations, only 937 (44%) remained in the sample
after gathering all the necessary elements to the analysis. Shortage on gathering data is a
limitation also found in previous content related studies; (Aronsson and Tano 2016) states there
are more limitations on gathering fixed income than equity data; in their research paper, more

than half of their sample was removed due to lack of information.
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Appendix 3

This appendix describes the three main sources used to gather the prices from the securities and
the process employed to calculate the last price for each security.

Prices from 37 different sources were extracted: BVAL, BGN, TRAC, MUSI, CBBT, BMRK,
CBBA, DAIW, SMRD, HVBT, FFIN, NOMC, NOMX, SBEM, GTJN, BADT, CMIS, DBSG,
BCMP, MSDX, JMET, BXCA, SBNY, SCXL, AGRL, MZDM, BVLN, BTVS, FTID, CSEM,
JMET, BMRK, SBNY, SCXL, AGRL and MZDM. Priority was given to the 3 first sources,
BVAL, BGN, TRAC, as they ensure more accurateness and consistency in the pricing of fixed

income securities.

e BVAL provides pricing and data for more than 2.5 million securities and loans,

considering quotes from several exchange and brokers.

e BGN is a real-time composite that quotes executable consensus prices from various

participants of the market.

e TRAC reports OTC secondary market transactions in eligible fixed income securities.
If prices from these sources were available, a weighted average with those sources was
conducted; otherwise, the same procedure was applied with the remain sources. For each
security, it was required pricing data for the two different time intervals comprised in the

analyses; otherwise the security was removed from the sample.
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Appendix 4

This appendix describes more in-depth how returns from the 1% day and the 1% month were
computed.

In order to calculate the returns, it was necessary to suppress the forex effect as the sample
comprised securities denominated in different currencies. Exchange rates were extracted and
all prices regarding the 1% trading day and the 1% trading month were converted to USD with
the respective exchange rate of that day. Prices for the two time intervals were calculated by
diving the last price of that day with the issue price minus 1. Hence, two formulas were used,
depending whether the security was denominated in USD or not:

1) USD denominated: Re+n = ( Pt+n/ Pt)-1

2) Non USD denominated: Ri+n = ( Pun*ERt+n / Pt *ERY)-1

Note: Ren is the return adjusted to currency “n” day(s) after the pricing date, Pt is the issue
price, Pun is the price “n” day(s) after the pricing date, ER: is the exchange rate on the pricing

date and ERwn is the exchange rate “n” day(s) after the pricing date.
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Appendix 5

This appendix explains in more detail the process used to incorporate a benchmark in order to
calculate bonds’ abnormal/excess returns.

Various methods to calculate a benchmark were used in previous studies: (Weinstein 1978)
calculated excess return by subtracting the bond’s return with the mean of others similar credit
risk bond returns in the sample; (Fung and Rudd 1986) calculated a benchmark by including
similar bonds and government securities. The method used in this thesis follows more recent
researches where bond indexes are assigned according to the credit risk: (Cai, Helwege, and
Warga 2007) used Lehman Brothers Investment Grade (IG) Corporate Index and Lehman
Brother High Yield (SG) Index); (Aronsson and Tano 2016) used Bank of America Merrill
Lynch Fixed Income Indexes that are also divided by credit risk. Regarding this paper, for high
yield bonds, “Bloomberg Barclays Global High-Yield (USD Unhedged)” was chosen; for
bonds with investment grade rating, “Bloomberg Barclays Global Aggregate (USD
Unhedged)” was preferred. “Bloomberg Barclays Global High-Yield (USD Unhedged)” is a
global high yield debt index that encompasses US, European and Emerging Markets non-
investment grade, fixed-rate corporate bonds (BlackRock 2017); Bloomberg Barclays Global
Aggregate (USD Unhedged) is a global investment grade debt index that embraces treasury,
government-related, corporate and securitized fixed-rate bonds from both developed and
emerging markets (BlackRock 2017). Note that, both indexes are quoted in USD dollars. A
limitation of the model is the fact investment grade bond’s benchmark includes government
securities. Another limitation is related to the fact that the indexes used include fixed income
securities from Emerging Market which goes beyond the markets Banco Carregosa operates;
those markets face macroeconomic effects that may distort the analyses. Notwithstanding, those
indexes remained as benchmarks as, to my knowledge, no other indexes were able to better

reflect all characteristics of the sample.
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Thus, to calculate excess returns, the following formula was used:

3) ARtn= Rtsn— [ (BENCHt+n/ BENCH: ) -1 ]

Note: ARt is the abnormal/excess return “n” day(s) after the pricing date, Re+n IS the return

adjusted to currency “n” day(s) after the pricing date, BENCH: is the benchmark price on the

pricing date of the security and BENCHyi+n is the benchmark price “n” day(s) after the pricing

date.
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Appendix 6

This appendix explains in detail the process and rational behind the construction of the CDS
index “EU/US 1G CDS”.

In order to create a variable that was able to quantify the overall credit risk perceived by the
market, firstly, two indexes were extracted via Bloomberg Terminal, within the time interval
this paper examines: “Markit iTraxx Europe 5Y Corp Index” (IHS Markit 2018) and “Markit
North American Investment Grade CDX 5Y Corp Index” (IHS Markit 2016). Both indexes
track bond spreads rather than prices. Thus, when market credit risk increases, an index tracking
spread tends to increase and vice versa. Both indexes are re-weighted every six months and
each include 125 European and North American investment grade credit rating entities that
trade in the CDS market. Note that, a third and fourth index could have been included in the
analysis, “Markit CDX North America High Yield” and “Markit iTraxx Crossover”, in order
to include high yield companies from North American and European markets. Nonetheless,
“Markit CDX North America High Yield” is an index that tracks bond prices rather than spreads
and therefore, in the event of credit quality deterioration, indexes tracking prices tend to fall
and vice-versa. Hence it was not included. Moreover, as the American High Yield index was
not included, the European was also discarded. As “Markit iTraxx Europe” is an index
denominated in EUR, quotes were converted to USD. A new CDS index was created, where
equal importance was assigned to both indexes extracted. The index created was named with
the following name, “EU/US IG CDS”. The percentage that each index received was inversely
proportional to its quote; therefore, the index with a higher quotation received a lower weight.

The index quotation was re-weighted every day. Thus, the following formula was used:

4) US/EU_IG_CDS:= [NA_IG_CDX#/(NA_IG_CDX:t+ EU_IG_ITRX)]* EU_IG_ITRX:

+ [EU_IG_ITRX:/ (NA_IG_CDX:+ EU_IG_ITRX0)]* NA_IG_CDX

54



Note: “US/EU_IG_CDSy¢” is the quote of “EU/US 1G CDS” index at time “t”, “NA_1G_CDXy”
is the quote of “Markit North American Investment Grade CDX” index at time “t” and
“EU_IG_ITRX:” is the quote of “Markit iTraxx Europe” index (already denominated in USD)

at time “t”.

By including a CDS index it was intended to analyze the consequences of the market perception
of credit quality in the security’s mispricing. As it was encompassed several CDSs in the index,
any unsystematic risk that could appear was annulled (Aronsson and Tano 2016). A different
approach to measure investors credit risk level could be the use of individual CDSs, in which
the underlying was the securities encompassed in this thesis. However, the main goal was to
include a more generic, broad macroeconomic variable, able to represent the overall feeling of
the fixed income market default risk and not solely the risk of specific securities. Moreover, as
the sample encompasses certain unknown private companies, it was not possible to gather CDS
quotes for all observations as several derivatives are not tradable in the open market or simply
do not exist.

There are also some limitations as the exclusion of CDS indexes tracking high yield fixed
income securities. It was preferable not to combine indexes tracking CDS and bond quotes as
changes in the market credit risk perception originate opposite movements on those indexes.
Another limitation is the non-inclusion of other markets (besides the European and the
American) in the “EU/US IG CDS” index. Nonetheless, Banco Carregosa mostly deals with
issues denominates in USD, EUR and GBP. Thus, not encompassing other markets will not
biased the analysis since the number of observation is minimal: only 1.49% of the observations

are denominated in AUD.
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Appendix 7

The following graph shows the performance of “EU/US IG CDS” index between January 2014
and July 2018.

Appendix 7, Graph 1 — EU/US IG CDS Index
This graph represents the CDS level of European and North American investment grade
bonds. The two dot lines denote the 80™" and 20" percentile of the sample.
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The first analysis conducted to examine the influence of market credit risk in bonds’ mispricing
was proposed by (Aronsson and Tano 2016), where the authors defined “High CDS” and “Low
CDS” levels with the 80" and 20t percentiles of the sample’s CDS index levels. Therefore,
securities with a CDS level above the 80™ percentile were allocated in the “High” category and
consequently, bonds with a CDS level below the 20" percentile would be assigned in the “Low”
category. The reasoning behind this analysis was due to the fact that levels above the 80t
percentile were considered to be in periods where the credit risk perceived by the market was
high and therefore, investors were willing to pay a higher premium for default protection.
Consequently, in low CDS index levels, investor’s perception of the overall credit risk was low
and therefore the market willingness for default protection was lower. The 80" and 20%"
percentile were equal to 81.50 USD and 59.11 USD. The average and the median of the index

were 70.67 USD and 67.22 USD, respectively. Kurtosis displayed a value equal to 2.24
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revealing the occasional (however, not likely) occurrence of extreme events; with a positive
skewness equal to 1.28, these events are more probable to be sharp increases rather than
decreases in the index.

As it is possible to observe, “EU/US IG CDS” index varied significantly throughout the time
range this analysis embraces. From January 2014 until the start of 2015, the index exhibited a
small down trend, though with significant fluctuations across time. Some reasons for these
variations were related to the annexation of Crimea by Russia, ascension of the Islamic State in
several middle east countries, Eurozone economic slowdown, decreases on oil prices and fears
of Ebola virus to spread worldwide. From 2015, the index started to exhibit an uptrend, reaching
its peak at the beginning of 2016, with a level equal to 132.92. This period was characterized
by a general pessimism concerning China’s economic slowdown that triggered a global sell off
in equity markets and led to renminbi devaluation, European Refugee crisis, the continued rise
of Islamic State and further intervention of Russia in Syria, Greek elections and the continued
tumble of oil prices, with Brent reaching 27$ /barrel. At the middle of 2016, there was another
peak due to Brexit announcement. Thereafter, the index started a downtrend reaching its lowest
value at the beginning of 2018, 48.75, in a period characterized by very low levels of market
volatility. Some of the major events that moved the markets were related with North Korea
tensions with US and its regional allies and US tax reform. From 2018 onwards, volatility
returned to the markets and an uptrend surged. Among the determinants for this surge were
economic reasons such as the rise of interest rates in US and geopolitical/protectionism tensions
such as trade war between US and China, Nafta replacement deal and US withdraw from the

Iran nuclear agreement.
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Appendix 8

The following table displays the number of companies the sample encompasses, the average

bond issues per company plus several sub-categories relative to credit risk, type of bond and

company’s placement.

Appendix 8, Table 1 — Sub-Categories Description

# %
Number of companies 498
Average issues per company 1.88
Credit Risk
Investment Grade 400 80.32%
High Yield 98 19.68%
IBO/SBO
IBO 85 17.07%
SBO 413 82.93%
Placement
Public 377 75.70%
Private 121 24.30%
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Appendix 9

The 1% table displays the sample distribution divided per segments. The 2" table shows the

average and median of Total Assets of the overall sample and the same category divided by

industry segments. Commentaries about the outcomes are displayed below each table.

Appendix 9, Table 1 — Industry Description

# %
Industry
Basic Materials & Energy 89 9.50%
Cons. Non-Cyclicals 55 5.87%
Consumer Cyclicals 101 10.78%
Financial 359 38.31%
Healthcare 40 4.27%
Industrials 144 15.37%
Technology, Aerospace & Defence 37 3.95%
Telecommunications & Utilities 112 11.95%

Through table 1, it is possible to observe that, as concerns industry segmentation, the top 3
categories represented in the sample are “Financial” (38.31%), “Industrials” (15.37%) and

“Telecommunications & Ultilities” (11.95%).

Appendix 9, Table 2 — Total Assets per Segment

Average Median
Total Assets (million
USD) 295206 59341
Total Assets/Industry (million USD)
Basic Materials & 59561 24991
Energy
Cons. Non-Cyclicals 88092 72688
Consumer Cyclicals 26799 16522
Financial 645018 365880
Healthcare 74610 66697
Industrials 116747 32179
Technology, Aerospace & 64612 40641
Defence
Te!e_c_ommunlcatlons & 89350 34977
Utilities
Comparison Financial/Industrial 5.52x 11.37x
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A reason for such high values in the overall Total Assets category is the fact that the industry
segment most represented in the sample is “Financial”, with an average of Total Assets equal
to 645.02 billion USD and a median equal to 365.88 billion USD, 5.52 and 11.37 times
(respectively) higher than “Industrials”, the second most represented industry segment in the
sample. The “Financial” sector includes several well-stablished, multinational banks that are
often, highly leveraged and therefore, have enormous book values (Berg and Gider 2017);

moreover, this is a sector that several times, stocks are priced below its book value.
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Appendix 10

Further down, are exhibited the “Breusch Pagan” and “Abridged White's” Tests that were

performed in order to analyse the existence of heteroscedasticity both in 1% day and 1% month

OLS models.

e 1%t Day - “Breusch Pagan” Test

SUMMARY OUTPUT (Y = Residuals"2; X=all X variables of the model)

App. 10, Table 1 - Regression Stat.

Multiple R 0.1374
R Square 0.0189
Adjusted R Square 0.0083
Standard Error 0.0006
Observations 937

Appendix 10, Table 2 - ANOVA

df SS MS F P-value
Regression 10 0.0000 0.0000 1.7807 0.0600
Residual 926 0.0003 0.0000
Total 936 0.0003
Appendix 10, Table 3 — Regression Description (ANOVA)

Coefficients  Standard Error t Stat P-value -
Intercept -0.00082 0.00063 -1.31493 0.18886 -
Invest. Grade -0.00011 0.00007 -1.58653 0.11296 -
Public 0.00006 0.00005 1.15029 0.25032 -
Rec. IPO -0.00004 0.00020 -0.19178 0.84795 -
SBO -0.00017 0.00008 -2.17809 0.02965 -
Rec. Debt Iss. 0.00003 0.00005 0.69985 0.48420 -
Long-Term 0.00007 0.00004 1.79062 0.07368 -
Ln-TA -0.00001 0.00001 -0.51900 0.60388 -
Ln-BS 0.00005 0.00003 1.60184 0.10953 -
Comp. Age 0.00000 0.00000 -0.95790 0.33836 -
CDS 0.00000 0.00000 0.73945 0.45982 -
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o 1t Day - “Abridged White's” Test

SUMMARY OUTPUT (X = Predicted Y & Predicted Y”2; Y = Residuals"2)

App. 10, Table 4 - Regression Stat.

Multiple R 0.1915
R Square 0.0367
Adjusted R Square 0.0346
Standard Error 0.0006
Observations 937

Appendix 10, Table 5 - ANOVA

df SS MS F P-value
Regression 2 0.0000 0.0000 17.7695 0.0000
Residual 934 0.0003 0.0000
Total 936 0.0003

Appendix 10, Table 6 — Regression Description (ANOVA)

Coefficients  Standard Error t Stat P-value -
Intercept 0.00008 0.00005 1.67111 0.09503 -
Predicted Y -0.09397 0.03185 -2.95030 0.00325 -
Predicted Y*2 21.72823 4.73919 4.58480 0.00001 -
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e 1t Month - “Breusch Pagan” Test

SUMMARY OUTPUT (Y = Residuals"2; X=all X variables of the model)

App. 10, Table 7 - Regression Stat.

Multiple R 0.1881
R Square 0.0354
Adjusted R Square 0.0250
Standard Error 0.0014
Observations 937

Appendix 10, Table 8 - ANOVA

df SS MS F P-value
Regression 10 0.0001 0.0000 3.3955 0.0002
Residual 926 0.0019 0.0000
Total 936 0.0019
Appendix 10, Table 9 — Regression Description (ANOVA)

Coefficients  Standard Error t Stat P-value -
Intercept -0.00015 0.00148 -0.10257 0.91833 -
Invest. Grade -0.00021 0.00016 -1.33500 0.18220 -
Public 0.00000 0.00012 0.00919 0.99267 -
Rec. IPO -0.00012 0.00046 -0.26578 0.79047 -
SBO -0.00037 0.00018 -1.98984 0.04690 -
Rec. Debt Iss. 0.00012 0.00011 1.11591 0.26475 -
Long-Term 0.00040 0.00009 419711 0.00003 -
Ln-TA 0.00002 0.00003 0.73418 0.46303 -
Ln-BS -0.00002 0.00008 -0.25074 0.80207 -
Comp. Age 0.00000 0.00000 -0.75558 0.45009 -
CDS 0.00001 0.00000 3.46846 0.00055 -
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e 1t Month — “Abridged White's” Test

SUMMARY OUTPUT (X = Predicted Y & Predicted Y”2; Y = Residuals"2)

App. 10, Table 9 -

Regression Stat.

Multiple R 0.1173
R Square 0.0138
Adjusted R Square 0.0116
Standard Error 0.0014
Observations 937
Appendix 10, Table 10 - ANOVA
df SS MS F P-value
Regression 2 0.0000 0.0000 6.5142 0.0016
Residual 934 0.0019 0.0000
Total 936 0.0019
Appendix 10, Table 11 — Regression Description (ANOVA)

Coefficients  Standard Error t Stat P-value -
Intercept 0.00025 0.00009 2.86249 0.00430 -
Predicted Y 0.01852 0.02833 0.65354 0.51357 -
Predicted Y2 1.96999 2.24774 0.87643 0.38102 -
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Appendix 11

Below, it is displayed the correlation matrix of all explanatory variables embraced in the OLS

regression model.

Appendix 11, Table 1 — Correlation Matrix

IG  Pub. R.IPO SBO R.DI LT Ln-TA Ln-BS C.Age CDS
Invest. Grade | 1.00 - - - - - - - - -
Public 0.09 1.00 - - - - - - - -
Rec. IPO -0.15 0.05 1.00 - - - - - - -
SBO 042 022 -0.07 1.00 - - - - - -
Rec. Debt Iss. | 0.27  0.07 -0.11 042 1.00 - - - - -
Long-Term 0.08 0.06 -0.04 0.07 -0.05 1.00 - - - -
Ln-TA 025 0.15 -0.04 031 038 -0.01 1.00 - - -
Ln-BS 022 0.03 -0.08 022 0.27 0.05 0.45 1.00 - -
Comp. Age 0.09 0.01 -0.08 011 0.14 0.01 0.16 0.04 1.00 -

CDS 0.09 0.22 -0.08 0.06 0.03 -0.06 0.06 0.12 0.03 1.00

Appendix 12
Appendix 12, Table 1 — Overall Sample 1% Day Univariate Analysis Description
Average Median Skew  Kurt Max Min  t-stat. p-value
Overall Sample 0.28%  017% 863 13014 13.28% -1.34% 11.35  0.0000
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Appendix 13

Below is displayed sub-categories of IBO and SBO issues according to the bond’s credit risk.
Additionally, is presented the results of ANOVA single factor test for IBO - High Yield versus
SBO - Investment Grade 1% day univariate analysis, the two sub-categories with more presence

inthe in IBO and SBO samples. Below the tables, interpretations about the results are displayed.

Appendix 13, Table 1 — Distribution Description

# %
IBO 98
Investment Grade (IG) 46 46.94%
High Yield (HY) 52 53.06%
SBO 839
Investment Grade (IG) 773 92.13%
High Yield (HY) 66 7.87%

Appendix 13, Table 2 — Credit Risk IBO/SBO Sub-categories 1% Day Univariate Analyses

Average Median Max Min t-stat  p-value F-stat.
IBO
IG 0.23% 0.15% 1.09% -0.55% 29.51 0.000
HY 0.81% 0.31% 13.28% -0.22% 22.23 0.000
IBO-1G vs IBO-HY 0.042 4.24
SBO
1G 0.28% 0.18% 10.28% -1.34% 175.16 0.000
HY 0.31% 0.30% 1.36% -0.57% 22.97 0.000
SBO-IG vs SBO-HY 0.802 0.06
Appendix 13, Table 3 — ANOVA-Single Factor 1% Day (IBO-HY vs SBO-1G)
Average Median Max Min t-stat  p-value F-stat.
IBO- HY vs SBO IG 0.0001 15.7251

To better explain the underpricing difference between IBO and SBO, it was divided these
categories into sub groups according the security’s credit risk. Considering the table on
Appendix 13-Table 1, 92.13% of SBO issues are investment grade bonds comparing with
46.9% in IBO bonds. Focusing on the credit risk sub category most present in SBO and IBO

samples (IBO HY 52 (53.06%) and SBO 1G 773 (92.13%)), average abnormal returns, at a 1%
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confidence level, for IBO HY were 81.25 bp comparing with 27.62 bp from SBO IG (Appendix
13 - Table 2). With ANOVA p-value approximately equal to zero (Appendix 13 - Table 3), this
difference is empirically robust, and therefore, explaining the difference found in bond’s

underpricing between SBO and 1BO.
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Appendix 14

The following tables displays the number of investment grade (IG) and high yield (HY) bonds
that “High” and “Low” CDS categories encompass. Moreover, it displays a summary of
univariate analyses regarding these sub-groups for the 1% day and an extensive explanation

about the results.

Appendix 14, Table 1 — High and Low CDS Sub-Categories Distribution

# %
High 188
€] 175 93.09%
HY 13 6.91%
Low 189
[€] 154 81.48%
HY 35 18.52%

Appendix 14, Table 2 — Credit Risk High and Low Sub-categories 1% Day Univariate Analysis
Investment grade encompasses bonds rated between AAA and BBB- (S&P terminology). High yield englobes
bonds rated BB+ or below (S&P terminology).

Average t-statistic  p-value F-stat. F-critical

High

IG 0.35% 4.97 0.0000

HY 0.31% 2.47 0.0297

High-1G vs High-HY 0.8681 0.03 3.89
Low

IG 0.19% 6.13 0.0000

HY 0.45% 3.45 0.0015

Low-1G vs Low-HY 0.0040 8.48 3.89

To better understand the results from “High” and “Low” categories, these groups were further
divided according to the bond’s credit risk: from the 188 issues within the “High” category,
175 (93.09%) are IG bonds against 13 HY issues (6.91%). Regarding the “Low” category, 154
(81.48%) are 1G and 35 (18.52%) are HY. As it was expected, investment grade bonds were
the most represented credit risk class in both “High” and “Low” categories as 87.41% of the
overall sample is constituted by IG bonds. However, one curious aspect is the fact that the
number of HY observations more than doubles from “High” category to “Low” category (13

issues in “High HY” to 35 issues in “Low HY?”), implying that riskier companies issue more in
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“Low” credit risk periods. Contrary to what was expected, “High - IG” subsample revealed
bigger abnormal returns than “High - HY”, 35.33 bp versus 30.95 bp at 5% significance level,
however this difference was not statistical robust (ANOVA F-test p-value equal to 0.868).
“Low IG” showed average abnormal returns lower than “Low HY”, 18.83 bp against 44.75 bp;
ANOVA F-test was conducted, confirming statistical robustness at 1% significance level (p-
value equal to 0.004). This suggest that issues from riskier companies are less underprice than
more established, steady companies in periods with high levels of credit risk and therefore, in
low periods, riskier companies underprice more their issues. All these results go in accordance
to what (Ibbotson and Jaffe 1975; Ritter 1984; Lerner 1994) found in their analyses; the authors
suggested “Hot” markets (“Low” category) as periods characterized by a general market
optimism and the presence of irrational bullish investors, where issues are oversubscribed and

riskier companies go public.
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Appendix 15

Below is displayed sub-categories of IBO and SBO issues according to the bond’s credit risk.

Additionally, is presented the results of ANOVA single factor test for IBO-HY versus SBO-IG

1% month univariate analysis, the two sub categories with more presence in the sample in IBO

and SBO issues. Below the tables, it is displayed a commentary about the results

Appendix 15, Table 1 — Distribution Descriptive

# %
IBO 98
IG 46 46.94%
HY 52 53.06%
SBO 839
IG 773 92.13%
HY 66 7.87%

Appendix 15, Table 2 — Credit Risk IBO/SBO Sub-categories 1% Month Univariate Analysis

Average Median Max Min t-stat p-value F-stat.

IBO

IG 0.03% -0.06% 8.05% -9.00% 0.08 0.934

HY 0.84% 0.79% 6.95% -4.36% 2.45 0.018
IBO-1G vs IBO-HY 0.127 2.37
SBO

IG 0.75% 0.62% 11.84% -17.61%  7.24 0.000

HY 0.75% 0.35% 6.94% -3.84% 1.65 0.108
SBO-1G vs SBO-HY 1.000 0.00

Appendix 15, Table 3 — ANOVA-Single Factor 1 Month (IBO-HY vs SBO-1G)

Average

Median

Max

Min

{-stat

p-value

F-stat.

IBO- HY vs SBO IG

0.779

0.08

In order to better analyse the outcome from IBO and SBO, these categories were further divided

in credit risk sub-groups. Considering again, the sub classes most represented in IBO and SBO

categories, IBO-HY (52 issues, representing 53.06% of IBO observations) and SBO-IG (773

issues, representing 92.13% of SBO observations), the average abnormal returns for the 1%

month, were 83.98 bp and 74.66 bp, at 5% and 1% significance level respectively (Appendix

15 - Table 2). Nonetheless, according to Appendix 18 - Table 3, this difference did not reveal
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empirical robustness (ANOVA F-test equal to 0.08; p-value equal to 0.779). Note that, IBO-
HY showed an average abnormal return very similar to the same sub-category on the 1% day
(83.98 bp versus 81.25 bp) suggesting investors were not compensated for keeping their
securities more time. Moreover, both the 15t month SBO-IG and SBO-HY average abnormal
returns more than double relative to the 1% day: 74.66 bp versus 27.62 bp and 74.66 bp versus
30.84 bp, for SBO-1G and SBO-HY, respectively, however, SBO-HY average abnormal returns
did not reveal statistical robustness (t-test equal to 1.65). Therefore, evidences showed that in
those sub-categories, investors were more compensated for keeping their securities longer

periods.
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Appendix 16

The following tables displays the number of investment grade (IG) and high yield (HY) bonds
that “High” and “Low” CDS categories encompass. Moreover, it displays a summary of
univariate analyses regarding these sub-groups for the 1 month and an extensive explanation

about the results.

Appendix 16, Table 1 — High and Low CDS Sub-Categories Distribution

# %
High 188
IG 175 93.09%
HY 13 6.91%
Low 189
IG 154 81.48%
HY 35 18.52%

Appendix 16, Table 2 — Credit Risk High and Low Sub-categories 1 Month Univ. Analysis
Investment grade encompasses bonds rated between AAA and BBB- (S&P terminology). High yield englobes
bonds rated BB+ or below (S&P terminology).

Average t-statistic  p-value F-stat. F-critical

High

IG 0.92% 4.33 0.0000

HY -0.21% -0.38 0.0297

High-1G vs High-HY 0.1565 2.02 3.89
Low

IG 0.03% 0.26 0.0000

HY 0.84% 2.47 0.0015

Low-1G vs Low-HY 0.0110 6.59 3.89

Appendix 16, Table 3 — ANOVA-Single Factor 1% Month (High-1G vs Low-1G)
Average Median Max Min t-stat  p-value F-stat.

High- IG vs Low IG 0.0006 11.91

To better understand the results from “High” and “Low” categories, these groups were further
divided according to the bond’s credit risk. The main cause of the high difference between
“High” and “Low” category is due “Low-IG” sub-sample that showed an average abnormal
return of only 3.34 bp, which represents 81.48% of the “Low” category. Nevertheless, statistical

significant was not found. The “High-IG”, which accounts 93.09% of the overall “High”
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category, displayed an average excess return of 91.51 bp. ANOVA F-test was conducted to
analyse the average excess return difference between “High-1G” and “Low-1G”, the two sub-
sample with more weight; with a p-value approximately equal to 0 it was found statistical
support with 99% confidence level. These results go in line with the ideas previously mentioned
that companies require to underprice more their issues in periods with “High” credit risk levels.
However, one curious aspect from the analysis is the fact that “High-HY” displayed negative
abnormal returns of -20.87 bp, implying the existence of overpricing rather than underpricing.

Yet, Student’s t-test revealed statistically insignificance and therefore, this value was discarded.
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Appendix 17

The following tables display various regressions from both the 1 day and 1% month where it

was incorporated a “time fixed effect”. Commentaries about the results are exhibited below
each table.

Appendix 17, Table 1 — 1% Day Multivariate Analyses with “Time Fixed Effect”

The significance level is indicated by ***, ** * which corresponds to 1%, 5% and 10% respectively. Credit
risk is equal to 1 if the bond is rated with investment grade. Public is equal to 1 if the issuer is a public firm.
Recent IPO takes the value 1 if the issuer has turned public until one year from the bond’s issue date. SBO
is equal to 1 if the bond is a “seasoned” issue. Recent debt issue takes the value 1 if the issuer has issued
additional bonds until one year from the bond’s issue date. Long-term is equal to 1 if bond’s maturity is
higher than 10 years. Ln-TA and Ln-BS represents the logarithmic form of total assets and bond bond size.
CDS is the CDS index level at the bond’s issue date.

Regression 1 2 3
Intercept -.0037 -.0034 -.0029
-0.34 -0.31 -0.26
Credit Risk -.0021** -.0027** -.0022**
-2.22 -2.19 -2.27
Public 0.0010 .0007 .0010*
1.64 1.40 1.67
Rec. IPO -.0002 -.0003 -.0001
-0.09 -0.11 -0.05
IBO/SBO -.0022* - -.0024*
-1.71 -1.90
Rec. Debt Iss. -.0003 -.0007* -
-0.76 -1.72
Long-Term .0020*** .0019*** .0020***
3.35 3.36 3.42
Ln-TA -.0002* -.0002** -.0002**
-1.88 -2.17 -2.12
Ln-BS .0007 .0006 .0006
1.18 1.12 1.12
Comp. Age -1.9E-6 -2.4E-6 -2.2E-6
-0.37 -0.46 -0.42
CDS -7.6E-856 2.8E-6 -1.6E-7
0.00 0.11 -0.01
Year 2014 -.0006 -.0011 -.0006
-0.33 -0.54 -0.31
Year 2015 .0011 .0010 .0011
0.92 0.76 0.94
Year 2016 .0014 0.0013 .0015
1.16 1.01 1.18
Year 2017 -.0003 -0.0004 -.0003
-0.41 -0.48 -0.39
# 937 937 937
Adj. R"2 .0423 .0378 .0430
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Through Appendix 17 - Table 1, it was possible to observe that in both regression 1, 2 and 3
CDS index level variable lost its significance with the inclusion of the time fixed effect.
Although statistical robustness was not present, 2014 and 2017 years showed a negative
coefficient relative to positive coefficients from year 2015 and 2016. These results show some

evidences that the issue date is important in the level of bond’s underpricing.

Appendix 17, Table 2 — 1° Month Multivariate Analyses with “Time Fixed Effect”

The significance level is indicated by ***, ** * which corresponds to 1%, 5% and 10% respectively. Credit
risk is equal to 1 if the bond is rated with investment grade. Public is equal to 1 if the issuer is a public firm.
Recent IPO takes the value 1 if the issuer has turned public until one year from the bond’s issue date. SBO
is equal to 1 if the bond is a “seasoned” issue. Recent debt issue takes the value 1 if the issuer has issued
additional bonds until one year from the bond’s issue date. Long-term is equal to 1 if bond’s maturity is
higher than 10 years. Ln-TA and Ln-BS represents the logarithmic form of total assets and bond bond size.
CDS is the CDS index level at the bond’s issue date.

Regression 1 2 3
Intercept -.0590*** -.0592%** -.0532***
-2.88 -2.89 -2.65
Credit Risk -.0012 -.0008 -.0014
-0.45 -0.33 -0.53
Public .0011 .0013 .0012
0.65 0.77 0.71
Rec. IPO .0066 .0067 .0073
1.21 1.23 1.38
IBO/SBO .0015 - .0002
0.46 0.08
Rec. Debt Iss. -.0024 -0.0022000 -
-1.55 -1.43
Long-Term .0036%** .0036%** .0038***
2.57 2.62 2.72
Ln-TA -.0007 -.0007 -.0008
-1.34 -1.28 -1.59
Ln-BS .0030** .0031** .0029**
2.50 2.52 2.36
Comp. Age 2.0E-5 2.0E-5 1.8E-5
1.07 1.09 0.97
CDS .0002** .0002** .0002**
2.47 2.47 2.46
Year 2014 .0392*** .0395*** .0396***
3.38 3.40 3.69
Year 2015 .0050 .0051 .0051
1.09 1.12 1.11
Year 2016 .0003 .0003 .0004
0.08 0.11 0.13
Year 2017 .0048*** .0049*** .0049***
3.08 3.11 3.15
# 937 937 937
Adj. R"2 .0381 .0388 .0368
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From Appendix 17 - Table 2, it was possible to observe that, contrary to the 1% day, CDS index
level continued significant with the addition of the time fixed effect, at a 99% confidence level.
Moreover, all years revealed positive coefficients and 2014 and 2015 showed statistical
robustness at 1% significance level. Considering the two years with empirical significance, the
coefficient of year 2014 was 8 times higher than the coefficient of 2017 (0.0396 versus 0.0049),

indicating that the level of bond’s mispricing is affected by the date of the issue.
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