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Abstract

Does banker human capital create value beyond bank-level effects in bond un-
derwriting? I assemble novel data on senior banker mobility in public finance
and study whether municipal borrowers benefit from following their banker
when she moves to a new institution. To isolate the value added by the banker,
I exploit quasi-exogenous variation from the 2021 Texas underwriter ban, which
forced several major banks to exit municipal underwriting. Many bankers sub-
sequently moved, inducing some borrowers to follow them. Using an instrumen-
tal variables approach, I find that following a banker reduces yield spreads by
19.5 basis points, with larger gains for bankers with MBA degrees. Bankers add
value not only through information production but, more importantly, through
their investor networks. These results imply that for bond underwriting, in-
formational capital and investor relationships are portable with bankers, not
institutions, and suggest a non-neutral effect on issuers when bankers move.
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1 Introduction

Access to external financing is central for companies, countries, and municipal bor-

rowers (Modigliani and Miller, 1958; Rajan and Zingales, 1998). In primary bond

markets, this access is mediated by bond underwriters. They certify issuer quality

and place bonds with investors, whose demand often responds to the underwriter’s

reputation. While existing research documents these reputation effects at the bank

level (Fang, 2005), the contribution of individual bankers remains largely unexplored.

Accordingly, we lack evidence on how banker mobility affects borrowers and whether

value stems from the banker’s portable skills or from the bank’s institutional capital.

This paper explores whether individual bankers have an independent, economically

meaningful effect on bond issuance outcomes beyond the bank’s brand. I study this

question in the context of the municipal bond market, which is among the largest

U.S. capital markets, with new issuance of about $500 billion in 2024.1 The main

result of the paper shows that the human capital of bankers plays a crucial role in

bond underwriting by adding value not only through information production but

largely through investor networks. The results suggest that investor relationships

and informational capital travel with the banker and cannot be fully embedded in

the bank.

A comparable contribution of human capital appears in other areas of financial

intermediation. For example, in lending, loan-officer experience and local knowledge

mitigate information frictions (Bushman, Gao, Martin, and Pacelli, 2021; Engelberg,

Gao, and Parsons, 2012; Fisman, Paravisini, and Vig, 2017), and in the M&A market,

advisor reputation and deal-structuring skills enhance acquisition outcomes (Golubov,

Petmezas, and Travlos, 2012; Chemmanur, Ertugrul, and Krishnan, 2019). In these

settings, individual expertise helps uncover soft information and improves transac-

1Source: https://www.msrb.org/sites/default/files/2025-01/MSRB-2024-Municipal-Market-
Year-in-Review.pdf
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tional efficiency. By contrast, the role of individual bankers in bond underwriting,

particularly in municipal markets, is ex ante ambiguous. On the one hand, issuers

are public entities (state and local governments, school districts, hospitals) that are

generally subject to audited financial statements and public-disclosure requirements,

suggesting a limited need for banker-specific information production. On the other

hand, formal disclosure does not eliminate search and placement frictions: successful

issuance still requires matching bonds to the right investors and credible certification

of issuer quality. These frictions can create scope for banker skill to affect issuance

outcomes.

Translating this plausibility into credible evidence raises two empirical challenges.

First, it requires granular data on banker–borrower interactions, ideally tracking

bankers across employers and linking them to specific issues, to identify person–specific

effects. Second, the banker–borrower relationship is likely endogenous: whether a re-

lationship is maintained depends on unobserved attributes of both parties that also

influence pricing.

This paper addresses these challenges using the municipal bond market as a lab-

oratory. I assemble a novel dataset that links senior banker job moves to the bonds

they underwrite, allowing me to observe when bankers switch employers and whether

issuers follow them to the new institution. To make causal statements about the role

of banker human capital, I exploit an unexpected policy shock, the September 2021

Texas underwriter ban that severed established bank–issuer ties and exogenously in-

creased the propensity for affected issuers to follow their banker to a new institution.

Using an instrumental variables design, I find that the marginal decision to follow

a relocating banker lowers borrowing costs by an average of 19.5 basis points. This

effect is economically meaningful and approximately equivalent to a one-notch im-

provement in credit rating, as documented in the municipal bond literature (Adelino

et al., 2017). The magnitude and pattern of the effect are consistent with portable
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human capital rather than value residing solely at the institutional level.

This finding is especially important in the context of the municipal bond market.

Municipal bonds finance core public goods and infrastructure, such as schools, roads,

water systems, and hospitals. As a result, even small pricing changes can translate

into meaningful taxpayer savings. In addition, the institutional characteristics of the

municipal bond market make this setting particularly suitable for studying banker

relationships. More than 90% of municipal deals are underwritten by a single bank,2

and public finance teams at a bank can be as small as a single senior banker. This con-

trasts with the corporate bond market, where multiple banks often share underwriting

duties and large banking departments obscure individual contributions. Therefore,

since a single bank typically serves as the lead underwriter and most borrowers retain

the same lead underwriting bank for several years, the bank-borrower relationship in

the municipal bond market is both highly visible and sticky.

Data and methodology. To disentangle the value of the banker from the bank, I

collect novel data on senior municipal banker movements from The Bond Buyer. The

Bond Buyer is an industry-leading newspaper and data provider previously employed

in studies of government auctions (Garrett, Ordin, Roberts, and Suárez Serrato, 2023;

Garrett, 2024; Garrett and Ivanov, 2024; Li, 2024). By analyzing news reports of

banker relocations, I link each mover to their borrower relationships by bank and

banker specialization. I restrict the sample to bonds offered by borrowers whose

relationship banker moved during the period of 2019-2024.

To establish the causal effect of following a relationship banker on municipal bond

spreads, I employ an instrumental variables strategy leveraging the 2021 Texas Under-

writer Ban. By prohibiting five major underwriters from underwriting new municipal

bonds, the ban created a sudden, externally imposed severance of borrower–bank re-

2Consistent with Chen et al. (2025), who report that 87% of municipality’s bonds are issued with
the same underwriter over 2001–2019.
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lationships. This regulatory shock generated plausibly random variation in borrowers’

incentives to follow their banker: because remaining with the incumbent bank became

infeasible, the relative cost of preserving relationship-specific information decreased

significantly for affected borrowers. This setting thus identifies the Local Average

Treatment Effect (LATE), capturing the yield spread impact of the marginal decision

to follow the banker induced by the ban.

Identifying assumptions require that target selection into treatment be indepen-

dent of borrower characteristics, a condition supported by evidence that banned and

non-banned underwriters were indistinguishable in their pre-ban market presence and

average yields. Because the ban targeted banks’ ESG policies that are orthogonal to

borrower credit fundamentals, the timing and assignment of treatment are plausi-

bly exogenous. Relevance is satisfied by a strong first stage demonstrating that the

ban raises “follow” rates among affected issuers by 14 percentage points. To ensure

that the exclusion restriction holds, I incorporate bank × quarter fixed effects, which

absorbs any direct impact of reduced competition on borrowing costs. Thus, identi-

fication arises solely from within the bank and quarter differences between borrowers

who follow their banker and those who do not, yielding conservative estimates of the

value of banker relationships.

Findings and mechanisms. My findings demonstrate that municipal borrow-

ers place substantial value on individual bankers. Focusing on borrowers whose de-

cision to follow was influenced by the Texas underwriter ban, I estimate that the

marginal decision to follow a relationship banker reduces borrowing costs by 19.5

basis points. At the median deal size and maturity term, this corresponds to approxi-

mately $290,410 in savings per issuer. The presence of a significant effect is consistent

with at least some portability of the human capital rather than full value stemming

from the institution.

I next investigate the economic channels through which individual bankers may
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add value. First, I explore the informational channel where bankers gather borrower-

specific private information through repeated interactions. To test this mechanism,

I first focus on unrated municipal borrowers that lack public credit signals and thus

face greater information asymmetry. In an IV specification, I find that unrated issuers

who follow their banker experience greater yield reductions than an average issuer,

consistent with bankers’ private information mitigating informational frictions. This

is consistent with Butler (2008) who shows that non-rated municipal bonds are more

difficult to evaluate. In the second test, I compare revenue and general obligation

bonds: the latter are backed by full faith and credit, whereas the former rely on

project revenues and are viewed as riskier (Peppe and Unal, 2022). Here, I find

no significant difference in the effect of following the banker on borrowing costs,

suggesting no superior information production specific to revenue bonds. Overall,

evidence on the information channel is mixed: it appears when borrower opacity

is high, while for more transparent borrowers information is absorbed by the bank,

leaving little incremental benefit from the banker’s private signal.

Second, I explore the investor network channel. Beyond relationships with issuers,

bankers also develop ties with investors. Using bond-level holdings data, I document

that, following a banker move, institutional investors shift a larger share of their

municipal bond purchases toward the banker’s new bank. On average, investors

allocate about 4% more of their quarterly bond purchases to the bank that hires their

relationship banker.

Finally, I examine whether the value that relationship bankers deliver varies sys-

tematically with their human-capital quality, as proxied by formal education. Using

Revelio data on individual bankers’ education, I construct an indicator for whether

a relocating banker holds an MBA degree and augment the baseline IV specification

with an interaction between this indicator and the instrumented follow decision. The

estimates reveal that issuers who follow an MBA-educated banker benefit from an
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additional 13.5 basis points reduction in yield spreads relative to issuers who follow

non-MBA bankers. This heterogeneous effect is economically meaningful as it corre-

sponds to roughly two-thirds of the average follow premium. It suggests that advanced

managerial training further amplifies the informational and network advantages that

relationship bankers carry across banks.

Taken together, the results demonstrate that human capital operates through

both information production and investor-network channels. These relationship and

information assets are portable with the banker rather than fully embedded in the

bank.

Contribution to the literature. This study contributes to the literature on

human capital in financial intermediation. In lending, loan officers exert indepen-

dent effects on contract design and loan performance (Bushman et al., 2021), and

their experience and local knowledge mitigate information frictions (Fisman et al.,

2017; Frame et al., 2025). In the M&A market, the expertise of individual invest-

ment bankers improves deal outcomes, underscoring the value of advisor-specific skills

(Chemmanur et al., 2019; Gao et al., 2024). In private equity and venture capital,

partner-level human capital is a key driver of startup success and valuation (Ewens

and Rhodes-Kropf, 2015; Ewens and Sosyura, 2023; Gompers et al., 2009). Similarly,

in asset management, manager skill shapes investor flows and fund size (Kosowski

et al., 2006; Berk and Van Binsbergen, 2015; Ibert et al., 2018). This paper comple-

ments and extends these findings by identifying the causal contribution of individual

bankers to bond outcomes, using newly assembled data on senior bankers in the

municipal bond underwriting market.

Complementing this, a large literature on relationship banking emphasizes the

importance of building ties with financial intermediaries (Petersen and Rajan, 1994;

Berger and Udell, 2002). In lending, personal connections and repeated interactions

between bankers and borrowers shape access to credit and loan performance (Engel-
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berg et al., 2012; Herpfer, 2021), while disruptions to these ties, such as a loan officer’s

temporary absence, reduce the likelihood of new lending and raise default risk (Drexler

and Schoar, 2014). In bond markets, borrower–underwriter relationships affect un-

derwriter choice and fees (Yasuda, 2005), can enhance borrower certification (Puri,

1996), confer information advantages to intermediaries (Nikolova et al., 2020), and

can also improve borrowing outcomes during crises (Cortes et al., 2023). In related

work, Fang (2005) shows that higher underwriter reputation lowers fees and yields,

in particular for related borrowers. My contribution is to build on these insights

by separating the value of relationships with the banker from relationships with the

bank, providing evidence that individual banker human capital has an independent

effect on underwriting outcomes.

Finally, this paper contributes to the municipal bond literature. A large body

of work documents information frictions in pricing and trading (e.g., Harris and Pi-

wowar, 2006; Schultz, 2012; Dougal et al., 2019), the importance of liquidity risk in

determining spreads (Schwert, 2017), and the role of financial intermediaries in alle-

viating search and bargaining frictions through intermediation, networks, and certi-

fication (e.g., Green et al., 2007; Butler, 2008; Li and Schürhoff, 2019; Griffin et al.,

2023). Closely related, Garrett and Ivanov (2024) study the Texas underwriter ban

and show that affected issuers faced higher financing costs. Consistent with their

evidence, I find that constraints on intermediation raise borrowing costs. My contri-

bution is to shift the focus from institutional underwriter relationships to the role of

individual bankers. Using novel banker-level mobility data, I isolate the value created

by portable banker human capital, distinct from bank affiliation, and show how this

human capital helps mitigate information and search frictions in primary issuance.

The rest of the paper is organized as follows. Section 2 discusses the institutional

details of the Texas underwriter ban and the unique features of the municipal bond

market. Section 3 introduces a conceptual framework. Section 4 describes the data.
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Section 5 explains the empirical methodology. Section 6 presents results of the main

empirical analysis. Section 7 concludes.

2 Institutional Background

The municipal bond market is a major source of public-sector financing in the United

States. In 2024 alone, new municipal issuance totaled approximately $508 billion,

with Texas emerging as one of the largest contributors at around $68 billion, or

roughly 13% of U.S. issuance.3

Municipal bonds are issued by states, cities, counties, and other governmental

entities such as school districts, hospitals, and special-purpose authorities. Figure 1

reports the distribution of issuance by issuer type and shows that school districts and

local authorities account for a substantial share of Texas issuance over the sample

period. Municipal bonds are typically backed either by the full faith and credit of

the issuing government (general obligation bonds) or by a specified revenue stream,

often tied to the financed project (revenue bonds). Issues may be rated or unrated;

Peppe and Unal (2022) document that obtaining a rating entails nontrivial costs for

municipal borrowers.

Municipal issuers are also subject to regular financial audits under state law and,

where applicable, federal requirements. These audits assess whether funds are used

appropriately and whether financial reporting complies with the relevant accounting

standards.

Beyond audits, issuers commit to continuing-disclosure undertakings so that in-

vestors can assess ongoing creditworthiness. Under SEC Rule 15c2–12, underwrit-

ers may not purchase or sell municipal securities in a primary offering without ob-

taining and reviewing an official statement, and the issuer agrees to provide annual

3MSRB (2024) Municipal Market Year in Review.
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financial/operating information and timely event notices. Official statements and

continuing-disclosure filings are made publicly available through the MSRB’s Elec-

tronic Municipal Market Access (EMMA) system.

Municipal securities are typically brought to market through an underwriting pro-

cess, in which one or more underwriters purchase the new issue from the governmental

entity and then resell the bonds to investors. Under a firm-commitment offering, the

purchased securities are recorded on the underwriter’s balance sheet as trading in-

ventory.

Two underwriter bidding methods dominate municipal underwriting. In a com-

petitive sale, the issuer solicits sealed bids and publicly opens them; the bonds are

awarded to the bidder offering the lowest true interest cost (TIC). Anecdotal evi-

dence suggests that the price differential between the lowest and highest bids can

be material, on the order of about 25 basis points.4 In a negotiated sale, the issuer

conducts a request for proposals (RFP), evaluates written submissions, and selects an

underwriter with whom terms are negotiated. Negotiated sales account for roughly

half of primary issuance (see, e.g., Wu (2020)).

The municipal bond market is notably characterized by stable, long-term relation-

ships between borrowers and their underwriters. The summary statistics in Table 1

show that, on average, municipal borrowers in Texas issue bonds every 1.14 years and

maintain about 2.28 bank relationships over a five-year horizon. Notably, around 60%

of borrowers consistently engage with only a single bank over the three-year period

before the ban.

However, these stable borrower-underwriter relationships were significantly dis-

rupted following the introduction of Texas Senate Bills 13 and 19. In March 2021,

Texas Senate proposed SB 13, which barred banks that restrict credit to the oil and

gas sector from participating in Texas public finance markets. Alongside SB 13, the

4MuniBondAdvisor : Competitive vs. Negotiated Sale Choice.
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legislature also implemented SB 19, which prohibits state and local governments in

Texas from contracting with financial institutions that limit business with the firearms

industry. Both measures became active on September 1, 2021. These anti-ESG laws

effectively forced the five large municipal bond underwriters (Citi, Bank of America,

JPMorgan Chase, Goldman Sachs, and Fidelity) to exit the Texas municipal bond

market. Before the ban, these underwriters jointly held approximately 40% of the

market share, which fell to nearly zero in the aftermath. Figure 2 demonstrates the

dynamic effect of the Texas underwriter ban on the market share of banned banks

using an OLS event-study specification. The outcome variable is the quarterly market

share of banned banks in Texas municipal bond underwriting. The figure plots co-

efficient estimates relative to the quarter of the ban’s implementation, illustrated by

the dashed line. Following the ban, market share declines sharply and significantly,

suggesting that the ban had a meaningful and persistent negative effect on the ability

of affected banks to participate in the market.

Importantly, the ban was both unexpected and unrelated to borrower fundamen-

tals, making it a plausibly exogenous shock for empirical analysis. Garrett and Ivanov

(2024) study the broader consequences of the legislation and find that the observed

deterioration in financing outcomes can be attributed to reduced market competition

and the loss of information stemming from severed banking relationships. Building on

this institutional setting, my analysis focuses on the value added by individual senior

bankers, allowing me to isolate their contribution from that of the broader financial

institution.

3 Conceptual Framework

To fix ideas, I introduce a simple discrete-choice framework that highlights the infor-

mational advantage of a relationship banker. In this setting, both the bank and the
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banker possess soft information about the borrower, and when the banker switches

institutions, she takes her private knowledge with her. The central question is how

a borrower weighs the option of following its relationship banker against the alterna-

tives of remaining with its incumbent bank or moving to a completely new financial

institution. This model helps motivate how the banker’s soft-information value shapes

the spreads observed in the data.

I consider a borrower who needs to issue a bond and chooses among one of three

banks: j ∈ {A,B,C}, where Bank A is the borrower’s incumbent bank, Bank B is

a new entrant that hires the borrower’s relationship banker away from A, and Bank

C is an outside bank with no prior link to the borrower or her banker.

The borrower selects the bank that minimizes her final spread, which is defined

as

Spreadj = ρ −
[
h+ λbank

j + λbanker
j

]
+ kj, (1)

where ρ is the common investor-demand component (assumed equal across all banks),

h is the public “hard” information value (also identical across banks), λbank
j is the

soft information generated by bank j, λbanker
j is the soft information carried by the

relationship banker if she works at j, and kj is a one-off switching cost. I assume

kA = 0 for the incumbent and kB > 0, kC > 0 for the two new banks.

To capture the idea that only the incumbent bank has an institutional relation-

ship but only Bank B has the relationship banker, I impose: λbank
A ̸= 0, λbanker

A =

0; λbank
B = 0, λbanker

B ̸= 0; λbank
C = 0, λbanker

C = 0.

The underlying assumption in my framework is that soft information affects bor-

rower outcomes asymmetrically: while both banks and bankers may learn borrower-

specific positive and negative information, only favorable components are disclosed

to investors. This assumption is supported by recent literature on issuer-underwriter

relationships. For example, Garrett (2024) shows that dual-role municipal advisors,
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who simultaneously advise and underwrite, often withhold negative information to

secure underwriting mandates, thereby harming borrower outcomes. In the corporate

setting, Chemmanur and Fulghieri (1994) formalize a certification hypothesis in which

underwriters use reputation to certify issuer quality, but may also suppress adverse

information to maintain deal flow.

These findings motivate the structure of my framework: soft information is valu-

able to borrowers, yet selectively revealed by underwriters. In my setting, Bank

A contributes institutional soft information, while Bank B, through the relocating

banker, provides banker-specific soft information; both are assumed to reduce the

borrower’s spread when disclosed. The borrower thus faces a trade-off between re-

maining with Bank A to retain institutional knowledge, or following her banker to

Bank B to preserve the personal relationship—net of any switching costs. Bank C,

by contrast, lacks access to either form of soft information and therefore offers the

least favorable terms under this informational structure.

Borrower’s endogenous choice with Bank A available

The borrower chooses the bank that minimizes her final spread by solving

j∗ = arg min
j∈{A,B,C}

Spreadj

Bank A will be chosen over Bank B precisely when

SpreadA < SpreadB ⇐⇒ λbank
A > λbanker

B − kB

Thus, even though both banks benefit from the same hard information h, the borrower

prefers Bank A only if its institutional soft information exceeds the banker’s soft

information at Bank B after accounting for the switching cost kB.
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When Bank A is unavailable, borrowers choose between Banks B and C

Once the ban eliminates Bank A as an option, the borrower’s choice set reduces to

{B,C}. The set of options for the borrowers is presented in Figure 3. The borrower

will choose Bank B (the“follow” option) when its spread is lower than that at Bank

C:

SpreadB < SpreadC ⇐⇒ −
[
h+λbank

B +λbanker
B

]
+kB < −

[
h+λbank

C +λbanker
C

]
+kC .

Under my maintained assumptions λbank
B = λbank

C = λbanker
C = 0, this condition simpli-

fies to

λbanker
B − kB > −kC .

Since

∂∆SpreadC−B

∂λbanker
B

= 1 > 0,

a larger banker-soft-information value λbanker
B unambiguously increases the attractive-

ness of Bank B relative to Bank C once Bank A is no longer available.

Eliminating Bank A and the reallocation of choice probabilities

Under the logit choice rule derived in Appendix A, the probability of following the re-

lationship banker is Pr3(B) = X
Z+X+Y

when all three banks (A,B,C) are available,

and becomes Pr2(B) = X
X+Y

after Bank A is banned.

Because X, Y, Z > 0, the difference

Pr2(B)− Pr3(B) =
XZ

(X + Y )(Z +X + Y )
> 0 (2)

is strictly positive: eliminating Bank A always raises the likelihood of choosing B.

The size of this increase depends on how attractive B is relative to C. Appendix A
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shows that the ratio of absolute gains satisfies

Pr2(B)− Pr3(B)

Pr2(C)− Pr3(C)
=

X

Y
= exp

(
λbanker
B − kB + kC

)
.

Hence Bank B captures a larger share of the clientele displaced from A precisely when

λbanker
B > kB − kC , (3)

that is, when the banker’s soft-information advantage outweighs the difference in

switching costs.

Hypotheses and empirical implications

This simple framework yields several implications that motivate the empirical design

and provide the basis for testable hypotheses. First, it implies that when Bank A is

exogenously removed by the ban, it mechanically boosts the probability of following

the banker, and the magnitude of that boost is determined by the trade-off between

the banker’s informational value and the borrower’s switching costs. The larger is

λbanker
B relative to kB − kC , the greater the take-up of the follow option. In the data,

this consideration underpins the instrument’s relevance, which is verified by a positive

and significant first-stage coefficient on the Post × Affected interaction.

Second, the framework yields an expression for the post-ban spread gap between

following and not following,

SC − SB = λbanker
B − (kB − kC),

so that borrowers obtain strictly lower yields when the banker’s soft-information value

exceeds the incremental switching cost. This observation leads to the central hypoth-

esis of interest:
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Hypothesis 1. Affected borrowers that follow their banker obtain lower borrowing

costs than affected borrowers that do not follow.

Because the decision to follow is attractive only when λbanker
B > kB − kC , the

compliers identified by the IV design, i.e., affected borrowers who switch to Bank B

because Bank A is unavailable, are precisely those for whom the banker’s information

premium outweighs the added cost of moving. Empirically, such borrowers are ex-

pected to be firms that place a high value on soft information, for instance, unrated

or infrequently issuing municipalities.

Hypothesis 2. Borrowers who place greater value on soft information should

experience a larger benefit from following their banker.

The framework highlights the central role of banker-specific human capital in

shaping borrower outcomes when a banking relationship is disrupted. The empiri-

cal analysis that follows tests the predictions using plausibly exogenous variation in

relationship disruptions induced by the Texas underwriter ban.

4 Data

To explore what value is lost when bankers switch banks, I construct a dataset com-

prising three main components. The first and primary component involves novel data

on senior banker job movements collected from the public finance newspaper. The

second component includes information on municipal bonds, along with details about

the bond underwriters. The third component consists of data on investor holdings of

municipal bonds.
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4.1 Banker career movements

The crucial component of the empirical analysis is a newly compiled dataset detailing

senior banker movements in the public finance industry. I hand-collect data on senior

banker mobility from The Bond Buyer. The Bond Buyer is an industry-leading news-

paper and data provider that comprehensively covers the U.S. public finance sector.

It was previously used in studies of government auctions (Garrett, Ordin, Roberts,

and Suárez Serrato, 2023; Garrett, 2024; Garrett and Ivanov, 2024; Li, 2024). While

the paper’s primary contribution lies in documenting the role of human capital in the

bond market, a secondary contribution involves assembling and analyzing novel data

from an underexplored source: the “People on the Move in Public Finance” section

of industry news articles. This section provides rich details on senior bankers, includ-

ing their previous and new job titles, associated bank names, market and geographic

specializations, professional experience, and their respective team members.

To ensure accuracy and completeness of the collected data, I cross-reference each

reported job transition using the LinkedIn profiles of individual bankers, thereby

verifying key details such as date of movement, job titles, and areas of specialization.

The finalized dataset encompasses information on 244 career moves of senior bankers

who changed positions during the period from 2019 to the third quarter of 2024.

I restrict the sample to 2024:Q3 because, during that period, several banks began

announcing the complete closure of their municipal underwriting departments. To

avoid conflating banker mobility with broader organizational exits or industry-wide

contractions, I truncate the sample in that quarter.5

Subsequently, I establish banker-borrower relationships by merging banker profiles

with borrowers based on the lead underwriter affiliation and market specialization.

For instance, a banker specializing in education finance who joins an underwriter

5See Bloomberg (2024): “Citigroup, UBS Exit Munis After Market’s Profits Plummet by 50%”,
June 21, 2024.
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that serves school districts is matched with corresponding school borrowers. Analo-

gous matching is performed for bankers and borrowers specializing in other sectors,

including hospitals, airports, and similar specialized municipal entities.

Table 1, Panel E summarizes the mover-level characteristics observable directly

from the Bond Buyer articles. Prior to switching firms, the typical banker appears

as a Senior Vice President (SVP). Approximately 30 percent of moves are associated

with an explicit promotion, most often from SVP to Managing Director (MD). All

remaining demographic and résumé-based characteristics (e.g., MBA status, gender,

career length, and compensation) come from the Revelio Labs data described in the

next subsection.

It should be noted that job titles in municipal bond underwriting are not stan-

dardized across banks. Firms often use overlapping labels (e.g., Director, Managing

Director) for similar seniority levels, and “group head” titles vary (e.g., Head/Co-

Head of Public Finance, Senior Advisor). To ensure comparability, I harmonize titles

into an ordinal hierarchy and map common synonyms accordingly; the hierarchy is

described in the Appendix. This approach follows widely used investment-banking

career guides from public sources.6

4.2 Banker’s Characteristics: Revelio Data

To enrich the analysis with banker-level characteristics, I match each municipal-bond

banker to résumé data provided by Revelio Labs. Revelio Labs gathers informa-

tion from publicly available LinkedIn profiles and complementary sources. For every

matched individual, Revelio supplies the full name, detailed employment information,

educational credentials, self-reported skills, and estimated total compensation. From

6Sarah Butcher, Ken Abbott, Daniel Davies, Paul Bilokon, and David Rothnie, Careers in
Banking and Financial Markets 2022/2023 (eFinancialCareers, 2023), available via the University
of Cambridge Careers Service, https://www.careers.cam.ac.uk/files/2023_banking_careers_
guide-efinancial_careers.pdf.
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these records, I construct four variables central to the human-capital analysis: an

MBA indicator, gender, years of experience (measured from the first finance-related

position), and annual total compensation (base + bonus). Among bankers who switch

employers during 2019–2024, about 20% hold an MBA, 19% are female, the average

compensation is $393,000, and mean career length is 16 years. I use these cross-

sectional differences to test whether specific human capital attributes amplify the

value that bankers contribute to underwriting relationships.

Although the main analysis focuses on relocating bankers, I also collect back-

ground characteristics (education, experience, gender, titles, and compensation) for a

broader set of municipal bankers from Revelio Labs. These data allow me to compare

moving and non-moving bankers on observable characteristics (see Table A.4).

4.3 Bond data

I collect data on all municipal bonds issued in Texas from 2019 to 2024 from the

SDC Platinum database. The analysis starts in 2019 to ensure enough observations

before the Texas underwriter ban in September 2021. For each municipal bond deal,

I collect information on issuer name, bond issuance date, maturity date, issuer type,

bid type, security type, bond rating, use of proceeds, yield to maturity at issuance,

coupon payment, and lead underwriters.

4.4 Investor Bond Holdings

I obtain data on institutional investors’ holdings of municipal bonds from Thomson

Reuters eMAXX. This database provides comprehensive quarterly data on fixed in-

come holdings by insurance companies, mutual funds, and pension funds, which I

collectively refer to as “institutional investors” or “investors”. For prior studies that

use eMAXX data, see Manconi et al. (2012); Becker and Ivashina (2015); Cai et al.

(2019); Li et al. (2024), among others.
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The eMAXX investor holdings data are available for 34,074 municipal bonds,

which is approximately 30% of the full sample. A potential limitation of the eMAXX

data is that it does not cover holdings by households, banks, or government entities.

However, this limitation is mitigated by the fact that institutional investors account

for an average of 58% of holdings in these bonds. Thus, while incomplete, the eMAXX

data still provide meaningful coverage of the institutional investor bond holdings

relevant for this analysis.

5 Empirical Strategy

In this section, I outline the empirical strategy for estimating how following a banker

to a new bank affects financing outcomes for borrowers.

5.1 Simple OLS

I begin by examining how following a banker affects bond pricing using a simple OLS

regression. I construct a bond-level sample in which each observation is a municipal

bond issued in Texas between 2019 and 2024. The main variable of interest is Spread,

defined as the difference between the yield-to-maturity at issuance and the maturity-

matched yield on the Municipal Market Advisors (MMA) AAA-rated curve, measured

on the dated date of issuance. This definition of spread follows standard practice in

the literature (see, for example, Dagostino and Nakhmurina (2023)). Calculating

spreads in this way controls for the prevailing risk-free rate and the term structure

at the time of issuance, isolating issuer-specific credit and liquidity effects.

The relationship of interest is the effect of following a banker on borrowers’ fi-

nancing outcomes:

Spreadi,b,t = βf × FollowBankeri,b,t + λXit + δi + σb + γt + ui,b,t, (4)
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where Spreadi,b,t is the spread on the bond issued by municipality i through bank b

in period t. The variable FollowBankeri,b,t is a binary indicator equal to 1 if issuer i

establishes a new banking relationship with the bank b that hired its prior relation-

ship banker by quarter t. The relationship banker is defined as the banker whose

specialization matches the municipality’s type (e.g. school, hospital, airport). Xit is

a vector of bond characteristics, and γt, δi, and σb denote quarter, issuer, and bank

fixed effects, respectively.

The result of the estimation is presented in Table 2. Column 1 indicates that

issuers who follow their banker to a new bank experience a statistically significant

reduction in yield spreads: approximately 1 basis point (bp), which is about a 3%

decline relative to the sample mean. Column 2 re-estimates the same specification

on the subsample of issuers directly affected by the ban and shows an even larger

spread decline of 3 basis points. Column 3 focuses on the subsample of issuers whose

relationship banker moved and likewise finds that following the banker is associated

with significantly lower yield spreads.

The OLS estimate of βf is unbiased only if FollowBankeri,b,t is orthogonal to the

unobserved determinants of pricing ui,b,t; equivalently, E[ui,b,t | FollowBankeri,b,t] = 0.

This condition is unlikely to hold because the decision to follow is jointly determined

by the borrower and the banker in response to unobservable characteristics on both

sides. On the borrower side, borrower credit quality plausibly affects both the propen-

sity to follow and the bond’s spread. On the banker side, unobserved skill likewise

affects both the likelihood of continuing the relationship and pricing outcomes. In the

presence of these correlated unobservables, OLS conflates the causal effect of following

with selection, yielding a biased estimate of βf and, in this setting, an attenuation

toward zero that understates the magnitude of the true borrowing-cost reduction.
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5.2 Identification Strategy: Instrumental Variable

The ideal empirical design would randomly reassign bankers across banks and ran-

domly encourage a subset of issuers to follow, then compare subsequent pricing out-

comes. Because such a randomized experiment is infeasible, I rely on a quasi-natural

experiment that creates a plausibly exogenous variation in the decision to follow. An

exogenous instrument should shift the decision to follow while being unrelated to

the error term ui,b,t. To generate plausibly exogenous variation in the incidence of

following a banker, I use exposure to the Texas underwriter ban of September 2021

as an instrument for the decision to follow. This legislation prohibited five large mu-

nicipal bond underwriters (Citi, JPMorgan, Bank of America, Goldman Sachs, and

Fidelity) from underwriting new Texas issues due to their fossil fuel and firearms

policies. For affected issuers, the ban eliminates the option of staying with the old

bank and requires municipal borrowers either to follow their banker (choose bank B

in my setting) or establish entirely new underwriting relationships (choose bank C in

my setting). Since following the banker preserves relationship-specific information,

the ban increases the relative attractiveness of the follow option for affected issuers.

This identification strategy follows the standard instrumental variables approach

for endogenous treatments described in Angrist and Pischke (2009). A closely related

design is Nguyen (2019), who studies the effect of bank branch closure on local eco-

nomic activity in a setting where treatment is endogenously selected: banks decide

which branches to close based on unobservable characteristics. To create exogenous

variation in closings, that paper uses post-merger branch-overlap exposure as an in-

strument for whether a branch in a given census tract closes. Although the choice

of which branches to close is made endogenously by banks, Nguyen (2019) identi-

fies the effect of closing for tracts whose closure occurs only because overlapping

banks merged. Analogously, the follow decision in my setting is endogenously deter-
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mined by unobserved borrower and banker attributes. I instrument this endogenous

treatment with exposure to the September 2021 Texas underwriter ban, which in-

creases the propensity to follow among affected issuer-banker pairs. Formally, I use

Zit = PostBant × AffectedIssueri as an instrument and estimate the effect of follow-

ing for pairs whose follow status is induced by the ban (the complier population),

under the relevance, exclusion, and monotonicity conditions discussed below. The

first stage follows a difference-in-differences (DiD) design, while the second stage is a

standard instrumental variables (IV) regression. I refer to this empirical strategy as

an instrumented difference-in-differences (DDIV) design.

Relevance Condition

An instrument must be strongly correlated with the endogenous treatment vari-

able so that it creates exogenous variation in that variable and allows its causal

effect to be identified. To operationalize this strategy, I use the interaction term

PostBant × Affected Issueri as an instrument, exploiting the quasi-exogenous nature

of this regulatory shock. Specifically, I supplement equation (4) with the following

first-stage regression:

Follow Bankeribt = π (PostBant×Affected Issueri)+X ′
itϕ+ρHHIt+γt+δi+σb×t+uibt.

(5)

where PostBant is an indicator equal to one for bonds issued on or after September

2021, and AffectedIssueri equals one for issuers that relied on underwriters subse-

quently banned in Texas for at least 10% of their deals in the five years prior to the

ban. Table 5 shows that the interaction instrument Zit = PostBant×AffectedIssueri

increases the probability of following by 14 percentage points, which corresponds to

a 74% increase over the mean follow rate of 0.19. It generates a first-stage F-statistic
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of 25.36, satisfying the relevance condition.

Identifying Assumptions

The key identifying assumption is that borrower-level exposure to the ban is as good

as randomly assigned. That is, there is no systematic difference between banned and

control banks in factors that affect both (i) borrower’s propensity to follow and (ii)

borrowing costs of borrowers. This assumption would be violated if exposure to the

ban was driven by characteristics of the banned bank and its clients. For example, if

the five banned underwriters systematically served safer borrowers, exposure would

correlate with traits that also influence spreads and the decision to follow. In that

case, even absent the ban, exposed borrowers would differ from controls in ways that

affect both the incidence of following and bond prices.

To evaluate this assumption empirically, Table 3, Panel A documents that, in

the quarter immediately preceding the ban, banned and non-banned underwriters

were statistically indistinguishable in their Texas market presence. The table also

reports that the average yields paid by their municipal clients, and the distribution

of credit ratings among rated borrowers do not differ at conventional significance

levels. Likewise, the number of unrated borrowers served in the pre-period is similar

across the two groups. Because the legislation targeted the banks’ ESG policies in

a dimension orthogonal to the fundamentals of municipal borrowers’ credit quality,

the timing and assignment of treatment are plausibly exogenous to the quality of the

borrower and the private information of the banker.

The requirement that the decision to follow be plausibly exogenous for exposed

borrowers underpins the internal validity of the exposure instrument and is sepa-

rate from the concern that, conditional on being affected by the ban, borrowers and

bankers endogenously choose which relationships to maintain. The endogeneity of

the ultimate decision to follow does not imply endogeneity of the instrument, but
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it is relevant for evaluating the external validity of the identification strategy and is

discussed in greater detail at the end of this section.

The evidence of similarity between banned and non-banned banks in the pre-

period supports the instrument’s exogeneity, still, it remains necessary to rule out

alternative pathways beyond banker mobility through which the ban might affect

borrowing costs, to avoid violating the exclusion restriction. One potential concern is

that reduced underwriting competition could raise spreads for all affected borrowers.

To neutralize this channel, I include bank × quarter fixed effects, so that identification

comes from price differences between followers and non-followers served by the same

underwriter in the same quarter. Any level shift in that bank’s pricing is absorbed

by the fixed effects, leaving only the differential effect attributable to retaining the

banker.

Therefore, the first stage is a difference-in-differences (DiD) specification that

compares changes in the probability of following for exposed versus control issuers

from the pre-ban to the post-ban period, with bank × quarter fixed effects. Under

this design, the key identifying assumption is parallel trends: absent the ban, follow

rates for exposed and control issuers would have evolved similarly over time. To assess

this assumption and to examine timing, I estimate a dynamic event-time model of

exposure to the ban and present the coefficients in an event-study plot. The dependent

variable is an indicator for whether the issuer follows its relationship banker, and the

event-time dummies capture the dynamic exposure to the underwriter ban in the pre-

and post-ban periods.

Figure 4 reports the coefficients in an event-study plot. It shows no evidence

of anticipatory behavior: up to four quarters prior to the ban, exposed issuers are

no more likely than controls to follow a banker. In contrast, beginning in the third

quarter after the ban, the relative incidence of following rises significantly for exposed

issuers.
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Further, the instrument satisfies the monotonicity condition by ruling out de-

fiers, i.e., borrowers who would follow absent the ban but would not follow once it

takes effect. The ban cannot make following less attractive for borrowers who would

otherwise follow their banker pre-ban.

Selection on Banker Quality

Another potential concern is that the ban could differentially displace unusually

strong (or weak) bankers, biasing the IV estimates. Panel B of Table 3 shows

that, on observables, movers from banned banks are not systematically different from

movers from non-banned banks: experience, highest education (including MBA inci-

dence), seniority (job title), and promotion rates are similar, with differences that are

small and statistically insignificant. This evidence reduces concerns that ban-induced

follow-the-banker decisions are driven by superior banker quality among those leaving

banned banks.

External Validity

The internal validity of the DiD framework relies on the parallel–trends assumption,

i.e. no differential pre-trends between affected and unaffected issuers. Beyond this,

I assess the external validity of the instrument and explore whether the local aver-

age treatment effect (LATE) identified by the ban is informative about the broader

population of issuers.

Although exposure to the ban is plausibly exogenous, conditional on exposure,

both the borrower and the banker still choose whether to maintain the relationship.

This post-exposure selection does not violate the IV design. It determines who the

instrument moves, and thus whose treatment effect the IV identifies. With hetero-

geneous effects, the IV estimate is the LATE for compliers: borrower–banker pairs

whose follow decision changes because of the ban. Compliers are distinct from always-
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takers (pairs that would follow even without the ban) and never-takers (pairs that

would not follow even with the ban). Thus, the estimated effect should be inter-

preted as the effect of following the banker for issuers who follow only because their

incumbent bank was banned.

While individual compliers cannot be identified, I summarize their characteristics

using the Angrist and Pischke (2009) “complier-profile” method. Under independence

of the instrument and principal types and monotonicity (no defiers), I estimate the

shares of always-takers and never-takers as πAT = P (D = 1 | Z = 0) and πNT =

P (D = 0 | Z = 1), and then compute the complier share πC = 1 − πAT − πNT .

For any characteristic X, I back out the complier mean from a simple mixture: the

exposed-and-treated cell {Z = 1, D = 1} is a blend of always-takers and compliers.

Using their known weights, I take the averageX in that cell, subtract the always-taker

piece, and divide by the complier weight.

Table 4 reports complier characteristics using this method. Column (1) shows

the share of compliers above the sample median for each characteristic, E[g(X) | C]

with g(X) = 1{X > Med(X)}; Column (2) shows the “relative likelihood” E[g(X) |

C]/E[g(X)], so values > 1 indicate that the characteristic is overrepresented among

compliers. The estimates show that compliers are broadly similar to the full sample

but tilt toward larger and safer issuers. Under the standard view that relationship

capital is more valuable when information frictions are greater, this complier tilt

implies that the IV LATE likely understates the average effect of following the banker

for smaller and riskier issuers. I therefore interpret the estimated effect as the causal

impact for affected issuers whose follow decision is induced by the ban, and I report

complier profiles to clarify this external-validity margin.
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Second Stage

In the second stage, the outcome variable is Spreadit, the yield-to-maturity at issuance

relative to the maturity-matched yield from the Municipal Market Advisors (MMA)

AAA-rated curve. To align with this identifying variation, I restrict the sample

to the 83% of bonds (96,332 observations) whose relationship banker moved during

2019–2024.

Spreadit = β ̂Follow Bankeribt +X ′
itϕ+ ρHHIt + ζt + ηi + τb×t + ϵibt. (6)

Because the instrument shifts the follow decision only for affected issuers after

the ban, β is a Wald estimator that recovers the Local Average Treatment Effect

for compliers: those borrowers induced by the ban to follow their banker. In other

words, the coefficient measures the causal reduction in borrowing costs observed for

municipalities that would not have followed absent the shock but do so when their

incumbent bank is banned.

Summary of Identification

The Texas Underwriter Ban offers a quasi-experimental shock that is (i) unrelated to

borrower credit risk, (ii) strong enough to predict the follow decision, (iii) monotonic

in its effect on following, and (iv) rendered orthogonal to price-level shifts by the

within bank and quarter research design. These features together satisfy the IV

assumptions, allowing equation (6) to deliver a credible causal estimate of the value

of retaining one’s relationship banker.
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5.3 General Effect of the Ban

To estimate the reduced-form effect, I examine how the Texas underwriter ban affected

borrowing costs for exposed municipalities. Following Garrett and Ivanov (2024),

I estimate a difference-in-differences (DiD) specification, regressing Spread on the

interaction term Post × Affected Issuer, where AffectedIssueri is an indicator equal

to one for municipalities whose historical reliance on the banned banks exceeded 10%,

and Postt equals one for bonds issued after September 2021.

The results in Table 6 column (1) show that affected issuers pay 4 bps higher

spreads post-ban relative both to their own pre-ban levels and to unaffected peers.

This aligns with Garrett and Ivanov (2024) and suggests that losing a banking rela-

tionship imposes a measurable cost on borrowers.

Next, I focus on two subsamples of municipalities: those whose relationship banker

moved to another bank and those whose relationship banker did not move. Table 6,

column (2) reports DiD estimates for issuers whose relationship banker moved to

a non-banned institution. Column (3) reports the estimate for the issuers whose

relationship banker did not move. In the banker-mover subsample (column 2), the

coefficient remains 0.04 and statistically significant, implying a 4 bps increase in

spreads. Given an average spread of roughly 60 bps, this represents a 7% rise in

borrowing costs. In contrast, issuers whose banker did not move (column 3) show no

significant post-ban change in spreads.
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6 Results

6.1 The Value of Relationships with Bankers

Is Banker Value Portable?

This section presents IV estimates of the effect of following a banker on municipal

bond pricing. The coefficient on Follow banker instrumented with exposure to the

Texas underwriter ban identifies a local average treatment effect for issuers whose

follow decision is induced by the ban (compliers), relative to otherwise similar issuers

who do not follow, conditional on included controls and fixed effects.

Table 5 presents the estimates from the instrumental variables difference-in-differences

(DDIV) specification outlined in equations (4) and (5). Column (1) reports the first-

stage estimate, where the excluded instrument is the interaction term Post × Af-

fected Issuer. The first-stage F -statistic is 25.36, indicating that the instrument is

sufficiently strong. The estimated coefficient of 0.14 suggests that affected issuers are

74% more likely to follow their relationship banker to a new bank after the imple-

mentation of the ban.

Column (2) reports the second-stage estimate of the effect of following a banker

on borrowing costs. The dependent variable is the yield spread, measured as the

yield at issuance relative to the benchmark municipal bond curve. The coefficient of -

0.195 is statistically significant at the 5% level, implying that following a relationship

banker is associated with a substantial reduction in borrowing costs. Column (3)

adds a control for the bid type fixed effects and finds an even larger reduction of 20.3

basis points. Aggregating this effect at the issuer level, the reduction corresponds to

approximately $379,610 in savings per issuer ($379,610= 0.00203 × 11 × $17,000,000,

where 20.3 basis points (0.00203) is the estimated spread reduction, 11 years is the

average maturity, and $17 million is the average annual issuance). Discounting over
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the 11-year average maturity using a 4% tax-exempt rate yields a present value of

approximately $302,324 per $17 million issued.7 Connecting this result to the existing

literature on municipal bonds (Adelino et al., 2017), the estimated effect of banker

human capital is economically meaningful and comparable in magnitude to the impact

of a one-notch upgrade in credit rating. This result supports Hypothesis 1 by showing

that, for compliers induced by the ban to follow their relationship banker, following

leads to lower borrowing costs.

This result represents the central finding of the paper, as it underscores the eco-

nomic value embedded in relationships with an individual banker. Specifically, ev-

idence suggests that relationship-specific human capital held by individual bankers

plays a critical role in lowering borrowing costs, even when broader institutional ties

are severed. This finding contributes to the literature on financial intermediation by

emphasizing the importance of personal rather than purely institutional relationships,

and it highlights the banker-specific nature of borrower-underwriter value creation in

municipal bond markets.

How Do Bankers Add Value?

The results presented thus far demonstrate that relationships with individual bankers

play a significant role in reducing borrowing costs. I now turn to the question of what

makes these relationships so valuable. There are two potential channels through which

bankers may add value: an information channel and an investor relationship channel.

The first is an information channel, which reflects the banker’s ability to reduce

7Present value calculation (intuition). Let S = ∆y×P denote the annual interest savings implied
by a lower spread (∆y) applied to principal P . If we assume a level stream of annual savings over
T years (i.e., principal is effectively outstanding for the whole horizon), the present value equals the
annuity value of those savings:

PV = S × 1− (1 + r)−T

r
,

where r is the discount rate. The appropriate r should reflect the relevant tax-exempt discount
curve for the issuer.
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information asymmetry between borrowers and the market. In the lending literature,

it is well established that bankers can acquire soft information about borrowers and

use it to improve loan terms for borrowers (Fisman et al., 2017; Frame et al., 2025).

The prior literature suggests that a similar mechanism operates in the municipal bond

market, where soft information can help underwriters better price risk and match

borrowers with suitable investors (Butler, 2008). To explore this channel, I examine

a subsample of borrowers without credit ratings, for whom asymmetric information

is likely to be more severe, and assess whether the effect of following a banker has a

larger effect on bond pricing in this group.

Table 7 presents DDIV estimates for the subsample of unrated borrowers. Col-

umn (1) reports the first-stage estimate, with an F-statistic of 15.58, indicating a

sufficiently strong instrument. Column (2) reports the second-stage coefficient of

−0.354, which is statistically significant at the 10% level. The magnitude of this ef-

fect exceeds the corresponding estimate for the full sample (−0.195), suggesting that

unrated borrowers, who face greater information asymmetry, obtain larger savings

from following their relationship banker. This result is consistent with Hypothesis 2:

borrowers who place greater value on soft information benefit more from preserving

the relationship with the banker. In other words, bankers appear to add relatively

more value when public information on borrower quality is limited.

Another test I use to assess whether the information channel is present in the

municipal bond market compares revenue and general obligation (GO) bonds. GO

bonds are backed by the issuer’s full faith and credit and taxing power, whereas rev-

enue bonds are secured solely by cash flows from a specific project or enterprise (e.g.,

tolls, hospital revenues). Under the standard view in the literature (e.g., Peppe and

Unal (2022)), revenue bonds are considered riskier than GO bonds. I test whether

bankers add more value for these riskier bonds by estimating a heterogeneous treat-

ment effect: in the second stage, I include an interaction term Follow Banker ×
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Revenue Bond. The coefficient on this interaction indicates whether the value differs

by bond type. Table 8 shows no statistically significant difference between revenue

and GO bonds in the value added by bankers. This suggests that bankers do not add

incrementally more value for revenue bonds. Overall, the two information-channel

tests indicate that bankers can add value by certifying opaque borrowers, but the

effect appears limited to non-rated issuances.

The second channel through which individual bankers may add value relates to

their ability to maintain relationships with investors. Unlike in the lending market,

where banks use their own balance sheets to extend credit and investor relationships

are largely irrelevant, the bond market involves a distinct intermediation role, as

bankers simultaneously interact with both the demand and supply sides of the market.

In this setting, bankers develop relationships not only with issuers but also with

investors.

To investigate whether bankers preserve their investor networks when switching to

a new institution, I examine changes in investor behavior following banker job tran-

sitions. Using detailed data on institutional holdings of municipal bonds, I analyze

whether investors shift their allocations toward banks that hire their prior relation-

ship banker. Specifically, I test whether investors initiate new relationships with the

banker’s new bank and whether they reallocate flows measured through changes in

holdings toward bonds underwritten by the banker’s new bank. This analysis pro-

vides insight into whether the informational and relational capital held by bankers

extends beyond borrowers to the investor side of the market.

To examine the role of bankers in maintaining investor relationships, I construct

an investor-bank-quarter panel that captures all possible interactions between insti-

tutional investors and banks. The unit of observation is an investor–bank pair in

each quarter during which the investor is active in the municipal bond market. I

employ a triple difference-in-differences specification to analyze both the formation
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of new investor–bank relationships and the reallocation of capital flows toward banks

that hire a relationship banker. I define an Affected Investor as an investor that his-

torically has conducted more than 50% of its municipal bond purchases through the

banned banks. Under this criterion, approximately 21% of investors are classified as

affected. The coefficient of interest on the triple interaction term, PostBan × Affected

Investor × Bank Hired Banker, reflects how investors exposed to the Texas under-

writer ban change their behavior following the disruption, specifically in response to

banker movements.

Table 9 presents the results of this estimation. Column (1) examines whether

affected investors are more likely to initiate new relationships with banks that hire

their former relationship banker. The estimated coefficient in column (1) is not sta-

tistically significant, suggesting that investors do not systematically form new rela-

tionships with the hiring bank. One possible explanation for this insignificant result

is that institutional investors already maintain broad and overlapping networks with

underwriters; as a result, there may be limited scope for new relationship formation

if the investor already transacts with the hiring bank.

Columns (2) and (3) report estimates of the effect of banker mobility on capital

flows to the hiring bank. Specifically, these columns assess whether institutional in-

vestors increase their allocations to banks that employ their prior relationship banker.

The estimate in column (2) suggests that affected investors allocate, on average, an

additional $1.05 million to the bank that hired their relationship banker following

the ban. When investor-quarter fixed effects are included to absorb time-varying

investor-level shocks, the estimate in column (3) yields a more conservative, but still

economically meaningful, effect of $798,000. Given mean investor quarterly bond

purchases of $21,307,000, these effects correspond to approximately 4.9% and 3.7%

increases in quarterly purchases, respectively. Aggregating this effect across the 9,980

post-ban investor–bank–quarter observations at hiring banks implies approximately
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$7.8 billion (=$798,000 × 9,980) in incremental allocations over the entire sample

period. These results suggest that investors reallocate capital toward banks that hire

their relationship banker, consistent with the interpretation that bankers carry valu-

able buy-side relationships with them when they switch financial institutions. This

evidence supports the existence of an investor relationship channel through which

bankers can add value in the municipal bond market.

This evidence is consistent with recent work showing that relationships shape the

allocation of capital in the municipal bond market. Adelino et al. (2026) find that

capital from municipal bond funds follows prior primary-market interactions among

funds, issuers, and underwriters. My results complement this finding by showing

that these relationships also operate at the individual-banker level: when relationship

bankers move to new banks, investor demand follows them, suggesting that banker-

specific networks are an important channel through which capital is allocated.

What Types of Bankers Add the Most Value?

Previous analysis suggests that relationship bankers generate positive financing ad-

vantages for their clients, likely through the transmission of borrower-related infor-

mation and investor networks. I now examine whether the value added varies system-

atically with banker characteristics. A banker’s education is observable ex ante and

verifiable by both issuers and investors. Consequently, an MBA credential serves as

a tractable proxy for banker quality, enabling me to examine heterogeneous human-

capital effects.

Extensive evidence across executives and financial intermediaries links advanced

degrees to superior decision-making. Studies of corporate executives show that MBA-

educated CEOs are associated with stronger operating performance and valuation

multiples (Chevalier and Ellison, 1999; King et al., 2016; Li et al., 2011). Similar

evidence at the intermediary level shows that analysts with specific educational cre-
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dentials issue more accurate earnings forecasts (De Franco and Zhou, 2009; Cao et al.,

2022).

This literature motivates my investigation of whether similar educational advan-

tages emerge in the bond underwriting market. I examine whether issuers who follow

a banker holding an MBA degree realize larger reductions in the primary-market

yield spreads than those who follow non-MBA bankers. To identify this heteroge-

neous treatment effect, I extend the baseline DDIV framework by interacting both

the endogenous follow decision and its instrument with a binary indicator has MBA.

Specifically, I estimate

Spreadibt = β0 F̂ollowibt + β1

(
F̂ollowibt × has MBAb

)
+ θ has MBAb

+X ′
itϕ+ ρHHIt + ζt + ηi + τb∗t + εibt. (7)

where has MBAb equals 1 if banker b held an MBA at the time of the move. Here, β1

captures the incremental spread reduction attributable to following an MBA banker.

Column (2) of Table 10 reports the result: following an MBA banker reduces yield

spreads by an additional 13.5 basis points relative to following a non-MBA banker.

This finding is consistent with the two economic channels proposed earlier. First,

MBA education can enhance the banker’s capacity to screen projects, sharpening the

banker’s ability to convey valuable information to investors. Second, an MBA degree

extends the banker’s network and can enable the banker to secure stronger investor

support, consistent with evidence that social ties boost capital-market outcomes (En-

gelberg et al., 2012). Taken together, the results suggest that a banker’s education

is an important source of the financing advantage conveyed by relationship bank-

ing. This reinforces the view that human capital drives value creation in municipal

underwriting, not merely institutional reputation.

35



I further examine whether the effect of following the banker varies with banker

characteristics. In particular, I test for heterogeneity by gender and ask whether

following a female banker has a different impact on yield spreads. The estimates are

reported in Figure 5. Consistent with prior work finding little systematic performance

difference by intermediary gender in asset management (Atkinson et al., 2003), I find

no differential spread effect by banker gender in municipal bond underwriting. I also

examine heterogeneity by compensation and find no statistically significant differences

between high- and low-compensation bankers.

6.2 Comparing Bank and Banker Value

The preceding analysis shows that relationships with individual bankers add econom-

ically meaningful value. The natural next question is how this value compares with

the value created by the underwriter’s platform itself.

To contrast banker value with bank value, I implement a triple-difference (DDD)

specification that decomposes the ban’s effect for followers versus non-followers:

Spreadit = β1(PostBan×AffectedIssuer)it + β2(PostBan×Follower)it

+ β3(PostBan×AffectedIssuer×Follower)it

+ FEit + εit. (8)

In this DDD, β1 captures the bank-platform effect among non-followers: the post–

pre change in spreads for affected versus unaffected issuers when Follower = 0. β2

captures follower-specific post-ban changes that are common across affected and un-

affected issuers (e.g., selection or differential post trends unrelated to the ban). β3

is the incremental post-ban effect at affected issuers for followers, over and above β1

and β2. The coefficient of interest β3 < 0 is consistent with portable banker value

offsetting the loss of the bank platform. Because following is realized (endogenous),

36



β1, β2, β3 describe heterogeneity, not a causal LATE: they indicate whether pricing

effects operate mainly through the bank platform (β1) or through portable banker

networks (β3).

The reduced-form results in Table 6 show that affected issuers experience higher

yields after the ban (PostBan×AffectedIssuer ≈ +4 bps). Similar evidence from the

DDD specification in Table 11 implies an average increase of about +5 bps. The

decomposition for followers versus non-followers shows that non-followers perform

worse by approximately +10 bps. Thus, the increase in borrowing costs is concen-

trated among affected issuers who do not follow their banker.

To better understand the effect on followers, I estimate the reduced form among

followers only. Table 12 shows that, across specifications, the PostBan coefficient is

near zero and statistically insignificant. Hence, conditional on following, the ban does

not materially raise borrowing costs.

The absence of a significant post-ban increase among followers complements the

DDD results: the increase in borrowing costs for affected issuers is borne by those

who cannot use the banned bank and do not follow their banker, not by those who

retain the banker.

Taken together, these descriptive patterns suggest that retaining the individual

banker largely offsets the negative pricing consequences of losing access to the banned

underwriter’s bank. For the subset of issuers who follow (acknowledging selection),

relationship-specific human capital at the banker level appears more consequential

for pricing than the bank platform. This descriptive evidence aligns with the DDIV

estimates, which attribute significant yield reductions to following the banker among

compliers, and clarifies that the platform shock primarily harms affected issuers who

do not retain their relationship banker.
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6.3 Robustness

The results above are robust to a wide array of specifications. As a first robustness

check, I re-define an affected borrower as one whose last pre-ban interaction was

with a bank that would later be banned. Under this alternative definition, approxi-

mately 19% of municipal borrowers are classified as affected. Table A.7 reports the

IV estimates using this definition. Column (1) shows that the first stage remains

strong: the coefficient on Post × Affected is 0.188 with an F-statistic of 55.05, sat-

isfying the relevance condition. The second stage continues to show a sizable effect:

the marginal decision to follow a relocating banker reduces yield spreads by 26 bps.

These estimates are qualitatively unchanged and economically meaningful relative to

the baseline results.

Another robustness check uses yield at issuance as the outcome variable, following

Adelino et al. (2017). Table A.8 reports estimates of equation (6) with yield at

issuance as the dependent variable. The results show that the banker effect persists:

the second-stage coefficient is approximately −0.41. Given a mean issuance yield of

2.58%, this corresponds to roughly a 16% reduction in borrowing costs.

As an additional robustness check, I restrict the sample to uninsured bonds, where

insurer certification is absent and issuer opacity is higher. Table A.9 re-estimates

equation (6) on this subsample and shows that the IV second-stage coefficient is about

6 bps larger (more negative) than the baseline banker effect. This magnified effect

among uninsured bonds is consistent with an information channel: when insurance

does not certify credit quality, banker-specific soft information and investor-network

advantages have greater impact on borrowing costs.

To test an alternative explanation, I examine whether the estimated banker effect

is concentrated only in the first issuance after an issuer follows a relocating banker.

This test helps distinguish a temporary promotional-pricing channel from a persis-
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tent banker-skill channel. If the yield reduction reflects one-time special treatment

by the banker or the new bank, the effect should be concentrated in the first fol-

lowed issuance and disappear for subsequent issuances. To test this, I interact the

endogenous following indicator with an indicator for second-or-later eligible issuances,

defining issuance order at the issue level. Table ?? reports the results. The coefficient

on FollowBanker is negative, and the interaction with subsequent issuances is also

negative but statistically insignificant. Thus, I do not find evidence that the effect

is statistically different for subsequent issuances relative to the first issuance. The

point estimates suggest that the reduction in borrowing costs is not confined to the

initial transaction, which is more consistent with persistent banker-specific skill or

relationship capital than with a purely temporary promotional concession.

Finally, a natural concern is that relocating bankers may be systematically dif-

ferent from bankers who do not move, so that my estimates capture selection on

unusually high-quality individuals rather than the value of portable human capital.

To address this concern, I use Revelio Labs data to compare moving and non-moving

bankers at selected banned and hiring banks. Appendix Table A.4 reports mean dif-

ferences in total experience, highest degree, MBA incidence, gender, seniority (job

titles), and total compensation. Across these observable characteristics, moving and

non-moving bankers look very similar, with the few differences that emerge are small

in magnitude. This evidence mitigates concerns that the estimated banker effect is

driven by a small set of exceptional star bankers.

7 Conclusion

This paper examines the value added by individual bankers in the municipal bond

market. I hand-collect a novel dataset on senior bankers’ career moves. I use the

institutionally driven shock of the 2021 Texas underwriter ban as an instrument for
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following a relationship banker to a new bank. Using an instrumental-variables strat-

egy, I estimate the causal effect on municipal bond yield spreads. The estimated

effect is a local average treatment effect for borrower–banker pairs whose follow deci-

sion was induced by the ban. The findings demonstrate that for the marginal issuer,

following their banker to a new institution reduces borrowing costs by 19.5 bps. The

effect of banker human capital on municipal borrowers is equivalent to approximately

a one-notch improvement in credit rating.

I investigate two channels through which individual bankers can create additional

value. First, I provide evidence that bankers mitigate information asymmetry more

effectively for unrated borrowers. This finding is consistent with the notion that

bankers accumulate soft information about a borrower’s creditworthiness and use it

to improve bond pricing. Second, I examine the investor side of the municipal bond

market and show that institutional investors follow their relationship banker when

that banker switches to a new bank. This finding suggests that bankers serve as

intermediaries who develop and maintain relationships on both sides of the market,

facilitating the matching of borrowers with investors. Together, these results highlight

the dual role of individual bankers in transmitting private information and mobiliz-

ing investor demand, underscoring their importance as relationship-specific assets in

financial intermediation.

I then provide suggestive evidence comparing bank-institution value to banker-

specific value. On average, affected borrowers pay about 4 bps more after the ban.

However, among affected issuers that retain their relationship banker, yields do not

increase, indicating that preserving the banker relationship offsets the adverse pricing

effect of losing the bank. This descriptive pattern includes selection into following

and suggests that for these borrowers the value contributed by the individual banker

is at least as important as, and may exceed, the value conferred by the bank platform.
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8 Figures and Tables

Figure 1. Distribution of Municipal Bond Issuance Amounts by Issuer Type

This figure reports the distribution of total issuance amounts across different types of municipal
bond issuers in Texas. The chart is based on the aggregated amount at maturity (in USD millions)
for municipal bonds issued between 2019 and 2024. Data are sourced from the SDC Platinum.
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Figure 2. Market Share of Banned Underwriters in Texas

This figure shows estimated OLS coefficients from a dynamic event-study specification, where the
outcome is the market share of banned banks in Texas municipal bond underwriting. The horizontal
axis denotes event time in quarters relative to the implementation of the ban, with the vertical dashed
light-blue line indicating the treatment period between 2021Q2 and 2021Q3 when the ban took effect.
Each point represents the estimated OLS coefficient for a given quarter. Vertical bars indicate 95%
confidence intervals. Red dots denote statistically significant coefficients at the 5% level; blue dots
are not significant. Data for this analysis are sourced from the SDC Platinum.
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(C) Follow
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Figure 3. Borrower Options Following Banker Movement

This figure presents the decision structure following a relationship banker’s move. Both affected
and unaffected borrowers face the choice of whether to follow the banker to a new institution. The
diagram distinguishes between four borrower types based on their exposure to the regulatory shock
(affected vs. unaffected) and their follow decision (follow vs. not follow).
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Figure 4. Following Banker Around Underwriter Ban

This figure plots the relationship between exposure to the Texas underwriter ban and the incidence of
following the banker for affected issuers. The dependent variable is Follow Banker, an indicator equal
to one if a borrower initiates a new relationship with a bank that hired its former relationship banker
by quarter t. The horizontal axis denotes event time in quarters relative to the implementation of
the ban, with the vertical dashed light-blue line indicating the treatment period between 2021Q2 and
2021Q3 when the ban took effect. Each point represents the estimated OLS coefficient for a given
quarter. Vertical bars indicate 95% confidence intervals. Red dots denote statistically significant
coefficients at the 5% level; blue dots are not significant. Data are sourced from SDC Platinum and
The Bond Buyer.
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Figure 5. DDIV Estimates Across Empirical Specifications

This figure plots point estimates and 95% confidence intervals from DDIV regression specifications
estimating the effect of maintaining a relationship with a departing banker on municipal bond yield
spreads. Each dot represents the estimated coefficient from a different model, including baseline spec-
ifications with bank-by-quarter fixed effects, as well as interaction models that explore heterogeneity
by observable banker characteristics (MBA degree, gender, and total compensation). Estimates are
obtained using an instrumental variables difference-in-differences framework, where the instrument
interacts post-ban timing with an indicator for whether a bank hired a previously affected banker.
The vertical dashed line marks zero effect for reference. Data are from SDC Platinum and The Bond
Buyer.
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Table 1. Summary Statistics

This table presents summary statistics for issuer-quarter level, bond-level, and issuer-level charac-
teristics. Panel A provides statistics at the issuer-quarter level, where the unit of observation is a
municipality each quarter from 2019 to 2024. Panel B presents transaction-level statistics, where
each observation corresponds to an individual bond. Panel C describes issuer-level characteristics,
where the unit of observation is a municipality that issues a bond in the period from 2019 to 2024.
Variable definitions are reported in the Appendix. Categorical variables are displayed as the modal
category, and tested using numeric encodings, described in the Appendix. The sample period covers
the years 2019 to 2024. Data source: SDC Platinum and The Bond Buyer.

N Mean Std. Dev. 25% 50% 75%

Panel A: Issuer-Quarter Panel

Bond Issuance 56,328 0.12 0.32 0.00 0.00 0.00

Volume of Issuance ($ Mil) 56,328 4.26 33.86 0.00 0.00 0.00

Affected Issuer 56,328 0.12 0.33 0.00 0.00 0.00

Bank relationships pre-ban 56,328 1.17 1.19 0.00 1.00 2.00

Panel B: Transaction-Level Statistics

Yield (%) 96,332 2.58 1.22 1.60 2.65 3.50

Yield Spread (%) 96,332 0.61 0.45 0.26 0.53 0.84

Amount at Maturity ($ Mil) 96,332 2.42 9.20 0.24 0.52 1.59

Amount per Underwriter ($ Mil) 96,332 2.24 7.78 0.24 0.52 1.58

Maturity Term (Years) 96,332 10.82 6.89 5.09 9.76 15.79

Underwriters per Deal 96,332 1.01 0.16 1.00 1.00 1.00

Post-Follow rate 96,332 0.19 0.39 0.00 0.00 0.00

Follower (%) 96,332 34.29 47.47 0.00 0.00 100.00

Affected Issuer (%) 96,332 29.42 45.57 0.00 0.00 100.00

Institutional Ownership (%) 34,074 58.13 43.797 25.10 50.00 94.90

Panel C: Issuer-Level Characteristics

Relationships with Banks (N) 2,492 2.28 1.95 1.00 1.00 2.00

Frequency of Issuance (Years) 2,492 1.14 0.97 0.56 0.92 1.39

Affected Issuer (%) 2,492 12.14 32.66 0.00 0.00 0.00

Panel D: Investor-Bank-Quarter Panel

New Relationships (%) 168,116 2.44 15.42 0.00 0.00 0.00

Capital Allocated ($ thousand) 168,116 409.76 5253.80 0.00 0.00 0.00

Affected Investor (%) 168,116 29.94 45.80 0.00 0.00 100.00

Panel E: Banker Move-Level Characteristics

Has MBA 244 0.21 0.41 0.00 0.00 0.00

Highest Degree 244 Bachelor - Bachelor Bachelor Masters

Previous Job Title 244 Senior VP - Senior VP Managing Director Managing Director

New Job Title 244 Managing Director - Senior VP Managing Director Managing Director

Promotion 244 0.30 0.46 0.00 0.00 1.00

Female 244 0.19 0.40 0.00 0.00 0.00

Total Compensation 212 393,332.50 191,654.28 268,826.28 387,406.04 480,082.83

Years of Experience 217 16.38 11.19 8.89 13.65 21.06
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Table 2. Effect of Following on Bond Price (Simple OLS)

This table reports OLS estimates of equation (4), which relates municipal bond yield spreads to
whether an issuer follows its relationship banker to the banker’s new bank. The dependent vari-
able, Spread, is the difference between the bond’s yield-to-maturity at issuance and the benchmark
municipal bond curve, measured in percentage points. The variable Follow Bankerit equals one if
issuer i issues through the relationship banker’s new bank, and zero otherwise. Column (1) uses the
full sample. Column (2) restricts the sample to affected issuers, defined as issuers with a pre-ban
relationship with a banned bank. Column (3) restricts the sample to issuers whose relationship
banker moved to another bank. A negative coefficient on Follow Bankerit indicates that following
the banker is associated with lower borrowing costs. All specifications include the fixed effects and
controls listed at the bottom of the table. Robust standard errors are reported in parentheses. ∗∗∗,
∗∗, and ∗ denote significance at the 1%, 5%, and 10% levels.

Spread Spread Spread
(Full Sample) (Among Affected Issuers) (Banker Moved)

(1) (2) (3)

Follow Banker -0.01∗∗ -0.03∗∗ -0.02∗∗∗

(0.004) (0.01) (0.00)

Controls Y Y Y
Issuer, County FE Y Y Y
Rating, Month FE Y Y Y
Proceeds, Security FE Y Y Y
Bank x Quarter FE Y Y Y
Observations 114,919 29,186 96,332
R-sq 0.70 0.53 0.65
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Table 3. Target Selection, Banned vs. Non-Banned Underwriters

This table compares underwriters affected by the 2021 Texas underwriter ban with other active
municipal underwriters. Panel A reports pre-ban bank-level characteristics measured as of 2021:Q2
for banned underwriters (N = 5) and non-banned underwriters (N = 44). These variables describe
banks’ municipal underwriting activity, exposure to Texas, issuer characteristics, and pricing out-
comes before the ban. Panel B compares characteristics of bankers who left banned banks with
bankers who left non-banned banks over the full sample period. Columns (1) and (2) report group
means for continuous variables and modal categories for categorical variables. Column (3) reports
Welch’s t-statistic for the difference between banned and non-banned groups. “Has MBA” and
“Promotion” are indicator variables. “Share of Texas in Bank Portfolio” is the total par amount
of Texas municipal bonds underwritten by a bank divided by the bank’s total par amount of U.S.
municipal bonds. Credit rating is reported for rated issuers only. Categorical variables are displayed
as modal categories and tested using numeric encodings, as described in the Appendix. Sample sizes
in Panel B vary across rows due to missing data. ***, **, and * denote significance at the 1%, 5%,
and 10% levels.

Panel A: Banned Underwriters vs. Non-Banned Underwriters

Banned Non-Banned Difference (t-stat)

(1) (2) (3)

Market Share in Texas (%) 0.06 0.02 1.61

Relationships with Municipalities in Texas 11.6 16.86 -0.97

Market Share in the US 0.07 0.01 2.94**

Share of Texas in Bank Portfolio 0.08 0.24 -3.11***

Yield (%) 1.24 1.25 -0.68

Amount Underwritten ($ Mil) 1,016.31 333.17 1.53

Issuers’ Credit Rating AA+ AA 0.58

Non-Rated Issuers (N) 7.80 15.23 -1.56

Panel B: Bankers leaving Banned vs. Non-banned banks

Banned Non-Banned Difference (t-stat)

(1) (2) (3)

Experience (Years) 16.20 16.46 -0.14

Highest Degree Bachelor Bachelor -0.73

Has MBA degree 0.18 0.22 -0.87

Previous Job Title Senior VP Senior VP 0.28

New Job Title MD MD -1.28

Promotion 0.23 0.33 -1.63

Gender Male Male 0.33

Average Compensation ($) 398709.85 390901.64 0.29
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Table 4. Complier Characteristics

This table describes the characteristics of complier issuers in the instrumental-variables design to
define the local population for which the IV estimate is identified. In this setting, compliers are
issuers whose decision to follow their relationship banker to the banker’s new bank is induced by
exposure to the Texas underwriter ban. Intuitively, these are issuers that would not have followed
the banker absent the ban but do follow when their original relationship bank becomes unavail-
able. For each issuer characteristic X, Column (1) reports the share of compliers whose value
of X is above the full-sample median, E[1{Xi > Med(X)} | C], where C denotes complier status
and Med(X) is the sample median. Column (2) reports the Angrist–Pischke “relative likelihood,”
E[1{Xi > Med(X)} | C]

E[1{Xi > Med(X)}]
. Values > 1 in Column (2) indicate that compliers are disproportionately

above the sample median.

Proportion of Compliers Above Ratio: Compliers

the Sample Median (%) to Sample)

(1) (2)

Amount at Maturity 46.4 0.93

Rating 22.3 1.54

Maturity 48.6 0.97

Amount per Underwriter 46.4 0.93

Size (pre-ban) 31.8 1.11

Spread 43.4 0.87

Yield 39.4 0.79
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Table 5. Instrumented Difference-in-Differences: Impact on Yield Spread

This table reports estimates from the instrumented difference-in-differences (DDIV) design. The
endogenous variable is Follow Bankerit, which equals one if issuer i issues through its pre-ban rela-
tionship banker’s new bank, and zero otherwise. The excluded instrument is Postt×Affected Issueri,
which equals one for post-ban bonds issued by municipalities whose incumbent underwriter was
banned from underwriting municipal bonds in Texas after the 2021 Texas underwriter ban. Col-
umn (1) reports the first-stage regression, showing how exposure to the ban affects the probability
that an issuer follows its relationship banker. Columns (2) and (3) report second-stage IV estimates
of the effect of following the banker on municipal bond yield spreads. The dependent variable in
the second stage, Spread, is measured in percentage points and is defined as the bond’s yield to
maturity at issuance minus the benchmark municipal bond yield curve. Column (3) adds bid-type
fixed effects. All specifications include the controls and fixed effects listed at the bottom of the table.
Robust standard errors clustered at the bank and quarter levels are reported in parentheses. The
first-stage F -statistic on the excluded instrument is reported at the bottom of the table. ∗∗∗, ∗∗,
and ∗ denote significance at the 1%, 5%, and 10% levels.

First Stage Second Stage
(Follow Banker) Spread

(1) (2) (3)

Post × Affected Issuer 0.14∗∗∗

(0.03)
Follow Banker (IV) -0.195∗∗ -0.203∗∗

(0.09) (0.09)

HHI Y Y Y
Controls Y Y Y
Issuer, Month FE Y Y Y
Rating, Use of Proceeds FE Y Y Y
Bank × Quarter FE Y Y Y
Bid Type FE Y
Observations 96,332 96,332 96,332
R-sq / F-stat 25.36
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Table 6. The effect of the ban on the yield spread

This table reports reduced-form difference-in-differences estimates of the effect of the 2021 Texas
underwriter ban on municipal bond yield spreads. The dependent variable, Spread, is measured in
percentage points and is defined as the bond’s yield at issuance minus the benchmark municipal bond
yield curve. The key explanatory variable is Post×Affected Issuer, where Post equals one for bonds
issued after September 2021 and Affected Issuer equals one for issuers whose pre-ban relationship
underwriter was banned from underwriting municipal bonds in Texas. Column (1) reports estimates
for the full sample. Column (2) restricts the sample to issuers whose relationship banker moved to
another bank. Column (3) restricts the sample to issuers whose relationship banker did not move.
All specifications include the controls and fixed effects listed at the bottom of the table. Robust
standard errors clustered at the quarter and bank levels are reported in parentheses. ∗∗∗, ∗∗, and ∗

denote significance at the 1%, 5%, and 10% levels.

Spread Spread Spread
(1) (2) (3)

Post × Affected Issuer 0.04∗∗ 0.04∗∗ -0.11
(0.02) (0.02) (0.08)

Controls Y Y Y
Issuer, County FE Y Y Y
Rating, Date FE Y Y Y
Bank x Quarter FE Y Y
Use of proceeds FE Y Y Y
Security Type FE Y Y Y
Sample Full Banker movers No movement
Observations 115,744 96,716 19,027
R-sq 0.58 0.57 0.65
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Table 7. Non-rated Borrowers: Impact on Yield Spread

This table reports instrumented difference-in-differences (DDIV) estimates for the subsample of
unrated borrowers. The endogenous variable is Follow Bankerit, which equals one if issuer i issues
through its pre-ban relationship banker’s new bank, and zero otherwise. The excluded instrument
is Postt × Affected Issueri, which equals one for post-ban bonds issued by municipalities whose
incumbent underwriter was banned from underwriting municipal bonds in Texas after the 2021
Texas underwriter ban. Column (1) reports the first-stage regression. Column (2) reports the
second-stage IV estimate of the effect of following the banker on municipal bond yield spreads. The
dependent variable in Column (2), Spread, is measured in percentage points and is defined as the
bond’s yield at issuance minus the benchmark municipal bond yield curve. All specifications include
the controls and fixed effects listed at the bottom of the table. Robust standard errors clustered at
the quarter and bank levels are reported in parentheses. The first-stage F -statistic on the excluded
instrument is reported at the bottom of the table. ∗∗∗, ∗∗, and ∗ denote significance at the 1%, 5%,
and 10% levels.

First Stage, IV,
(Follow Banker) (Spread)

(1) (2)

Post × Affected Issuer 0.093∗∗∗

(0.02)
Follow Banker (IV) -0.354∗

(0.18)
Controls Y Y
HHI Y Y
Issuer, County FE Y Y
Rating, Month FE Y Y
Use of proceeds, Security FE Y Y
Bank x Quarter FE Y Y
Observations 82,382 82,382
F-stat 15.58
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Table 8. Effect of Following the Banker for Revenue Bonds vs. GO bonds

This table reports estimates from an instrumental-variables difference-in-differences specification
testing whether the effect of following a relationship banker differs between revenue bonds and
general obligation bonds. Column (1) reports the first-stage estimate for the endogenous indicator
FollowBanker it, which equals one if issuer i issues a bond through the new bank of its pre-ban
relationship banker, and zero otherwise. The excluded instrument is Post t ×AffectedIssuer i, which
equals one for issuers whose incumbent underwriter was barred from underwriting Texas municipal
bonds by the 2021 Texas underwriter ban. Column (2) reports the second-stage estimates for Spread ,
measured in percentage points and defined as the bond’s yield at issuance minus the corresponding
benchmark municipal yield. RevenueBond it equals one for revenue bonds and zero for general
obligation bonds. The coefficient on FollowBanker it×RevenueBond it captures the differential effect
of following the banker for revenue bonds relative to general obligation bonds. Robust standard
errors clustered by bank and quarter are reported in parentheses. The first-stage F -statistic on the
excluded instrument is reported at the bottom of the table. ∗∗∗, ∗∗, and ∗ denote significance at the
1%, 5%, and 10% levels, respectively.

First Stage, IV,
(Follow Banker) (Spread)

(1) (2)

Post × Affected Issuer 0.14∗∗∗

(0.03)
Follow Banker (IV) × RevenueBond -0.13

(0.15)
Follow Banker (IV) -0.29∗

(0.17)
RevenueBond 0.06

(0.04)

Controls Y Y
HHI Y Y
Issuer FE Y Y
Rating, Date FE Y Y
Bank x Quarter FE Y Y
Observations 96,332 96,332
F-stat 23.33
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Table 9. Relationship Banker Hiring and Investor-Bank Capital Allocation

This table presents the effect of hiring a relationship banker on relationship formation and capital
allocation from institutional investors to municipal bond underwriters. The dependent variable in
columns (2) and (3) is the total capital (measured by par value in thousands of U.S. dollars) allocated
by an investor to a bank in a given quarter. Column (1) reports the probability of establishing a new
investor-bank relationship. The variable Post is a binary indicator equal to one for quarters following
the underwriter ban. Affected Investor is an indicator for investors whose existing relationships were
impacted by the ban. Bank Hired Banker is a dummy equal to one if the bank hired a relationship
banker who had previously worked with the investor’s borrowers. The triple interaction Post ×
Affected Investor × Bank Hired Banker captures the change in investor allocation to banks that
hired relationship bankers during the post-ban period, relative to unaffected investors and banks
without such hires. Standard errors are clustered at the investor and quarter level. ∗∗∗, ∗∗, ∗ denote
significance at the 1%, 5%, and 10% levels, respectively.

New Relationship Capital Capital
With Bank Allocated Allocated

(1) (2) (3)

Post × Affected Investor 0.002 -63.88 22.91
(0.002) (104.86) (127.71)

Post × Bank Hired Banker -0.01 304.72∗∗ 304.48∗∗

(0.01) (138.76) (389.91)

Post × Affected Investor × 0.005 1,054.35∗∗∗ 798.06∗∗

× Bank Hired Banker (0.003) (284.34) (389.91)

Year-quarter FE Y Y Y
Investor FE Y Y
Bank FE Y Y
Bank × Investor FE Y
Observations 168,116 168,116 163,696
R-squared 0.03 0.08 0.23
Const 0.03∗∗∗ 305.32∗∗∗ 313.23 ∗∗∗
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Table 10. Impact of Following an MBA Banker on Yield Spreads

This table reports estimates from an instrumental-variables difference-in-differences specification ex-
amining whether the effect of following a relationship banker differs by the banker’s educational back-
ground. Column (1) reports the first-stage estimate for the endogenous indicator FollowBanker it,
which equals one if issuer i issues a bond through the new bank of its pre-ban relationship banker,
and zero otherwise. The excluded instruments are Post t × AffectedIssuer i and its interaction with
hasMBA. Column (2) reports the second-stage estimates for Spread , measured in percentage points
and defined as the bond’s yield at issuance minus the corresponding benchmark municipal yield.
The variable hasMBA equals one if the relationship banker holds an MBA degree. The coefficient
on FollowBanker it × hasMBA captures the differential effect of following an MBA banker relative
to following a non-MBA banker. Robust standard errors clustered at the bank level are reported in
parentheses. The first-stage F -statistic on the excluded instrument is reported at the bottom of the
table. ∗∗∗, ∗∗, and ∗ denote significance at the 1%, 5%, and 10% levels, respectively.

First Stage, IV,
(Follow Banker) (Spread)

(1) (2)

Post × Affected Issuer 0.17∗∗∗

(0.03)
Follow Banker (IV) × has MBA -0.135∗∗

(0.06)
Follow Banker (IV) -0.04

(0.11)
has MBA 0.09∗∗∗

(0.02)

Controls Y Y
HHI Y Y
Issuer FE Y Y
Rating, Date FE Y Y
Use of proceeds, Security FE Y Y
Bank FE Y Y
Observations 96,332 96,332
F-stat 19.40
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Table 11. Effect of Following Relationship Banker on Bond Spread (Triple
Difference-in-Difference)

This table reports triple-difference estimates that compare post-ban changes in yield spreads for
affected and unaffected issuers, separately for issuers that follow their relationship banker and
those that do not. The dependent variable, Spread, is measured in percentage points and is
defined as the bond’s yield to maturity at issuance minus the benchmark municipal bond yield
curve. PostBan equals one for bonds issued after the 2021 Texas underwriter ban. Affected Issuer
equals one for issuers whose pre-ban relationship underwriter was banned from underwriting mu-
nicipal bonds in Texas. Follower equals one if the issuer follows its pre-ban relationship banker
to the banker’s new bank. The coefficient on PostBan × Affected Issuer captures the post-ban
change in spreads for affected non-followers relative to unaffected non-followers. The coefficient on
PostBan×Affected Issuer×Follower captures the incremental post-ban change for affected followers,
relative to affected non-followers and unaffected followers. Standard errors are clustered at the bank
and quarter levels and reported in parentheses. ∗∗∗, ∗∗, and ∗ denote significance at the 1%, 5%,
and 10% levels, respectively.

Spread
(1) (2)

PostBan × Affected Issuer 0.04∗ 0.05∗∗

(0.02) (0.02)
PostBan × Follower 0.06∗ 0.05∗

(0.03) (0.02)
PostBan × Affected Issuer × Follower -0.12∗∗ -0.10∗∗

(0.05) (0.04)

Controls Y Y
Issuer, Rating, Month, GO FE Y Y
Bank × Quarter FE Y
Banker FE Y
Observations 96,332 96,327
R-squared 0.62 0.60
Outcome Mean 0.61 0.61
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Table 12. Effect of the Ban on Yield Spreads Among Followers

This table reports within-follower estimates of how municipal bond yield spreads change after the
2021 Texas underwriter ban. The sample is restricted to issuers that follow their pre-ban relationship
banker to the banker’s new bank. The dependent variable, Spread, is measured in percentage points
and is defined as the bond’s yield to maturity at issuance minus the benchmark municipal bond
yield curve. The key explanatory variable, PostBant, equals one for bonds issued after September
2021, when the Texas underwriter ban took effect, and zero otherwise. Column (1) includes issuer
fixed effects and fixed effects for use of proceeds, security type, and credit rating. Column (2) adds
bank-by-quarter fixed effects, which absorb time-varying shocks at the underwriting-bank level.
Column (3) instead includes banker fixed effects, which compare issuance outcomes within the same
relationship banker over time. Standard errors are clustered at the bank and quarter levels and
reported in parentheses. ∗∗∗, ∗∗, and ∗ denote significance at the 1%, 5%, and 10% levels.

Spread

(1) (2) (3)

PostBan -0.005 -0.106 0.005
(0.02) (0.08) (0.02)

Issuer FE Y Y Y
Proceeds, Security, Rating FEs Y Y Y
Bank × Quarter FE Y
Banker FE Y
Observations 25,995 25,989 25,992
R-sq 0.31 0.48 0.38
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Table 13. First Stage: Relevance and Heterogeneity in Following

This table reports first-stage regressions for the endogenous indicator Followibt. The variable
Followibt equals one if issuer i follows its pre-ban relationship banker to the banker’s new bank
at time t, and zero otherwise. The excluded instrument is PostBant×Affected Issueri, which equals
one for post-ban bonds issued by municipalities whose pre-ban relationship underwriter was banned
from underwriting municipal bonds in Texas after the 2021 Texas underwriter ban. Column (1) re-
ports the baseline first stage. Column (2) allows the first-stage effect to vary with pre-move borrower
characteristics by interacting the instrument with log(Volume) and numeric credit rating. Higher
values of the numeric rating variable correspond to better credit quality. The interaction terms test
whether the ban-induced probability of following the banker is stronger for larger or higher-rated
issuers. All specifications include the controls and fixed effects listed at the bottom of the table.
Robust standard errors clustered at the bank and quarter levels are reported in parentheses. ∗∗∗,
∗∗, and ∗ denote significance at the 1%, 5%, and 10% levels.

Baseline First Stage First Stage with Heterogeneity
(1) (2)

PostBan × Affected Issuer 0.14∗∗∗ 0.13∗∗∗

(0.03) (0.03)
× log(Volume) -0.006

(0.007)
×Rating 0.012∗∗∗

(0.004)
Issuer FE Y Y
Date FE, County × Year FE Y Y
log(Volume), Rating, HHI controls Y Y
Use-of-Proceeds FE Y Y
Bank × Quarter FE Y Y

Observations 96,332 96,332
R-sq 0.77
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A Additional Tables

Table A.1. Variable Definitions

Variable Definition

Bond-level and issuer-level variables

Bond Issuance Indicator equal to one if issuer i issues at least one mu-

nicipal bond in quarter t, and zero otherwise.

Volume of Issuance Total par amount of municipal bonds issued by issuer i

in quarter t, measured in millions of U.S. dollars.

Yield Yield to maturity at issuance, measured in percentage

points.

Yield Spread Difference between the bond’s yield to maturity at is-

suance and the maturity-matched Municipal Market Ad-

visors AAA-rated municipal yield curve, measured in

percentage points.

Amount at Maturity Bond principal amount due at maturity, measured in

millions of U.S. dollars.

Amount per Under-

writer

Bond amount divided by the number of lead underwrit-

ers on the deal, measured in millions of U.S. dollars.

Maturity Term Number of years between the bond issuance date and

the maturity date.

Underwriters per Deal Number of lead underwriters participating in the munic-

ipal bond deal.
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Variable Definition

Rating Numeric coding of the bond credit rating. Higher values

correspond to better credit quality. For rated bonds,

ratings are based on available credit ratings in the bond

data.

Non-rated Issuer Indicator equal to one if the issuer or bond lacks a credit

rating, and zero otherwise.

RevenueBond Indicator equal to one if the bond is a revenue bond, and

zero if it is a general obligation bond.

CompetitiveBid Indicator equal to one if the bond is issued through com-

petitive bidding, and zero if issued through negotiated

bidding.

Security Type Categorical variable describing the bond security type,

such as general obligation or revenue-backed security.

Use of Proceeds Categorical variable describing the stated purpose or use

of proceeds for the bond issue.

Insured Bond Indicator equal to one if the bond is insured, and zero

otherwise.

Uninsured Bond Indicator equal to one if the bond is not insured, and

zero otherwise.

Relationships with

Banks

Number of distinct underwriting banks used by an issuer

over the relevant pre-period or sample period.

Bank relationships pre-

ban

Number of distinct underwriting-bank relationships

maintained by the issuer before the September 2021

Texas underwriter ban.
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Variable Definition

Frequency of Issuance Average frequency with which an issuer issues municipal

bonds, measured in years between issuances.

Size (pre-ban) Issuer size measured before the Texas underwriter ban,

based on pre-ban issuance activity.

log(Volume) Natural logarithm of bond issue volume.

Institutional Ownership Share of a bond’s holdings held by institutional investors

in the eMAXX data, measured as a percentage.

Treatment, instrument, and follow variables

Follow Banker Indicator equal to one if issuer i follows its pre-ban re-

lationship banker to the banker’s new bank by period t,

and zero otherwise.

Follow Banker (IV) Instrumented value of Follow Banker from the first-stage

regression using exposure to the Texas underwriter ban

as the excluded instrument.

Follower Indicator equal to one if the borrower follows a relation-

ship banker who moved to a new bank, and zero other-

wise.

Post Indicator equal to one for bonds issued after the Septem-

ber 2021 Texas underwriter ban, and zero for bonds is-

sued before the ban.
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Variable Definition

Affected Issuer Indicator equal to one if an issuer was exposed to the

Texas underwriter ban. In the main definition, an issuer

is classified as affected if it relied on subsequently banned

underwriters for at least 10% of its deals in the five years

before the ban.

Affected Issuer, Last-

Interaction Definition

Alternative affected-issuer definition equal to one if the

issuer’s last pre-ban underwriting relationship was with

a bank that was subsequently banned.

Post × Affected Issuer Difference-in-differences treatment variable equal to one

for affected issuers in the post-ban period. This variable

is used as the excluded instrument for Follow Banker in

the DDIV specifications.

PostBan × Follower Interaction between the post-ban indicator and the indi-

cator for whether the borrower follows the relationship

banker.

PostBan × Affected Is-

suer × Follower

Triple-interaction term capturing the differential post-

ban change in spreads for affected issuers that fol-

low their relationship banker, relative to affected non-

followers and unaffected issuers.

Affected × Follower Indicator equal to one for affected issuers that follow

their relationship banker, and zero otherwise.

Affected × Non-

Follower

Indicator equal to one for affected issuers that do not

follow their relationship banker, and zero otherwise.

Bank and market structure variables
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Variable Definition

HHI Herfindahl-Hirschman Index measuring underwriting-

market concentration in the relevant market and time

period.

Market Share in Texas Share of Texas municipal bond underwriting volume ac-

counted for by a given bank.

Market Share in the

U.S.

Share of total U.S. municipal bond underwriting volume

accounted for by a given bank.

Share of Texas in Bank

Portfolio

Total par amount of Texas municipal bonds underwrit-

ten by a bank divided by the bank’s total par amount of

U.S. municipal bonds underwritten.

Relationships with Mu-

nicipalities in Texas

Number of Texas municipal issuers with which a bank

has underwriting relationships.

Amount Underwritten Total par amount of municipal bonds underwritten by a

bank, measured in millions of U.S. dollars.

Issuers’ Credit Rating Average or modal credit rating of issuers served by a

given bank, based on rated issuers.

Non-Rated Issuers Number of non-rated issuers served by a given bank.

Investor-bank-quarter variables

New Relationship With

Bank

Indicator equal to one if an institutional investor estab-

lishes a new relationship with a bank in a given quarter,

and zero otherwise.
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Variable Definition

Capital Allocated Total capital, measured by par value, allocated by an

institutional investor to bonds underwritten by a given

bank in a given quarter. In the tables, this variable is

measured in thousands of U.S. dollars.

Affected Investor Indicator equal to one if an institutional investor’s pre-

ban relationships were affected by the Texas underwriter

ban. In the main definition, this equals one for investors

that historically conducted more than 50% of their mu-

nicipal bond purchases through banned banks.

Bank Hired Banker Indicator equal to one if a bank hired a relationship

banker who had previously worked with the investor’s

borrowers, and zero otherwise.

Post × Affected In-

vestor

Interaction between the post-ban indicator and the

affected-investor indicator.

Post × Bank Hired

Banker

Interaction between the post-ban indicator and the indi-

cator for whether the bank hired a relationship banker.

Post × Affected In-

vestor × Bank Hired

Banker

Triple-interaction term measuring how affected investors

change their capital allocation to banks that hired re-

lationship bankers after the ban, relative to unaffected

investors and banks without such hires.

Banker-level and banker-move variables

Has MBA Indicator equal to one if the banker held an MBA degree

at the time of the move, and zero otherwise.
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Variable Definition

Female Indicator equal to one if the banker’s predicted gender

is female, and zero otherwise.

Gender Predicted gender of the banker, based on available Rev-

elio Labs data.

Highest Degree Highest educational degree observed for the banker in

the Revelio Labs data.

Previous Job Title Banker’s job title at the previous employer before the

move.

New Job Title Banker’s job title at the new employer after the move.

Job Title Standardized banker title constructed by mapping raw

job titles into an ordinal hierarchy, ranging from unspeci-

fied or analyst-level positions to senior managing director

and public-finance head roles.

Promotion Indicator equal to one if the banker moves to a higher-

ranked job title at the new employer, and zero otherwise.

Experience (Years of

Experience)

Number of years of professional experience, measured

from the banker’s first finance-related position in Revelio

Labs.

Total Compensation /

Average Compensation

Estimated annual total compensation of the banker, in-

cluding base salary and bonus, from Revelio Labs.

Moving Banker Indicator equal to one if the banker changes employers at

least once during the sample period, and zero otherwise.

Non-moving Banker Indicator equal to one if the banker remains with the

same employer during the sample period, and zero oth-

erwise.
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Variable Definition

Banker from Banned

Bank

Indicator equal to one if the banker was employed by a

bank affected by the Texas underwriter ban before mov-

ing, and zero otherwise.

72



Table A.2. Summary Statistics

This table presents summary statistics for issuer-quarter level, bond-level, and issuer-level charac-
teristics. Panel A provides statistics at the issuer-quarter level, where the unit of observation is a
municipality each quarter from 2019 to 2024. Panel B presents transaction-level statistics, where
each observation corresponds to an individual bond. Panel C describes issuer-level characteristics,
where the unit of observation is a municipality that issues a bond in the period from 2019 to 2024.
Variable definitions are reported in the Appendix. The sample period covers the years 2019 to 2024.
Data source: SDC Platinum and The Bond Buyer.

N Mean Std. Dev. 25% 50% 75%

Panel A: Transaction-Level Statistics (full sample)

Yield (%) 115,795 2.55 1.22 1.59 2.60 3.50

Yield Spread (%) 115,795 0.58 0.45 0.26 0.52 0.83

Amount at Maturity ($ Mil) 115,795 2.30 9.06 0.23 0.50 1.45

Maturity Term (Years) 115,773 10.71 6.89 5.00 9.59 15.63

Underwriters per Deal 115,795 1.01 0.15 1.00 1.00 1.00

Affected Issuer (%) 115,795 25.26 43.45 0.00 0.00 1.00

Affected × Follower (%) 115,795 13.76 34.45 0.00 0.00 0.00

Affected × Non-Follower (%) 115,795 8.63 28.07 0.00 0.00 0.00
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Table A.3. Hierarchy of Municipal Underwriting Job Titles

This table documents the hierarchy used to standardize banker titles across municipal underwriting
banks. Because internal titles are not uniform, common synonyms are mapped to an ordinal rank.
Titles are standardized from Bond Buyer “People on the Move” announcements and, where available,
verified against bankers’ LinkedIn accounts.

Normalized key Rank Common raw titles mapped

Unspecified 0 (blank, NA, unknown)

Analyst 1 Analyst; Public Finance Analyst; Investment Banking Analyst

Associate 2 Associate; Investment Banking Associate

Assistant VP 3 Assistant Vice President; AVP

VP 4 Vice President; Public Finance VP

Senior VP 5 Senior Vice President; SVP

Director 6 Director; Executive Director; Principal

MD 6 Managing Director

Senior MD 7 Senior Managing Director; Senior MD

Senior advisor 8 Senior Advisor; Advisory Director

MD head 9 Head/Co-Head of Public Finance; Chair/Co-Chair
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Table A.4. Characteristics of Moving and Non-moving Municipal Bankers

This table compares observable characteristics of bankers who change employers at least once during
the sample period (moving bankers) with those who remain at the same employer (non-moving
bankers). Banker demographics, education, titles, and compensation are obtained from Revelio Labs
database. Column (1) reports mean values for non-moving bankers, Column (2) reports mean values
for moving bankers, and Column (3) reports the difference in means together with the corresponding
t-statistic.

Non-moving bankers Moving bankers Difference (t-stat)

(1) (2) (3)

Experience (Years) 15.62 16.38 -0.71

Highest Degree Master Bachelor 1.94*

Has MBA degree 0.22 0.21 0.86

Pr(female) 0.22 0.19 0.85

Job title MD MD -

Compensation ($) 386236.20 393332.50 -0.39

N 269 244
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Table A.5. Impact of Following a Female Banker on Yield Spreads

This table reports estimates from an instrumental variables difference-in-differences (DDIV) spec-
ification that examines whether the effect of retaining a relationship banker on municipal bond
spreads varies depending on the banker’s educational background. Column 1 reports the first-stage
regression for the endogenous indicator Follow Bankerit, which equals 1 if issuer i follows its
pre-ban relationship banker to the banker’s new bank by period t. The excluded instrument is
Postt × Affected Issueri, equal to 1 for issuers whose incumbent underwriter was barred from un-
derwriting municipal bonds in Texas after the 2021 ban. Column 2 shows the second-stage estimates
for the bond yield spread at issuance. The binary variable Female is equal to 1 if the banker’s pre-
dicted gender is female. The coefficient on the interaction term captures how the effect of following a
female banker differs from following other bankers. Robust standard errors clustered at the quarter
and bank level are in parentheses. The first-stage F -statistic on the excluded instrument is reported
at the bottom of the table. ∗∗∗, ∗∗, and ∗ denote significance at the 1%, 5%, and 10%

First Stage, IV-DiD,
(Follow Banker) (Spread)

(1) (2)

Post × Affected Issuer 0.23∗∗∗

(0.03)
Follow Banker (IV) × Female -0.33

(0.34)
Follow Banker (IV) -0.19

(0.12)
Female 0.11∗∗

(0.07)

Controls Y Y
HHI Y Y
Issuer FE Y Y
Rating, Date FE Y Y
Use of proceeds, Security FE Y Y
Bank x Quarter FE Y Y
Observations 96,332 96,332
F-stat 30.93
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Table A.6. Effect of Following the Banker for Competitive vs. Negotiated
Bidding

This table reports the estimates from an instrumental-variables difference-in-differences (IV–DiD)
specification testing whether the effect of retaining a relationship banker on municipal bond yield
spreads differs by bidding type (competitive vs. negotiated bidding). Column (1) reports the
first stage for the endogenous indicator FollowBanker it, which equals 1 if issuer i follows its
pre-ban relationship banker to the banker’s new bank by period t. The excluded instrument is
Post t × AffectedIssuer i, which equals 1 for issuers whose incumbent underwriter was barred from
underwriting Texas municipal bonds by the 2021 Texas underwriter ban. Column (2) reports the
second-stage estimates for the yield spread at issuance. CompetitiveBid it equals 1 for bonds issued
through competitive bidding; the coefficient on FollowBanker it×CompetitiveBid it captures how the
effect of following the banker differs for competitive versus negotiated bidding. Robust standard
errors clustered by bank and quarter are reported in parentheses. The first-stage F -statistic on the
excluded instrument is reported at the bottom of the table. ∗∗∗, ∗∗, and ∗ denote significance at the
1%, 5%, and 10%

First Stage, IV,
(Follow Banker) (Spread)

(1) (2)

Post × Affected Issuer 0.14∗∗∗

(0.03)
Follow Banker (IV) × CompetitiveBid 0.15

(0.12)
Follow Banker (IV) -0.42∗∗

(0.18)
CompetitiveBid -0.01

(0.03)

Controls Y Y
HHI Y Y
Issuer FE Y Y
Rating, Date FE Y Y
Bank x Quarter FE Y Y
Observations 96,332 96,332
F-stat 28.39
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Table A.7. Affected Borrower by Last Interaction

This table reports the estimates from the first and second stages of the instrumented difference-
in-differences (DDIV) regression estimates for another definition of affected borrower. Column 1
reports the first-stage regression for the endogenous indicator Follow Bankerit, which equals 1 if
issuer i follows its pre-ban relationship banker to the banker’s new bank in year t. The excluded
instrument is Postt ×Affected Issueri, equal to 1 for issuers whose incumbent underwriter was barred
from underwriting municipal bonds in Texas after the 2021 ban. Column 2 shows the second-stage
estimates for the bond yield spread at issuance. Robust standard errors clustered at the bank level
are in parentheses. The first-stage F -statistic on the excluded instrument is reported at the bottom
of the table. ∗∗∗, ∗∗, and ∗ denote significance at the 1%, 5%, and 10%

First Stage IV
(Follow Banker) (Spread)

(1) (2)

Post × Affected Issuer 0.188∗∗∗

(0.03)
Follow Banker (IV) -0.26∗∗

(0.11)
Controls Y Y
HHI Y Y
Issuer FE Y Y
Rating, Month FE Y Y
Use of proceeds FE Y Y
Bank FE Y Y
Observations 96,332 96,332
F-stat 55.05
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Table A.8. Effect of Following the Banker on Yields

This table reports the estimates from the first and second stages of the instrumented difference-
in-differences (DDIV) regression estimates for yield at issuance as an outcome variable. Column
1 reports the first-stage regression for the endogenous indicator Follow Bankerit, which equals 1 if
issuer i follows its pre-ban relationship banker to the banker’s new bank in year t. The excluded
instrument is Postt ×Affected Issueri, equal to 1 for issuers whose incumbent underwriter was barred
from underwriting municipal bonds in Texas after the 2021 ban. Column 2 shows the second-stage
estimates for the bond yield at issuance. Robust standard errors clustered at the bank and quarter
levels are in parentheses. The first-stage F -statistic on the excluded instrument is reported at the
bottom of the table. ∗∗∗, ∗∗, and ∗ denote significance at the 1%, 5%, and 10%

First Stage IV
(Follow Banker) (Yield)

(1) (2)

Post × Affected Issuer 0.167∗∗∗

(0.03)
Follow Banker (IV) -0.406∗∗∗

(0.12)
Controls Y Y
HHI Y Y
Issuer FE Y Y
Rating, Month FE Y Y
Use of proceeds FE Y Y
Bank x Quarter FE Y Y
Observations 96,332 96,332
F-stat 25.34
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Table A.9. Uninsured Bonds: Impact on Yield Spread

This table reports the estimates from the first and second stages of the instrumented difference-in-
differences (DDIV) regression estimates for the subsample of uninsured bonds. Column 1 reports
the first-stage regression for the endogenous indicator Follow Bankerit, which equals 1 if issuer i
follows its pre-ban relationship banker to the banker’s new bank in year t. The excluded instrument
is Postt × Affected Issueri, equal to 1 for issuers whose incumbent underwriter was barred from
underwriting municipal bonds in Texas after the 2021 ban. Column 2 shows the second-stage
estimates for the bond yield spread at issuance. Robust standard errors clustered at the quarter and
bank level are in parentheses. The first-stage F -statistic on the excluded instrument is reported at
the bottom of the table. ∗∗∗, ∗∗, and ∗ denote significance at the 1%, 5%, and 10%

First Stage, IV,
(Follow Banker) (Spread)

(1) (2)

Post × Affected Issuer 0.14∗∗∗

(0.02)
Follow Banker (IV) -0.25∗∗∗

(0.07)
Controls Y Y
HHI Y Y
Issuer, County FE Y Y
Rating, Month FE Y Y
Use of proceeds, Security FE Y Y
Bank x Quarter FE Y Y
Observations 86,557 86,557
F-stat 18.22
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