OIKONOMIKO
MANEMIETHMIO
AOHNON

ATHENS UNIVERSITY
OF ECONOMICS
AND BUSINESS

IXOAH
AIOIKHIHE
EMIXEIPHEEQN

SCHOOL OF
BUSINESS

METAMTYXIAKO AOTIZTIKHE &
XPHMATOOIKONOMIKHX

MSc IN ACCOUNTING & FINANCE

Exploring Short-Term Herding Behavior of Institutional Investors
in the US Corporate Bond Market

ERJONAS. SIMJA

Thesis submitted to the

Department of Accounting & Finance

of the Athens University of Economics and Business

as partial fulfillment of the requirement for the

Master’s Degree

Athens

December, 2017







We approve the Thesis of

ERJONA SMJA
[ACADEMIC SUPERVISOR] [SIGNATURE]
GEORGE CHALAMNDARIS e
[CO EXAMINER] [SIGNATURE]
ATHANASIOS EPISKOPOS e
[CO EXAMINER] [SIGNATURE]

KONSTANTINOS DRAKOS o erreeeeena

[21/12/2017]






CERTIFICATION OF THESIS PREPARATION

“| hereby declare that this particular thesis has been written by me, in order to obtain the
Postgraduate Degree in Accounting and Finance, and has not been submitted to or
approved by any other postgraduate or undergraduate program in Greece or abroad. This
thesis presents my personal views on the subject. All the sources | have used for the
preparation of this particular thesis are mentioned explicitly with references being made

either to their authors, or the URL's (if found on the internet).”

[FIRST AND LAST NAME] [SIGNATURE]

ERJONASIMIA e






Acknowledgments

I would like to express my sincerest gratitude to my advisor, Assistant Professor
George Chalamandaris, for not only gave valuable input and constructive suggestions
throughout this work but also for his guidance and invaluable advice throughout my

M.S. program.

My sincere appreciation also goes out to my colleague Aikaterini Maria Katsarou, for
her suggestions and thoughtful comments on my research. Her support offered me a

great help through the process of researching and writing of this master thesis.






Table of Contents

Extended Summary in Greek- Evpeio ITepidinym 610 EAAVIKG....cccveireeeeriieieiesiieee e 11
INEFOTAUCTION ..ttt sttt ettt b e b b sbe s b et e s e e neeneeneeneas 15
THeories OFf HEMAING......c.coi i 17
LItEratlre REVIBW .....eeeeeiiceiee sttt sttt ettt et e e tesneenseseeeneensesneeneenes 25
Data and MethOTOIOQY .......ceecveiiieieiiciete sttt ae st et e e e b e s reearesreesaennens 33
Corporate Bond Market OVEIVIEW ..........cceevuiiuieiierieneeieeeeeeste e ste e e eesae e ese e esnesnas 33
Data and SAMPIE STALISTICS......cvevieiieciere ettt st et sbe e s reernenne 36
FOrmation Of VAriabIeS. .........coveieieeeeee ettt e 37
Empirical Analysis-Hypothesis DeVElOPMENT...........ccvvivirirerenieieeenesese e 41

Hypothesis 1: Institutional investors follow other investors on trading the same bonds. ... 41
Hypothesis 2: Institutional investors follow other investors into or out of the same bonds.42

Hypothesis 3: Institutional investors exhibit greater level of herding behavior on more

IQUI DONGS. ..ttt st te st e be s reeaa e beeasebesbeensesteesnensens 43
Hypothesis 4: The level of herding behavior varies among bonds of different credit rating
(0.1 (=10 (0] 4 LT OSSP 44
Hypothesis 5: The level of herding behavior varies among bonds in different maturity
0 30 TR 45
Hypothesis 6: The level of Institutional investors’ herding behavior varies among bonds of
(oL (=] T LT (] TS 46
Hypothesis 7: Institutional investors herd on bonds’ overvaluation/ undervaluation. ........ 47
Hypothesis 8: Herding behavior is expanded on issuer leVel ...........cccceeveeiiieeceneeien, 49
(0703 To] (11 o] 4SSO 51
RETEIBNCES ...ttt sttt a bbb st ettt eaeenes 53
TADIES ...ttt h e bbbttt ne e 57



10



Extended Summary in Greek- Evpeia I1epiAinyn ota
EAAnvikad

H mapovca epyacio eEetdlel To pUVOUEVO TNG AYEAOLOG CUUTEPIPOPES TOV BEGLUKDY
EMEVOLTMOV OTNV OEVLTEPOYEVT] EEM-YPNUATIOTNPIKT AYOPH ETOPIKDOV OLOAGY®V TNG
Apepikng. Me tov 6po ayehoio. GOUTEPLPOPE AVOPEPOUACTE GTI TAGT TOV OesUIKOV
EMEVOLTMV VO akoAovBel 0 €vag Tov dALOV TNV ayopd 1 TOANCT TOV OV TITAOV
OTIG KOONUEPIVES TOVG GLVOAAAYEG, HE OMOTEAEGUO VO, OlOQOIVETOL €Vo UUNTIKO

QOIVOUEVO OTI®G AVTO TNG QYEANG.

H Biproypaeio oto cvykekpipuévo 0épa gival mhodola, €xovtag mpoteivel TAnOmpa
HETPOV Yol TN UETPNOT QLTS NG TAoNS KaBdS kot ToALEG Bewpieg Yo v €€Nynon
™me. ®a pmopovcape va dtakpivovpe Tig Oewpleg avtég og dVO KATNYOPIES, OVTES TOV
yopaxtnpiCovv v aysiaic cvumeppopd ¢ o opOOAOYIKT) CLUTEPIPOPE TV
EMEVOLTAOV KO GE OVTEC TTOV TNV KATATACCOLV 0T1G Un opBoroyikég cvumeprpopéc. H
npoOTN  Katnyopia Bewpidv mpooeyyilet v ayeshoaio cvumeEPPopd ®G o
eEmTEPIKOTNTA NG  OldIKaciog peyloTomoinong Tov  képdovg  (akpipéotepa,
€AOY1OTOTOINONG TOV KOGTOVG) amd TAELPAG TV enevdvT®v. H dedtepn katnyopia
EMKEVIPOVETOL KUPIMG OTOL WYOYXOAOYIKA 0Tt TOV 0dNyohV TOVG EMEVOVTEG GTNV
enidelln pwog térowng ocvumeppopds. Kabdg o kbplog Oykog TtV vIopyovcomv
epeuvaV  eoTdlel oV HEAETN TOL  QOIVOUEVOL OTNV  Oyopd UETOYDV, OF
pecompdfecpa  dwotnuata  (3-6  UnvoOV)  YPNCLUOTOIOVTOS TPOCEYYICES TMV
EMEVOLTIKAOV GLVOAAOY®V, M €pyacion HOG EMYEPEl va KOADYEL TO KEVO OVTO
e€etdlovtog TV ayopd OUEPIKAVIK®V ETOPIKOV OHOAOY®OV og muepnola Bdon kot
a&lomoumvTog JESOUEVO TPAYLOTIKOV ocvuvallay®dv. EmAélape v apepcdvikn
ayopd ETOUPIKAOV OHOAOY®OV KoO®G amoteAel pio SOMIKA U1 PELOTH ayopd Ko
YOPOAKTNPIOTIKA 0OL0POVY], OGOV 0POPE TN ONUAGLO TANPOPOPN O TPV TNV EKTEAECT
TOV GUVOALOYDV, YOPOKTNPIGTIKA 7OV ONUOLPYOVV TPOGPOPO 000G Yol TNV
EUPAVIOT QOVOUEVODV OT¢ TG ayelaing cvpmepipopds. EmmAéov, v televtaio
dekaetio, AOY® TOL KOOECTMTOG UNOEVIKMDV EMTOKIMV, TPOGEAKVOE TO EVOLUPEPOV
TOV ENEVOLTOV CNUEIOVOVTOC Hio, avénon véwv ekddcewmv g tdems tov $300tpic.

Tavtoypova emmpedotnke €viova amd TG véeg vopobesiec mov axoiovOncov
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YPNUOTOOIKOVOULKY] Kpion odnymviag moAllovg Dealers vo oamoywpficovv amd tnv
ayopd. Xoapoktnplotikd, povo  mevtoaetio 2007-2012 10 kabopd amdbepa

dwakpatovpevo omd Dealers peidbnke kotd $170tpic.

Xe avtd 10 mAaiclo alomolovpe poe wAovolo Pdon dedouévav  abfpoloTIKOV
NUEPNO®WV GLVOAAOY®OV Kol YPNOHOTOlOVTaS Mo pebodoroyio Paciopuévn ot
pebodoroyio mov akoAovOnoe o Sias (2004), TPOGAPUOGUEVN OU®G OTO Vo
EKUETAAAEVETOL TO YEYOVOG OTL EYOVUE TAVEL OEOOUEVO, TTPOYMPALE GTNV €EETACT] TOV
GLYKEKPIUEVOL Qatvopévov. Ta dVo Kaiplo EpOTAUATO TOV ATAVTIAUE EIVAL TPOTOV OV
o1 Beopukol enevovTéG TEIVOLVY VO LUOVVTOL TIG GUVOAAAYES TNG TTPOTYOVLLEVIC UEPOS
, ONAadn av ot Becpukol emevouTég “akolovBovy TV ayéAn”. AeDTEPOV EMYEIPOVUE
Vo ovoyveopicovpe KAmTOovS TPOGOOPIGTIKOVG TTOPEYOVTES OV EVIEIVOLV QTN TN

GUUTEPLPOPAL.

Ta KOpla eVPMHATO HOS GLVIYOPOVV GTO YEYOVOS OTL VTTAPYEL LI TAGT EK LEPOVG TMOV
feopiKDV  EMEVOLTMOV VA CLYKEVIPOVOVTOL YOP® Omd GCULYKEKPUEVOLS TITAOLG,
TAPEXOVTAG £TGL PEVCTOTNTO LOVO GE GLYKEKPLUEVOLG TITAOLG. XOPUKTINPIOTIKE, TO
delypa pog omoteAeitar amd mepimov 4,000 povadikodg KmOKOLG OUOAOY®mV
(CUSIPs), 6pmg povo ot pioot ivar Kot HEGO OpO EVEPYH SLOTPOYUATEVGILOL THV
nuépa. Xe ovtodc Tovg TiTAOVLS €ivol MOV TOPATNPOVUE TNV MO £VIOVN TOOM
UNTICHOD T®V GUVOALXY®V TNG TPONYOVUEVNG LEPOC. ZVYKEKPUUEVE, TAPOTPOVLLE
pa Téomn TV BEGIK®V ETEVOLTAOV VO akoA0VOOVV TIG GUVAAAAYES TNG TTPONYOVUEVTG
pépag Tov dwv 1 GAoV Becpikav enevovtov, kobmg kot 6e yaunilotepo Paduod
Movik@v emevovtov. H ovumepipopd ovt ¢@aivetor vo emekteiveTol Kot ot
aBpoloTikd ava £kd0Tn opoAdyoL dedopéva. EmmAéov, n avdivon pog €0gi&e OTL TO
QovopeEVO NG oyelaiag ovumeplpopds epeaviCetor mo €vtovo ota opdAoya
YopnAdTEPN S ToTOANTTIKNG SaPfdbuong, kabmg kot ota peconpodeopo oporoya (5-
15 ypovia péxpt ™ ANEN). Emiong, efetdoope ota opdAoyo molwv KAAS®V
eppaviCetor kot katd wOGo Olapépel 0 Pabudg g ayeAaiog GLUTEPLPOPUS.
Evdewctikd 1o vynAdtepa emineda epgaviet o kAddog tov Tniemkowovidv,
axolovBel o Blopnyovikog kAddog, émeton o Tpoamelikdg ko Aowmoi kAadot. TéAog,
TOPATNPACOUE VYNAITEPO EMITESQ OyEANIOG GUUTEPLUPOPAS GE OUOAOYO OV Elyav

vrepTiunBel N vwotunBel v Tponyov eV UEPA, TOV OUMG AVTIGTPEPOVTAL OTOV TO.
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opodAoyo. avTd @TAVOLV of oakpaio emimedo vmotiumong. H dw  dopBmTiky

GUUTEPLPOPE OEV TOPATNPEITE GTA OKPOLO VITEPTIUNUEVO OUOAOYOL.
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Introduction

Following recent financial crisis, herding behavior has played a profound role in
amplifying stability risks. The prevalence of herding behavior has attracted interest of
regulators, researchers, and market participants in the asset management industry.
Concerns have been also raised about implications of such behavior on the financial
markets stability, particularly in corporate bond market which constitutes a more

vulnerable market due to liquidity issues among others.

In this regard, this dissertation investigates institutional investors’ herding behavior in
the U.S. corporate bond market by utilizing a comprehensive dataset from TRACE
platform. As herding behavior, we define the tendency of institutional investors to
follow each other into or out of the same bonds. In particular, we attempt to recognize
micro-structure/ daily patterns in corporate bond market by directly examining the
cross-sectional temporal dependence on institutional investors’ daily demand. The key
empirical questions that we address are:

e Do institutional investors herd in the corporate bond market?

e Which are the main determinants of institutional investors’ herding behavior?

Our main results are as follows:

e We document a tendency of institutional investors to concentrate around the
same bonds.

e We provide evidence in support of existence of institutional herding behavior
on daily basis, particularly at more liquid bonds.

e We reveal a more intense level of institutional herding on lower credit rated
and mid-term bonds.

e We point out to sectors in which institutional investors do herd.

e We document a tendency of institutional investors to herd on overvalued and
undervalued bonds by following the flow as well as a correction tendency

concerning extremely undervalued bonds.
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e Lastly, we show that institutional investors herding behavior is expanded at

issuer level.

The rest of this dissertation is organized as follows. Chapter 2 presents the main
theories associated with herding behavior. Chapter 3 reviews previous works related
to this dissertation. Chapter 4 describes the examined market, the employed data as
well as our construction of herding measures and the methodology used. Chapter 5
presents and analyzes the results of this current study. Lastly, Chapter 6 summarizes

conclusions of our research.
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Theories of Herding

There is a rich theoretical literature suggesting explanations for herding by investors.
Under the assumption of asymmetric information there are theories which stipulate
that the cost of gathering information, such as time, effort, and financial cost, make
herding prudent and even rational for the market participants. In this case, investors
glean information more expensively, therefore they base their decisions on the actions
of the crowd who assume that knows more than they individually do. Moreover, retail
investors are expected to expose themselves to greater tendency to herd on
institutional investors, since the latter have access to better information and superior
methods of finding information. In other words, those theories suggest that there are

cases which are cost efficient for investors to imitate their better-informed colleagues.

There are also approaches that differ from the previous and suggest that herding
behavior is more likely to be presented among institutional investors. One of these
stipulates that institutional investors such as financial institutions or intermediates, are
obliged by the law to dissemble information regarding their portfolios, consequently
their investment positions are more readily perceived by their colleagues. On the other
hand, retail investors are not forced to disclose their positions, hence it is more
difficult to be observed the structure and moves of their portfolios from other
investors. A second approach advocates that some institutional investors such as fund
managers are evaluated in comparison to the performance of other capital
administrators. In this sense, fund managers prefer to keep up with the crowd than
walking alone, since if their expectation is not realized, they will have to take on the

responsibility by themselves.

The rational model approaches herding as an externality of investors’ profit
making/maximizing utility process, when the decision process is distorted by

difficulties in finding information. As far as the behavioral aspect model (irrational
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herding) is concerned, this asserts that decision makers may be bound by endogenous

and exogenous constraints including the investor's psychology.

Many theories have been proposed across the literature to explain rational and
irrational herding by investors. Bikhchandani and Sharma, (2001) divide the herding
behavior into “rational” (intentional) herding, where investors have an intention to
follow the behavior of others, and “spurious” (unintentional) herding, where investors
face similar fundamental-driven information and hence make identical decisions. The
former might be inefficient, and it can lead to systemic risk, excess volatility, and

fragile markets whereas the latter may lead to an efficient outcome.

Several potential reasons are associated with rational herding behavior in financial
markets. The most significant are informational cascades, investigative herding,

compensation structures, and concern for reputation.

Informational cascades can result from the fact that institutions infer information from
each other’s trade and therefore mimic the crowd ignoring their own private
information. This phenomenon also interprets how such social norms and conventions
occur, are maintained, or change over time. For instance, the fact that investors enter
the market at a later stage might be a rational choice since they follow the trading
behavior of previous investors (that may be of possess private information)
disregarding their own private information. Regarding their consequences,
informational cascades might jolt over perfectly rational individuals and lead to the

creation of bubbles.

A decision model, proposed by Banerjee (1992), suggests that it is rational for
decision makers to keep track of the decisions made by previous decision makers
since the latter might infer important information related to their own. He shows that
the optimizing rules in decision making might be the drivers of herding behavior i.e.

people will be doing what others are doing rather than employing their information.
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Bikhchandani, et al. (1992) discuss a general sequential choice model where a
decision maker will act only on the information obtained from previous decisions
ignoring private information (as will latter decision makers). They argue that,
unrelated to the social desirability of the outcome, the reasoning might be entirely
rational. The informational cascades can interpret conformity and the rapid spread of
new behaviors. Lastly, they assert that conformist behaviors might be idiosyncratic

and fragile because informational cascades rely on even a small set of informations.

In an attempt to study the relationship between asset prices and herding behavior (that
arises when traders follow the trend in past trade), Avery & Zemsky (1998) show that
the existence of herding in the terms of an informational cascade is not possible, if
both simple information structures and price mechanism are assumed. Yet, more
complicated information structures can lead to herding behavior and it is likely to
affect asset prices only when the market is uncertain for both and the information of
the average trader and the asset value. Additionally, a sufficiently complex

information structure can make price bubbles possible.

Cipriani & Guarino, (2005) examine the herding behavior in financial markets. In
particular, they show that in a frictionless laboratory market in which subjects are
trading for informational reasons, herding behavior rarely arises. Their findings are in
line with the theoretical predictions of Avery & Zemsky, (1998). Theoretical
evidence, however, do not entirely reflect the behavior observed in the laboratory
financial market. In some cases there are informed traders that ignore their own

private information and abstain from trading or follow a contrarian strategy.

In turn, investigative herding is a consequence of institutional investors following the
same signals. Froot, et al. (1992) argue that if speculators have short horizons, they

might herd trying to learn information that other informed investors know. They show
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the existence of short-term speculators, which indicates an informational inefficiency.
However, at the pricing stage the market may be considered efficient and investors
may tend to concentrate on one set of information due to poor quality or are not
related to fundamentals. Their findings can be explained by positive informational
spillovers. More specifically, as more speculators acquire a given piece of
information, it will be disseminated in the market and thus it is profitable to acquire
this information at an early stage. In this regard, herding equilibria may arise in the
sense that traders may focus on different variables at different times.

Maug and Naik (2011) provide another theory of herding based on the compensation
contracts offered to the fund managers. They study a model which investigates
whether asset allocation decisions taken by fund managers are associated with their
compensation schemes. Optimal contracts are derived for delegated portfolio
management and they lead to relative performance elements. They conclude that fund
managers follow allocations of their benchmark sometimes disregarding their own

superior information and deviate from return-maximizing portfolio allocations.

Scharfstein & Stein, (1990) show that herding behavior occurs due to reputational
concerns of fund managers or analysts. Reputation or, more broadly, career concerns
occur because of uncertainty about the ability or skill of a manager. The basic idea is
that if an investment manager and her employer are uncertain of the manager’s ability
to pick the right stocks, conformity with other investment professionals preserves the
fog (i.e. the uncertainty regarding the ability of the manager to manage the portfolio).
They argue that reputation concerns in labor markets and correlated prediction that
leads to the “sharing-the-blame" effect might drive managers to follow each other’s
decisions, without regard to substantial private information. Their learning model
presents the labor market as competent to update its understanding of the manager’s
competency from the investment decisions a manager is making. Thus, manager
concern for labor market reputation might lead to rational and intentional herding
behavior, i.e. institutional managers choose to act similarly as others because they do

not want to risk their reputation by doing trades in the different direction from the
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herds. In other words, herding may be considered as insurance that the manager will

not under perform his peers (Rajan, 2006).

In a theoretical model, Trueman (1994) shows that the perception of analyst abilities
affects analyst compensation. There is an assumption that the earnings forecasts of
analysts do not necessarily reflect in an unbiased manner their private information, but
they tend to announce forecasts closer to prior earnings expectations. To mimic higher
ability and acquire higher compensation, analysts tend to forecast earnings like those

previously released by other analysts.

Graham, (1999) argues that analysts are more likely to herd when they are
characterized by high reputation or low. Moreover, herding behavior may arise when
there is strong public information inconsistent with analyst private information or
when private information signals across analysts present positive correlation. His
model is examined utilizing a dynamic measure of reputation that is constructed with

data from analysts who publish investment newsletters.

Other authors assert that a subgroup of investors is irrational and that their existence
may lead to bubble-like phenomena and imitation behavior. Specifically, the
behavioral herding is unrelated to fundamentals and refers to random events that make
investors more optimistic or pessimistic, thus taking into consideration the

corresponding investment decisions.

Keynes, (1936) points out that sociological factors such as social conventions may
affect investors and might drive market participants to imitate the actions of others
during periods of uncertainty. Furthermore, given asymmetry, information deficiency,
and the employment of common heuristic rules, even adepts can resort to herding
behavior (Baddeley et al.,2004). Thus, irrational herd behavior might result from
constraints and psychological stimuli (e.g. psychological biases and pressure from

social circles and/or social conventions).
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According to Shleifer and Summers, (1990) investors are divided into two main
categories; arbitrageurs and noise traders. Firstly, arbitrageurs- also called "rational
speculators”- form fully rational expectations about security returns. Secondly,
noise/liquidity traders Black, (1986) are defined as irrational investors who act on
noise and whose trading behavior may be subject to systematic biases. Additionally,
they suggest that some changes in investor sentiment or changes in investor
expectations concerning assets are considered irrational and not verified by

fundamentals, e.g. investors’ response to pseudo-signals such as advice by “financial

2

gurus”.

Moreover, irrational herd behavior includes all the errors which refer to either
investor’s mental conception or his sentiment. People, due to aversion to their loss or
adhesion to reference points, may invest their money e.qg. in a loss-making investment
product in the hope that they will soon win the "losers”. In this way, they act

myopically either by errors related to their perception or by greed and selfishness.

In this regard, many economists propose formal models on what extent investor
sentiment may affect investor trading behavior and lead to systematic asset
mispricings. For example, Daniel, et al. (1998) propose a theory where investors are
overconfident regarding their private information and suffer from biased self-
attribution. These biases can lead to asymmetric changes in investor’s confidence as a
function of investment outcomes. In particular, they conclude that overconfidence

might result to long-lag autocorrelations, return predictability and excess volatility.

Barberis, et al. (1998) present a “parsimonious model” of investor sentiment that
predicts investor overreaction and/or underreaction to information. Under this
interpretation, their model predicts an underweighting of informative bad news of a
different type that arrives afterwards and the overreaction to a long string of bad
earnings news or sales figures. Lastly, their findings are consistent with empirical

evidence on the shortcomings of personal judgment under uncertainty.

Hong & Stein, (1999) suggest a model with two types of boundedly rational market
participants: “newswatchers” and “momentum traders.” In particular, each

newswatcher is defined as an agent that perceives some private in-formation, but fails
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to elicit other newswatchers’ information from prices. In this study, short-run price
underreaction is due to slowly diffusing information about future fundamentals.

Momentum traders exploit this slow information dissemination which, in turn, leads
to long-term overreaction.
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Literature Review

Lakonishok, et al., (1992; LSV henceforth) employ quarterly ownership of shares data
on 769 US tax-exempt equity funds (pension funds) for the period 1985 to 1989. It is
essential to note that their paper plays an important for later studies as it introduced
the fundamental herding measure. In particular, the LSV measure gauges whether a
disproportionate number of money managers are buying (selling) a certain security
beyond the market-wide buying (selling) intensity in a given period. They distinguish
the trading activity of these money managers between positive-feedback trading and
herding. Interestingly, LSV conclude that institutional money managers do not
destabilize prices of individual stocks in terms of economically significant level of
herding. Moreover, they find weak evidence of imitation behavior in the small stocks
and stocks with uncertain cash flows. Lastly, they prove less herding at the industry

than in individual stocks.

Grinblatt, et al. (1995; henceforth GTW) utilizing 274 mutual funds’ quarterly
ownership data on portfolio changes from 1974 through 1984. More specifically, their
study examines whether mutual funds purchase stocks based on their past returns and
simultaneously why they have a tendency to display herding behavior. GTW conclude
to similar levels of herding as found by LSV (1992). Regarding momentum trading,
they find strong evidence that herding can arise by investors in buying stocks that
were past winners than investors selling past losers. In this regard, herding that occurs
on the sell side, although positive, seems to be irrelevant to past returns. To examine
for significant heterogeneity in the mutual funds, they divide funds regarding to their
investment purpose; i.e. balanced funds, growth funds, growth-income funds,
aggressive growth funds as well as income funds. Their results are coherent with that

herding being even weak after examining for objectives.

Christie & Huang, (1995; CH henceforth), propose a different metric that measures
investor herding towards the market consensus. Specifically, they utilize daily and
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monthly returns for the period 1962 to 1988 to gauge the cross-sectional standard
deviation of returns, or dispersions. They indicate that during extreme market
movements investors might suppress their own beliefs and base their investment
decisions only on the market consensus. Therefore, individual returns will not have
repelled too far from the market return and thus return dispersions should be low.
Finally, when stocks sensitivity towards the market differs from rational asset pricing

suggests that dispersions may increase.

Wermers, (1999) studies the herding behavior to date utilizing mutual funds' quarterly
holdings data for the period 1975 through 1994. Following LSV approach, he finds
weak level of herding in trades by the funds taking place in an average stock.
Furthermore, he shows high level of herding in small stocks. Yet, small stocks do not
constitute the preferred holdings of mutual funds. Wermers also finds higher levels of
herding in growth-oriented funds than income-oriented funds, which he attributes to
positive-feedback trading strategies. In contrast to GTW (1995), he finds that herding
on the buy-side seems to be more prevalent in high past-return stocks, whereas
herding on the sell-side might occur in low past-return stocks and at the same time is

irrelevant to window-dressing strategies.

Furthermore, Wermers examines the difference between contemporaneous returns and
future stock returns (i.e. returns after 6 months on the stock bought by the herds
regarding the stocks sold by the herd). He finds that herding is considered a rational
choice and simultaneously can contribute bring about incorporation of news into
securities prices. His last finding is consistent with the fact that continuing price
trends may also mean that, as institutional investors exhibit herding even more, they
drive the prices away from fundamentals. Only if the trends in the prices continue in
the subsequent longer period, unattended by herding, can we close with his claim.

Chang et al. (2000, CCK henceforth) investigate the investment behavior of market
participants within different international markets. To capture any possible non-
linearity between market return and the asset return dispersions, they suggest a test of
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herding behavior. Their findings indicate the presence of herding for South Korea and
Taiwan and the absence of herding in the US and Hong Kong, partial herding in
Japan. They also find that for the markets which exhibit herding there is information
related to macroeconomic fundamentals (rather than information at the firm level) that

affects investor behavior.

Sias, (2004) utilizing the total number of institutional investors required to file 13F
reports for the period 1983 to 1997 examines whether and to which extent institutional
investors exhibit herding behavior. Applying a new approach, he shows that
institutional demand in a given quarter can be related to either herding in others’
trades or herding in their own past trades. Specifically, the results are in line with the
fact that institutions accumulate and liquidate positions over time to reduce trading
costs. Additionally, he indicates that institutional investors herd as a result of
following information revealed from each other’s trades and that, as trading by
institutions is strongly related to contemporaneous returns. In other words,
institutional herding is initially correlated with the manner information diffuses, as the
positive relation between trading by institutional investors and contemporaneous

returns stems from the information included in their activities.

Choi & Sias, (2009) using quarterly data from 1983 to 2005 examine the existence of
institutional industry herding in U.S. market. Specifically, they show that the fraction
of institutional traders buying an industry the previous quarter is correlated with the
fraction buying this quarter, i.e. institutional investors follow each other into and out
of the same industries. As far as reputational herding is concerned, they find that
institutional industry herding can occur from managers’ decisions rather than
underlying investors’ flows. It is also more prevailing in smaller and more volatile
industries and simultaneously is unrelated to institutional industry momentum trading.

In addition, herding may lead industry market values away from fundamentals.

Cai, et al., (2016) utilizing a dataset of quarterly U.S. corporate bond holdings for
insurance companies, mutual and pension funds from 1998 to 2014 examine to which
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extent institutional herding takes place in the U.S. corporate bond market. Applying
LSV herding measure, they find that institutional herding is greater in corporate bonds
than equities and especially on the sell side, mainly driven by imitation behavior.
Following the methodological approach of Sias, they show that bond trading is mostly
correlated with the fact that investors follow others’ trade. Additionally, they find that
sell herding occurs in transitory yet significant price deteriorations and thus excess
price volatility, whereas herding on buy side is associated with permanent price
adjustments.

Other studies examine institutional investor herding in non-U.S. markets and show

that in smaller markets herding may be more prevalent.

lihara, et al., (2001) analyze the stock returns and yearly change in ownership
utilizing aggregate data from 1975 to 1996 as a proxy for investor herding in Japan.
Along with individual and institutional investors, they examine the behavior of
foreign investors as they may not follow similar trading activity to Japanese investors.
They find that individual investors’ herding is less prevalent than institutional and
foreign investors’ herding, as both institutional and foreign investors impact more
stock prices. Their findings are also in line with intra-year positive feedback trading

by both foreign and institutional investors.

Caparrelli, et al. (2004) utilizing data for the period of 1988-2001 evaluate herding
effects in the capital markets and specifically in the Italian Stock Exchange. They
show that herding might arise during periods of great stock levels and sustained
growth rate, consistent with Christie and Huang (1995). Moreover, their results imply
that herding is greater for large-cap companies lower than for small-caps, and tends to
decrease constantly.

Bowe and Domuta (2004) utilize daily data from the Jakarta Stock Exchange and

examine whether there is evidence of herding and positive feedback trading on
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investment patterns of domestic and foreign investors over the examined period of
1997 Asian crisis (January 1997 to December 1999). They show that during the crisis
both investor categories exhibit herding behavior with herding on foreign level greater
than domestic herding. Moreover, they provide no evidence of positive feedback
trading among investor categories or at the individual stock level. In general, their

findings indicate that investors” herding behavior does not destabilize the market.

Gleason et al. (2004) conducted a study to examine the presence of herding in
Exchange Traded Funds (ETFs) during periods of market stress. In doing so, they use
intraday data on nine sector ETFs traded on the American Stock Exchange from 1999
to 2002. Applying two differential measures of dispersion, they analyze up and down
markets in aggregate and provide no evidence of herding by ETF investors. Their
results are in line with the conclusion that, ETF traders trade away from the market
consensus during periods of extreme market movements. In addition, they find that

the market reaction to news might not be symmetric for up and down markets.

Hwang and Salmon (2004) employ daily data from 1993 to 2002 to investigate
herding in the US and South Korean stock markets. They proposed a new measure
which conditions automatically on fundamentals. Not only can the new approach
measure herding towards other factors, but also is able to account automatically for
the influence of time series volatility. Given the direction of the market as expressed
in return volatility and the level of the mean return, they find significant movements
and persistence of herding in both U.S. and South Korean equity markets. Lastly, their
findings suggest that herding may arise towards the market portfolio in both bull and

bear markets.

Wylie (2005) employing a dataset of the portfolio holdings of 268 U.K. equity mutual
funds, received by semiannual reports to investors from 1986 to 1993 tests for herding
among U.K. mutual fund managers. He finds that the herding measure increases in the

number of managers trading a stock over a period and is higher only for extreme
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capitalization individual stocks. On the other hand, weak level of herding is observed

for stocks aggregated at the industry level or other capitalizations.

To test market wide and industry sector herding, Henker et al. (2006) utilize high
frequency intraday data on Australian equities for the year 2001-2002. They provide
no evidence of intraday herding and find that that information is disseminated
efficiently among participants in the Australian equity market. Their findings also
imply that investors in the Australian equity market have a great level of firm specific
information and discriminate between securities as predicted by the rational asset-

pricing paradigm.

Walter and Weber (2006) examine whether and to which extent German mutual fund
managers exhibit herding behavior in German mutual fund industry. They employ the
trading activity of 60 German mutual funds over the period 1998 to 2002 and find
evidence of herding and positive feedback trading by German mutual fund managers.
They conclude that highest sell-side herding might arise during the crash periods,
whereas the highest level of buy-side herding may occur during the boom periods.
Lastly, they note that a significant portion of herding might can be attributed to

spurious herding because of changes in benchmark index composition.,

Tan et al. (2008) examine dual-listed A-share and B-share stocks in Chinese market.
They utilize data on stock prices, earnings per share, and trading volume for 87 dual-
listed firms on the Shanghai Stock Exchange (SHSE) and the Shenzhen Stock
Exchange (SZSE) over the period from 1994 to 2003. They find evidence of herd
behavior within both the Shanghai and Shenzhen A-share markets in which domestic
individual investors are the main participants, and within both B-share markets, that
are dominated by institutional investors. Herding behavior in B-share market is
particularly evident under conditions of falling market, whereas herding by A-share

investors is more prevalent in rising market conditions.
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Employing the same approach with CSAD, Economou et al. (2011) examine whether
herding behavior takes place in the Portuguese, Italian, Spanish and Greek market.
They construct a survivor-bias-free dataset contained of daily returns for all stocks
listed in these four markets from 1998 to 2008. They find that during the recent
financial crisis of 2007-2008 intense herding behavior is not observed in any of the

four markets considered.

Holmes et al. (2013) using monthly institutional holdings data for the Portuguese
stock market from 1998 through 2005 find clear evidence of herd behavior. They
analyze institutional herding under different market conditions and conclude that it is
intentional rather than spurious. The multivariate analysis also suggests that herding is
more prevalent when the market declines or market returns are low. In addition, their
results are in line with the view that informational cascades and and/or reputational

reasons might be associated with such observed behavior.

To test herd behavior toward consensus Galariotis et al. (2015) utilize daily prices for
all US and UK constituent stocks for the period of 1989 to 2011. Applying CSAD
methodology, they find that the release of macro information is attributed to the
tendency of US investors to herd toward consensus. The announcement of major
macroeconomic information may lead to spurious herd behavior regardless of
investment style. They also show that in the US herding is owing to both
fundamentals and non-fundamentals during different crises (during the Asian and
Russian crisis and during the Subprime respectively), whereas UK investors herd due

to fundamentals and only during the Dotcom bubble burst.

Employing daily individual and institutional trading data, Li et al. (2017) investigate
the differences between individual and institutional investors’ herding in Chinese
market. They find that well-informed institutional investors herd more intensively
than individual ones, as they trade more selectively across different stocks.

Interestingly, individual investors’ herding behavior is dependent on public
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information as well as attention-grabbing events. Moreover, their findings suggest that

institutional investors act asymmetrically to upgrades and downgrades of market.

Our dissertation adds valuable data to existing literature on herding behavior.
Contrary to other researches that use the changes on investors’ position at the
examined issues, we employ directly transaction level data (e.g. trades and traded
volumes). Moreover, by taking advantage of a comprehensive dataset from TRACE
we examine corporate bond market on short term basis, while the existing studies are
focused on longer term examination of equity market. Since our data is reported daily,
we cannot firmly talk about herding behavior. However, we can employ the methods
suggested by previous studies (i.e. the LSV measure and the Sias approach). In doing
so, we conduct an analysis to recognize micro-structure patterns in corporate bond

market.
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Data and Methodology

Corporate Bond Market Overview

Nevertheless micro-structure of equity markets is a thoroughly researched issue, bond
markets only recently started attracting attention of academic researchers. It is
although a fact that corporate bond market are considered crucial market, as they
provide an important source of capital for issuers and a significant range of securities
for investors. As shown in Table 1, the market size of U.S. corporate bond market is
nearly USD 8tr. half of the U.S. equity market. On the contrary, there are 66,000
securities, 8 times more than equity market.

Over last decade, due to zero interest rate Federal Reserve policy, the corporate bond
market garnered interest of investors, recording a significant expansion of new
issuances. Characteristically, the net corporate bond issuance by nonfinancial firms at
the end of 2007 is estimated at $100bn, whereas at the end of 2016 exceeds
USD 400bn®. (Revising market liquidity).

Additionally, following financial crisis of 2007, many regulations have been
implemented to banks in order to enhance the stability of financial system. Among
them the Volcker Rule in mid-2012 and later the Basel 2.5 and 3, the main point of
which was to increase banks’ capital and liquidity requirements. These regulations led
a number of banks to announce closures of their proprietary trading operations
(i.e. J.P. Morgan and Goldman Sachs-September 2010, Morgan Stanley-January
2011, Bank of America- June 2011, Citigroup- January 20122). As a result of financial
crisis and the regulation reforms, the corporate bond market faced a dramatic sell-off
on bond inventory held by primary dealers, approximately 80% between 2007 and

2012. Both the increase of outstanding securities and the decrease of dealer's

! https://www.moneyandbanking.com/commentary/2017/4/17/revisiting-market-liquidity-the-case-
of-us-corporate-bonds
2 «“JPMorgan shifting its proprietary trading desk,” 9/27/2010, NY Times; “Goldman to close prop-
trading unit,”9/4/2010, Wall Street Journal; “Morgan Stanley to spin off prop trading unit,” 1/10/2011,
Reuters; “Bank of America is shutting down Merrill’s bond prop trading desk,” 6/10/2011, Business
Insider; “Citigroup exits proprietary trading, says most staff leave,” 1/27/2012, Bloomberg;
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inventory asserted concerns in relation to potential liquidity problems in corporate
bond market. However, it is estimated that the turnover of corporate bond market did
not decelerate as much as it was expected. According to a Market Insight of
McKinsey & Company and Greenwich Associates of August 2013, there were actions
that dealers get to cut inventories that hurt liquidity; yet in a way, they were balanced
by the increase of the velocity of the remaining dealers’ inventory turnover.
Ultimately, the studies, which were conducted since then, were not conclusive. As
Janet Yellen, chair of the U.S. Federal Reserve, stated in 2015 “It’s not clear whether

there is or is not a problem [...] it’s a question that needs further study”s.

The development of research in both equity and bond markets can be entirely
attributed to the availability of quality intraday trade, quote, and/or order data (“tick”
data) to empirical researchers. In this regard, the corporate bond market is not
particularly transparent and remains obsolete in comparison to equity market.
Corporate bond markets are relatively non-automated, not integrated and are
characterized by opacity and illiquidity. Aiming to increase transparency in the
corporate bond market, the National Association of Securities Dealers* (NASD)
initiated on July 1st, 2002 a system known as the Trade Reporting and Compliance
Engine (TRACE). TRACE constitutes a transaction reporting and dissemination
system for all OTC trades. In particular, dealers are obliged to report their secondary
market corporate bond trades through TRACE system within a quarter minute lag of
trade execution. In turn, each reported trade is disseminated to TRACE with a fifteen
minute lag. In November 2008, TRACE started the dissemination of the reporting
party side of all dealers’ trades (i.e. customer or ATS buy from Dealer or sell to
Dealer and interdealer trades). Among TRACE data accessible to the public are also

the size, price, and time of all corporate bond trades in the US.

However, corporate bond market still remains a predominant dealer driven market

with public transactions reporting only for executed trades and quotations accessible

? http://blogs.wsj.com/economics/2015/07/15/fed-chairwoman-janet-yellens-report-to-congress-live-
blog/
* On July of 2007 NASD and the member regulation, enforcement and arbitration functions of the
NYSE consolidated in a self-regulatory organization creating FINRA (Financial Industry Regulatory
Authority). FINRA rules are approved by the SEC and enforced by themselves.
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to a few market specialists. Furthermore market is inherently illiquid with 45k trades
per day, which corresponds to the 10.8% of outstanding securities. On the contrary
equity market has approximately 40m trades, which corresponds to the 99.7% of
outstanding securities. The daily dollar liquidity for corporate bond market averages
USD 27.5bn in contrast to equity market where is estimated at USD 282.5bn. In
corporate bond market we observe an intense activity in securities after their issuance
and following that this activity drops dramatically or ceases. In general, few securities
show daily activity making it difficult to study the market in question.

As mentioned above, corporate bond markets are relatively opaque regarding the pre-
trade available information and quotation. As far as the sell-side is concerned, there is
lack of available information for Dealers to make the market, since there are more
than 60,000 bonds outstanding but not all of them have “lit” quotes in related
securities (not all the issuers of corporate bonds are listed on a Stock Exchange).
Regarding buy-side, concerns arise due to the fact that wholesale trading happens
entirely apart from retail trading creating two different markets for institutional and
retail investors respectively. Consequently, retail investors are subject to higher prices
than institutional ones (e.g. institutional investors pay on average about 5bps less than
retailers®).  Furthermore, institutional investors raise concerns that public
dissemination of their trades gives an advantage to retail investors only. They assert
that the mid-term liquidity of the market is harmed by the fact that they are have been
reluctant to take large positions since TRACE reveals their positions and their private
information to the public.

In an effort to enhance the pre-trade transparency, liquidity and cost efficiency of the
bond markets, regulations have been implemented to establish e-trading in bond
market. A consequence of relative growth in electronic trading in the corporate bond
markets is that transaction costs per bond faced a decrease related to trade size and an
increase concerning credit risk®. Yet, it is widely accepted that, due to the structural

fragmentations of bond market, the transition to electronic era will be slow to arrive.

® Tracing the Bond Market ,2016, KCG Market Insight
® Ciampi and Zitzewitz (2010), Adrian, Fleming, Shachar, and Vogt (2015)
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In 2013 only 20%’ of corporate bond activity has mitigated to ATFs (Alternative

Trading Systems), which in turn get through dealers.

Data and sample statistics

We based our analysis on Trace data provided by FINRA including daily aggregated
trade data of the corporate bond market activity. More specifically, our dataset
consists of corporate bonds participating in the formation of JPMorgan US Liquid
Index (JULI Index). In this regard, our sample includes non-zero bullet bonds rated
Baa3/BBB- or higher by Moody's and Standard & Poor's, respectively, with issue
sizes of at least $300 million and issuer outstanding amount of fixed rate bonds at
least $1bn. Each issue has a maturity longer than 13 months from the index-beginning

date but no longer than 31 years.

Our sample combines bond level market data along with a wide range of bond’s
specific characteristics. In particular, our dataset contains bond prices, cds spreads and
cds bond basis, aggregate buying and selling daily trades (count of dealer buys and
sells) and volumes per bond (volume of dealer buys and sells) as well as total traded
volumes aggregated daily by size category. On the other hand bond attributes, which
are available in our dataset, encompass coupon, maturity, issuer, credit rating status,

business sector and issuer’s domicile among others.

Our initial sample consists of approximately 900.000 observations, but about 300.000
of which are not taken into consideration in our analysis, as they pertain to days
without trading activity (i.e. zero traded volumes). Our final sample includes 4,287
unique CUSIPs of 958 issuers on 270 successive dates (Table 2-Panel A). Sample
period ranges from January 30th, 2012 to June 3rd, 2013 including a 3 months gap
between December 28th, 2012 and March 28th, 2013 due to lack of available

transaction data.

" Corporate Bond E-Trading: Same Game, New Playing Field, 2013, McKinsey&Company and
Greenwich Associates Report
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In Tables (2) and (3), a statistical analysis is presented to show the allocation of our
data in accordance to some of the statistic characteristics mentioned above. More
specifically in the two first Columns of Tables (2) and (3) we show the allocation of
our total observations (active trades) to business sector and issuer’s domicile
respectively. Similarly, Columns (3) to (6) of the abovementioned Tables show the
allocation of the total number of unique bonds and issuers respectively per business
sector and issuer’s domicile. Furthermore, panels (A) and (B) of Table (4) reports the
allocation of active trades and unique bonds credit rating status and remaining

maturity band respectively.

In Table (5) we display some descriptive statistics regarding daily trades. As shown in
Panel (A), the average number of daily trades is 4.92 and mean traded volume per
bond is $2,836,619. The daily volume per bond that came from small, medium and
large size trades are on average $131,113, $2,048,131 and $1,638,002 respectively.
Furthermore, we observe that on average there are 592 traded issuers with 3.66 active

bonds per day.

Finally, we divide our observations into three categories according to the size of total
traded volume, less than 100K, between 100K & 1m and more than 1m. In Table (6),
we present the joint allocation of daily aggregate buy and sell volumes and trades to

each three categories.

Formation of variables

In this section, it is necessary to incorporate a series of variables to continue our
analysis. Firstly, we distinguish which trades could be attributed to retail and
institutional investors respectively by taking advantage of the fact that our sample
contains volume information for the individual size of trades. As retail investors we
define small banks, corporations and retailers, whereas as institutional investors we
define larger banks and funds. Next, we approach retail investors’ daily volume
through the daily volume of small trades (< $100K). Simultaneously, through other

two categories (>$1M volumes) we approach institutional investors’ daily volume.
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In this sense, we define the daily fraction of institutional investors’ volume of bond i
on day t to the total traded volume by institutional investors on day t, which presents
the daily market share of institutional investors on bond i (henceforth market share of

institutionals). That is,

o institutional volume; ,
InstitutionalsShare;; = q7—————
' ¢=1 Institutional volume;

Similarly, we calculate the fraction of retail investors’ volume of bond 1 on day t to
the total traded volume by retail investors on day t, which presents the daily market
share of retail investors on bond i (henceforth market share of retailers). That is,

. retail volume; ,
RetailersShare;; = o7 _
=1 retail volume; ,

Given that our variables present the total traded volume by each investor category
regardless to the direction of them trades, we recalculate the respective variables
incorporating the direction of the aggregate daily trades in term of traded volume. To
do so, we firstly calculate the fraction of buying volume of bond i on day t to the total
traded volume (i.e. dealer’s sell and buy volume) of bond i on day t. That is,

$Buy;

BVfr, =
[Tt $Buy; . + $Sell;,

Next, we also calculate the daily average buying volume fraction as shown below.

Y BVfr,

E.(BVfr) = I
t

Where I; is the number of actively traded bond on day t.

By employing the above variables, we now generate the signed market share of

institutionals and retailers of bond i on day t, as follows.
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InstitutionalsShare;, if BVfritZEt(BVfri‘t)

Sinstituti IsShare; ; = .
nstuutionatsonare; {—InstitutionalsSharei,t if BVfr,, < Et(BVfrl. )

And

RetailersShare;, if BVfr, >Et(BVfrl.t)

it =

SRetailersShare;, = {—RetailersShareilt if BVfr,, < Et(BVfrl. )

It is essential to note that we determine as bought the bonds which their buying
volume fraction exceeds or equals to market average. Correspondingly, as sold are

defined the bonds which their buying volume fraction falls behind market average.

Correspondingly, we calculate the signed market share of institutionals and retailers

of issuer j on day t, as follows.

I
RPN
Zij=1 institutional volume;;

1. InstitutionalsShare;; = 77—
’ Yi= institutional volume; ;

I .
t .
Ei]=1 retail volume; ;

2. RetailersShare; ; =
It YT, retail volume;

Ij;
Ziil $Buyi,t

3' BVfr],t = Ijt

Y.L, $Buy;+$Sell;,

st BV,
4. E (BVfre) = 2—

InstitutionalsShare;, if BVfrj, = E.(BVf7;.)

5. SInstitutionalsShare;, = {—InstitutionalsSharej,t if BVfr, <E.(BVfr;.)

RetailersShare;, if BVfrj, = E/(BVfr;,)

6. SRetailersShare;, = {—RetailersSharej,t if BVfrj; <E(BVfrj.)

Descriptive statistics of the created variables are provided in Table (7).
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Empirical Analysis-Hypothesis Development

In this section, we attempt to pursue patterns related to institutional investors’ daily
trading activity on corporate bond market. In doing so, we develop our analysis in two
stages; during the first stage we test the existence of institutional investors herding
behavior in the corporate bond market. In the second stage we analyze the common
objectives of institutional investors’ herding behavior in the particular market. In this

sense, we frame the following eight hypotheses that then we put to test.

Herding Behavior

1: Institutional investors follow other investors on trading the same bonds.
2: Institutional investors follow other investors into or out of the same bonds.
3: Institutional investors exhibit greater level of herding behavior on more liquid

bonds.

Determinants of Institutional investors’ herding behavior

4: The level of Institutional investors’ herding behavior varies among bonds of
different credit rating categories.

5: The level of Institutional investors’ herding behavior varies among bonds in
different maturity bands.

6: The level of Institutional investors’ herding behavior varies among bonds of
different sectors.

7: Institutional investors herd on bonds’ overvaluation/undervaluation.

8: Institutional investors’ herding behavior is extended to issuer level.
Empirical Analysis

Hypothesis 1: Institutional investors follow other investors on trading the

same bonds.

We frame the first hypothesis to explore whether institutional investors follow other

investors, institutionals or retailers, on trading the same bonds over successive days.
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To test our hypothesis, we adopt a methodology influenced by Sias approach. In
particular, we attempt to directly capture the cross-sectional temporal dependence on
institutional investors’ concentration on bonds over successive days by regressing the
daily market share of institutionals on the previous’ day market share of institutionals

and retailers respectively. That is,

InstitutionalsShare;, =

= a + fyInstitutionalsShare;_, + f,RetailersShare;,_, + e;; (1)

It is worth to note that we use a pooled panel regression where the observations are
clustered by time. In this way, we let our model to obtain cross-sectional effects.

The regression’s results are presented in Column (1) of Table (8).
We report a strong positive relation between market share of institutionals today and
previous day and a lower yet statistically significant relation with market share of
retailers, which average 0.40 and 0.08 respectively. Additionally, we report a positive
and statistically significant constant which averages 0.0001. In line with our first
hypothesis, our results provide evidence that institutional investors follow each other
on trading the same bonds on daily basis. Furthermore, institutional investors follow
the trades of retail investors as well but in a lower level. Lastly, the positive constant
term indicates that institutional investors have a tendency to concentrate around
actively traded bonds. This finding is consistent with the spotlight theory which
suggests that investors in the corporate bond market tend to concentrate around bonds

which for some reason have attracted the market interest.

Hypothesis 2: Institutional investors follow other investors into or out of

the same bonds.

Moving forward with our analysis, we frame the second hypothesis to examine
whether institutional investors follow other investors, retailers or institutionals, into or
out of the same bonds. To do so, we utilize the signed market share of institutional

and retail investors and run the below pooled panel regression.

SInstitutionalsShare; ; =

= a + p;SInstitutionalsShare;;_, + ,SRetailersShare;;_, + e;; (2)
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As shown in Column (2) of Table (8), we report a positive and statistically significant
relation between the signed market share of institutional investors today and previous
day which averages 0.04. We also report a weaker but statistically significant relation
between the signed market share of institutionals today and the previous day signed
market share of retailers which averages 0.006. This finding suggests that institutional
investors follow investors on trading the same bonds causing the closure of the market
for these bonds to be in the same direction with the previous day (i.e. bought or sold).
In other words, institutional investors follow both institutional and retail investors into
or out of the same bonds, yet retailers at a lower level. Lastly, we report a positive and
statistically significant constant (averages 0.00002) which indicates a buy drift on
institutional investors’ demand. Our results are consistent with institutional herding

behavior theory which we expand on short-term basis.

Hypothesis 3: Institutional investors exhibit greater level of herding
behavior on more liquid bonds.

As we mentioned above, the corporate bond market is particularly illiquid. To capture
the more liquid part of bond market, we analyze the bonds participating in the
formation of JULI Index. Although we exclude the non-active bonds per day, we
observe that there are few trades per bond (the sample median of the total daily trades
per bond equals to three). Consequently, herding behavior that we report might be
driven by investors which return to complete a large trade that drained market

liquidity the previous day.

To examine the validity of the abovementioned statement we frame the third
hypothesis to test whether the reported positive relation on successive days’ demand
persists on liquid bonds. In doing so, we classify all bonds to 5 quintiles according to
their total turnover over the examined period. The first quintile consists of the most
illiquid bonds (i.e. lowest total turnover), whereas the fifth quintile includes the most
liquid (i.e. highest total turnover). Next, we run a pooled panel regression of the daily
signed market share of institutionals on its lagged term and on its lagged term coupled
with the turnover dummies (except the dummy of the first quintile which is used as
basis). That is,
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SInstitutionalsShare;, =
= a + p; SInstitutionalsShare; _, +
+ B;SInstitutionalsShare;;_TurnoverQ2, +
+ BsSinstitutionalsShare; ., TurnoverQ3; +
+ B4SInstitutionalsShare; . TurnoverQ4; +

+ PsSInstitutionalsShare;,_Turnover@5, + e;; (3)

Our results are presented in Table (9). We observe that the Bl coefficient is
statistically insignificant at confidence level 10% whereas as we move towards more
liquid quintiles both coefficients and their confidence level increase (B3 0.041 s.l
10%, B4 0.048 s.l. 5% and B5 0.077 s.Il. 1%). In this regard, we reject the above
statement that the report positive pattern on institutionals demand over successive day
could be attributed to liquidity issues of the corporate bond market. Furthermore, we
prove our third hypothesis that institutional investors exhibit a greater tendency to
follow each other into or out of the same, more liquid, bonds. In the light of this
finding we firmly document a tendency of institutional investors to trade in herds on

corporate bond market over successive days.

Having documented that institutional investors trade in herds on corporate bonds
market over the period investigated, we move forward with our analysis and attempt

to access the determinants of such behavior.

Hypothesis 4: The level of herding behavior varies among bonds of

different credit rating cateqgories

A question that firstly arises is whether institutional investors’ herding behavior varies
through bonds of different credit rating status. According to informational cascades
theory of herding, we would expect the herding level of institutional investors to be
greater on lower rated bonds. In general, lower rated bonds are characterized by
greater uncertainty/risk. In this regard, credit rating status could be a driver of herding
behavior based on informational cascades theory. On the other hand, investigative

theory of herding suggests that institutional investors’ herding behavior arises from
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the fact that institutional investors get positive correlated signals. In this sense, greater
level of herding on higher rated bonds would indicate this theory.

To examine which theory better explains the institutional herding behavior on the US
market over the examined period, we frame our fourth hypothesis to test whether
herding behavior is differentiated between BBB rated bonds and the bonds on the A
credit rating class (i.e. A, AA, and AAA rated bonds).

To do so, we generate a dummy variable for BBB credit rated bonds and run a pooled
panel regression of the daily signed market share of institutionals on its lagged term

and on its lagged term coupled with dummy. That is,

SInstitutionalsShare;, =
= a + f; SInstitutionalsShare;,_1 +

+ BiSiInstitutionalsShare;;_1Dggg,, , + €;x  (4)

The regression’s results are shown in Table (10). Indeed, we observe a statistical
significant difference on level of herding based on credit rating. For the bonds of A
credit rating class we report an on average 0.026 level of herding whereas for BBB
rated bonds herding level is increased by 0.030. In this regard, our results point out
the tendency of institutional investors to disregard their own information and follow
other investors’ trades regarding riskier bonds. This behavior is considered rational
when we consider the uncertainty that prevails on financial markets over the

examined period.

Hypothesis 5: The level of herding behavior varies among bonds in

different maturity bands.

Moving forward with our analysis, we examine whether the level of herding differs
for bonds with longer maturities. To do so, we incorporate two dummy variables
representing bonds with at least 5 to 15 years and 15 to 30 years to maturity
respectively. Next, we frame our fifth hypothesis to test whether the herding level of

institutional investors on bonds with less than five years to maturity differs from
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bonds on remaining two maturity bands. To test our hypothesis, we run the respective

pooled panel regression employing the maturity bands dummies as shown above.

SInstitutionalsShare; ; =
= a + p; SInstitutionalsShare;;_; +

+ B,SInstitutionalsShare;,_;rym(5 — 15) +

i,t—1

+ B3SInstitutionalsShare; ,_,vym(15 — 30) + e, (5

it—1

Regressions’ results are shown in Table (11). Interestingly, we observe that
institutional investors’ herding levels are greater for mid-term than short-term bonds,
whereas long-term bonds show the lowest herding levels. These findings could be
driven by the fact that the main participants on mid-term bonds’ market are mutual
and hedge funds which mark to market their portfolios. On the contrary, the main
participants of long-term bonds’ market, pension funds, prefer strategies such as buy
and hold.

Hypothesis 6: The level of Institutional investors’ herding behavior varies

among bonds of different sectors.

Another interesting question is whether the level of herding varies among bonds
issued by companies of altered sectors. To test this hypothesis, we create fifteen
dummy variables for each sector in our sample. Then we run a pooled panel
regression of the daily signed market share of institutionals on its lagged term and on
its lagged term coupled with several combinations of the sector dummies. To choose
the appropriate model we exclude each time the sector dummies which coefficient do
not indicate herding behavior (the joint effect of basis sector and dummy sector
average to zero). Below we present the final model.
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SInstitutionalsShare; ; =
= a + f, SInstitutionalsShare;,_1 + [,SInstitutionalsShare;,_Banks; +
+ BsSInstitutionalsShare; ., BasicIndustries; +
+ BiSInstitutionalsShare; _, CapitalGoods; +
+ BsSinstitutionalsShare;,_Energy, +
+ BeSInstitutionalsShare; . Insurance; +
+ B;SInstitutionalsShare; ,_MediaEntertainment; +
+ BgSInstitutionalsShare;;_,Technology, +

+ BoSInstitutionalsShare;,_ Telecoms; +e;; (6)

Regressions’ results, presented in Table (12). Indeed, our results suggest that
institutional investors exhibit different level of herding based on bonds of different
sectors. We report a more severe level of herding on Telecommunication Industry
which averages 0.079. Second higher level of herding is observed on bonds of Basic
Industries  which averages 0.060. In turn, bonds issued by Banks and companies of
Energy and Media & Entertainment sector show levels of herding which do not
statistically differs and average approximately 0.05. Similarly, bonds issued by
companies of Capital Goods, Insurance and Technology sector exhibited same level
of herding which averages approximately 0.03. Correspondingly we do not report a
tendency of institutional investors to herd on bonds issued by companies in the sector
of Consumer Goods, Healthcare & Pharmaceuticals, Property & Real Estate, Retails,

Transportation, Utilities and Diversified.

Hypothesis 7: Institutional investors herd on bonds’ overvaluation/

undervaluation.

Another potential driver of institutional investors’ herding behavior could be the
deviation of bonds’ prices from their fundamentals. In this sense, we frame our
seventh’ hypothesis to examine whether institutional investors trade on herds when
the implied par equity spread deviates from credit default swap spread. To do so, we
divide our daily observations into five quintiles according to their cds bond basis (i.e.

par equity spread minus credit default swap spread). In this sense, the fifth quintile
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refers to most overvalued bonds, whereas the first indicates the most undervalued.
Then, we create two dummies which indicate the transition from higher quintiles to
first or second quintile respectively. Correspondingly, we create other two dummy
variables which capture the transition from lower quintiles to fourth or fifth quintile

respectively.

Next, we run a pooled panel regression utilizing the aforementioned dummy variables,

as shown below:

SInstitutionalsShare; ; =
= a+ B, SnstitutionalsShare;,_, + B;SInstitutionalsShare;,,UpQ4,, ; +
+ BsSinstitutionalsShare; ,_, UpQSl.'t_1 +
+ BySinstitutionalsShare;,_1DownQ2; | +

+ fsSInstitutionalsShare; ., DownQ1 +e, (7)

it—1

As shown in Table (13), all coefficients are significant at 5% significance level except
of the coefficient related to transition to the fifth quintile. Our results document an
increased positive relation on institutional investors’ demand for bonds that the
previous day were either overvalued or undervalued, yet not extremely. Furthermore,
we observe that this relation is even more intense on bonds that the previous day were
undervalued (beta 1, 2 and 4 coefficients average 0.03, 0.05 and 0.10 respectively).
Additionally, we note a negative relation on institutional investors’ demand for bonds
that the previous day were extremely undervalued (joint effect of beta 1 and 5

coefficients averages -0.07).

These findings suggest that institutional investors follow each other into (out of) the
same bonds causing the overvaluation (undervaluation) of those bonds. However,
when the bonds are extremely undervalued, institutional investors’ trades tend to
correct this market inefficiency by taking the counter side. Last but not least, we do
not observe any correction tendency on extremely overvalued bonds. This inefficiency
might be due to the fact that it is more difficult to arbitrage on an overvalued bond

since it is necessary to hold it.
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Hypothesis 8: Herding behavior is expanded on issuer level

Finally, it would be interesting to examine whether institutional investors’ herding
behavior is expanded to issuer level. To do so, we repeat the same analysis utilizing

the signed market share of institutionals and retailers of issuer j on day t. That is,

SInstitutionalsShare;; =

= a + piSInstitutionalsShare;;_; + B,SRetailersShare;,_, + e, (8)

The regression’s results are presented in Table (14). In line with individual bonds’
analysis we report a positive and statistically significant at 1% relation between
signed market share of institutional investors today and signed market share of both
institutionals and retailers the previous day on issuer level. This finding indicates that
institutional investors’ herding is expanded to issuer level. Interestingly, we observe a
higher level of institutional investors’ herding on previous day activity of both

insitutionals and retailers, which average 0.049 and 0.024 respectively.
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Conclusions

To summarize, in this dissertation we work on an issue that recently has attracted the
attention of financial community, herding behavior. Many concerns have risen
regarding the implication of such behavior on amplifying stability of financial
markets. In particular, we investigate whether institutional investors herd on their

daily trades (daily trading activity) in U.S. corporate bond market.

We implement a methodology influenced by Sias approach, which allows us to
directly capture the cross-sectional temporal dependence on institutional investors’
concentration on bonds over successive days. In this regard, we document a great
tendency of institutional investors to follow each other on trading the same bonds as
well as lower, yet statistically significant, tendency to follow each other into or out of

the same bonds.

Furthermore, we point out an increased tendency of institutional investors to herd on
BBB credit rated bonds comparing to A or higher credit rated bonds. Our results
provide some evidence is in support of informational cascade theory. We also report
greater level of herding on mid-term bonds which can be attributed to the fact that the
main participants on that market, mutual and hedge funds, mark to market. Moreover,
we indicate sectors on which institutional investors exhibit herding behavior over the
examined period. Lastly, we document an expansion of institutional herding behavior

at issuer level.

Additionally, we provide evidence that institutional investors herd on bonds
over/undervaluation buy following the same direction of trades. Yet, at extremely
undervalued bond their direction of trade is reversed to correct. We do not observe the
same pattern on extremely overvalued bonds, possibly because it is more difficult to

speculate in this case as it needs to hold the bond.
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Table 1

Corporate Bond vs Equity Market

Corporate Bonds Equities

Market Size $ 8tr $ 20tr
Liquidity
(daily $) $27.5bn $282.5 bn
Number of securities ~66,000 ~8,000 NMS® Stocks
Breadth - 0 ~ 0
(securities traded/day) 7,500 (10.8%) 8,000 (99.7%)
Liquidity N N
(trades/day) 45K 40m
Price discovery ~
(trades/day/security) 16 4K
Trading Regulated by SEC, FINRA SEC, FINRA
Exchange no yes

Mostly RFQ 0
Executable Quotes (Request for Executable quotes for 99 ./O.Of

X securities
quotation)

Consolidated tape TRACE SIp®

Tape latency

How are they traded

Reporting covers

Number of trading venues

Trades reported since

Up to 15 minutes
(1 day for Block
trades)

Exchange (~0%)
ATS! (20%)
OTC/Phone (80%)

Corporate bonds
OTC+ ~22 ATSs
2002

~0.0008 seconds: SIP
Up to 10 seconds: TRF°

Exchanges (66%)
ATS (15%)
OTC(19%)

All listed stocks

Around 50 (Exchanges &
ATS)

1975

Source: SIFMA, Bloomberg, FINRA, BATS, KCG

® National Market System

% Session Initiation Protocol
19 Trade Reporting Facility

1 Alternative Trading System
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Panel A: Sample Data

Table 2

Total Observations 585,450

Number of CUSIPs 4,287

Number of Issuers 958

Number of observed dates 270

Panel B: Allocation by business sector of:

Total Obs. Bonds Issuers
Freq. % Freq. % Freq. %

Banks 124,268 21.23% 760 17.73% 173 18.06%
Basic_Industries 37,999  6.49% 282 6.58% 71 7.41%
Capital Goods 28,757  4.91% 246 5.74% 51 5.32%
Consumer 54,285  9.27% 414 9.66% 92 9.60%
Diversified 4,356 0.74% 28 065% 3 0.31%
Energy 63,367 10.82% 505 11.78% 117 12.21%
Healthcare Pharmaceuticals 47,704  8.15% 363 847% 66 6.89%
Insurance 32,284  551% 207 483% 59 6.16%
Media Entertainment 31,812  5.43% 200 467% 33 3.44%
Property Real Estate 13,220 2.26% 131 3.06% 40 4.18%
Retail 29,235  4.99% 189 4.41% 33 3.44%
Technology 32,957 5.63% 214  499% 46  4.80%
Telecoms 32,925 5.62% 179 4.18% 35 3.65%
Transportation 11,497  1.96% 107 250% 20 2.09%
Utilities 40,784  6.97% 462 10.78% 119 12.42%
Total 585,450 100.00% 4,287 100.00% 958 100.00%




Bonds allocation by issuer domicile

Table 3

Total Obs. Bonds Issuers
Freq. % Freq. % Freq. %
United Arabic Emirates 22 0.00% 2 0.05% 2 0.21%
Australia 4,890 0.84% 44 1.03% 13 1.36%
Belgium 5,611 0.96% 36 0.84% 6 0.63%
Brazil 6,503 1.11% 42 0.98% 12 1.25%
Canada 20,656 3.53% 186 4.34% 42 4.38%
Switzerland 12,403 2.12% 78 1.82% 24 2.51%
Chile 694 0.12% 0.14% 3 0.31%
China 198 0.03% 0.16% 3 0.31%
Colombia 1,194 0.20% 0.14% 3 0.31%
Germany 2,262 0.39% 18 0.42% 6 0.63%
Denmark 31 0.01% 2 0.05% 1 0.10%
Spain 3,523 0.60% 18 0.42% 5 0.52%
Finland 171 0.03% 2 0.05% 1 0.10%
France 6,183 1.06% 40 0.93% 15 1.57%
United Kingdom 23,538 4.02% 156 3.64% 30 3.13%
Greece 29 0.00% 0.02% 1 0.10%
Ireland 1,078 0.18% 0.19% 2 0.21%
Israel 1,576 0.27% 0.21% 5 0.52%
India 6 0.00% 0.02% 1 0.10%
Italy 2,656 0.45% 12 0.28% 2 0.21%
Japan 1,306 0.22% 15 0.35% 5 0.52%
Korea 9 0.00% 3 0.07% 2 0.21%
Luxembourg 1,927 0.33% 14 0.33% 2 0.21%
Mexico 3,787 0.65% 26 0.61% 6 0.63%
Netherlands 6,004 1.03% 43 1.00% 11 1.15%
Norway 1,761 0.30% 16 0.37% 3 0.31%
Russian Federation 10 0.00% 1 0.02% 1 0.10%
Sweden 671 0.11% 7 0.16% 0.31%
Singapore 1 0.00% 1 0.02% 0.10%
United States 476,037 81.31% 3,483 81.25% 745 T77.77%
South Africa 713 0.12% 4 0.09% 2 0.21%
Total 585,450 100.00% 4,287 100.00% 958 100.00%
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Table 4

Panel A: Allocation by credit rating status of:

Total Obs. Bonds

Freq. % Freq. %
AAA 4,999 0.85% 1,691 0.00%
AA 44,417 7.59% 316 0.00%
A 241,141 41.19% 32 0.00%
BBB 294,893 50.37% 2,248 0.00%

Total 585,450 100.00% 4,287 100.00%

Panel B: Allocation by remaining maturity band of:

Total Obs. Bonds

Freq. % Freq. %
lower than 5 years 245907  42.01% 1572  36.67%
5to 15 years 215,584  36.83% 1,703  39.72%
15 to 30 years 123,857  21.16% 1,012 23.61%

Total 585,450 100.00% 4,287 100.00%
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Table 5

Trades Statistics

Obs Mean  Std.Dev. Min Max
Average number of CUSIPs per day 270 2,168 231 432 2,700
Average number of dealer trades per day 270 4.92 0.62 1.84 6.73
Average volume of dealer trades per day 270 2,836,619 629,225 389,729 4,532,702
Average daily aggregate volume of trades sized less than100K 270 131,113 20,056 43,134 181,453
Average daily aggregate volume of trades sized between 100K & 1m 270 2,048,131 414,059 314,171 3,041,926
Average daily aggregate volume of trades sized higher than 1m 270 1,638,002 481,464 134,311 2,979,798
Average number of Issuers per day 270 592 54 111 705
Average number of CUSIPs per Issuer 270 3.66 0.15 2.56 3.96
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Panel A: Statistics for Daily Sell Volumes per Bond

Table 6

Sell Vol. < 100K 100K < Sell Vol. < 100m Sell Vol. = 100m Total

Buy Vol.< 100K 30.05% 12.72% 6.74% 49.50%
100K < Buy Vol. < 100m 14.74% 7.75% 4.43% 26.93%
Buy Vol. > 100m 8.54% 4.56% 10.47% 23.57%
Total 53.33% 25.03% 21.63% 100.00%
Panel B: Statistics for Daily Buy Volumes per Bond

Obs Mean Std. Dev. Min Max
Buy Vol.< 100K 283,214 15,081 23,648 0 99,000
100K < Buy Vol. < 100m 162,728 370,131.90 235,759.00 100,000.00 999,000.00
Buy Vol. > 100m 139,508 5,566,935 6,863,485 1,000,000 293,000,000
Total 585,450 1,436,730 4,074,289 0 293,000,000
Panel C: Statistics for Daily Sell Volumes per Bond

Obs Mean Std. Dev. Min Max
Sell Vol.< 100K 306,777 18,275 24,398 0 99,000
100K < Sell Vol. < 100m 151,323 350,023.90 230,831.60 100,000.00 999,000.00
Sell Vol. > 100m 127,350 6,113,093 7,181,723 1,000,000 232,000,000
Total 585,450 1,429,798 4,165,303 0 232,000,000
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Table 7

Variable Obs Mean Std. Dev. Min Max
InstitutionalsShare 585,348 0.03% 0.06% 0.00% 3.57%
SinstitutionalsShare 585,348 0.00% 0.06% -3.03% 3.57%
RetailersShare 585,348 0.05% 0.11% 0.00% 5.32%
SRetailersShare 585,348 0.01% 0.12% -3.55% 5.32%
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Table8

InstitutionalShare; ¢

SinstitutionalShare; ;

Table 9

SinstitutionalShare;

InstitutionalsShare; ., 0.405 ™ SinstitutionalsShare; ;.4 -.02750
0.00 18700
RetailersShare; ., 0.0789 ™ SinstitutionalsSharej.; ~ Turnover_Q2; 0.015
0.00 0.52
SinstitutionalsShare; ;.1 0.0367 *** Turnover_Q3; 0.041 =
0.00 0.06
SRetailersShare; .1 0.0064 *** Turnover_Q4; 0.048 =
0.00 0.02
Turnover_Q5; 0.077 »»x
0.00
Constant 0.0001 ™" 0.00002 *** Constant 0.00002
0.00 0.00 0.00
overall Rsq 0.22 0.002 overall Rsq 0.002
Number of Obs 456,441 456,441 Number of Obs 456,441
Number of Groups 267 267 Number of Groups 267
Avg Obs per Groups 1,710 1,710 Avg Obs per Groups 1,710
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Table 10

SinstitutionalShare; ¢

SinstitutionalsShare; .1

SinstitutionalsShare; 1.1

BBBi1

02560
.000

0.030 ™"
0.00

Constant 0.000025
0.00
overall Rsq 0.002
Number of Obs 456,441
Number of Groups 267
Avg Obs per Groups 1,710

Table 11
SinstitutionalShare;
SinstitutionalsShare; 1.1 03120 »xx
.000
SinstitutionalsShare; 1.1 Qrym5-15;4 0.022 »xx
0.00
Qrym15-30; 11 -0.01 »*
0.02
Constant 0.000025 s
0.00
overall Rsq 0.002
Number of Obs 456,441
Number of Groups 267
Avg Obs per Groups 1,710
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Table 12

SinstitutionalShare; ¢

SinstitutionalsShare; ;.1

SinstitutionalsShare; .1

Constant

Banks

Basic Industries

Capital Goods

Energy

Insurance

Media Entermaintment

Technology

Telecoms

-.00655
.12100
0.054 #xx
0.00
0.067
0.00
0.026 *
0.02
0.047 e
0.00
0.026 **
0.02
0.045
0.00
0.039
0.00
0.086
0.00
0.000025 ##+
0.00

overall Rsq

Number of Obs
Number of Groups
Avg Obs per Groups

0.002
456,441
267
1,710
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Table 13

SinstitutionalShare; ;

Tablel4

SinstitutionalShare; ;

*kxk

SinstitutionalsShare; .1 03420 »»» SinstitutionalsShare; ;-1 0.050
.000 0.00
SinstitutionalsShare; 1.1 UpQ4i 11 0.046 » SRetailersShare; ;.1 0.025 ™
0.02 0.00
UpQ5it1 -0.040
0.13
DownQ2 .1 0.096 =+
0.00
DownQ1 .1 -0.103 ==
0.00
Constant 0.000043 Constant -0.00003 ***
0.00 0.05
overall Rsq 0.002 overall Rsq 0.006
Number of Obs 64,542 Number of Obs 138,900
Number of Groups 49 Number of Groups 267
Avg Obs per Groups 1,317 Avg Obs per Groups 520
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