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Abstract

We study the decline in municipal bond underwriters’ compensation amid rising trans-
parency and investor sophistication. Using new-issue data from 2005–2024, we estimate
a structural model of markups with latent classification of investor type. We find a
sharp decline in both the probability of uninformed trades and the markups underwrit-
ers charge on them. As a result, underwriters’ distribution rent falls from 15.99 to 3.71
basis points of issuance (a 76.8% decline), while underwriting spreads remain flat, in-
dicating sustained pressure on underwriter compensation. Using the model estimates,
we find that greater transparency is associated with a lower probability of uninformed
trades, while higher household financial capability is associated with lower markups
on those trades. Finally, we show that the conventional $100,000 trade-size threshold
performs poorly as a proxy for investor informedness.
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1 Introduction

The $3.8 trillion municipal bond market is a vital source of capital for financing public infras-

tructure and services across the United States. Municipal underwriters play a central role

in this ecosystem: they organize bond issuance, purchase securities from issuers, and resell

them to investors, earning compensation through underwriting spreads collected from issuers

and markups charged on customer trades. Over the past two decades, however, the structure

of this market has changed markedly for at least two reasons. First, regulatory initiatives

have increased price transparency (Wu, 2018). Second, the investor base has become increas-

ingly sophisticated, with mutual funds, ETFs, and separately managed accounts displacing

a historically retail-dominated clientele (Cestau et al., 2019). These developments have im-

portant implications for the economics of underwriting, especially for the rents underwriters

can earn from trading with uninformed investors in the new issue market.

The conceptual framework of Green (2007) provides a natural lens for understanding these

developments. In this model, dealer-underwriters behave as Bertrand competitors in the pri-

mary market, which keeps underwriting spreads tightly constrained. Underwriter compensa-

tion therefore stems largely from markups charged to uninformed investors in the new issue

market—markups enabled by limited price transparency and heterogeneous information-

gathering capabilities among market participants. As transparency rises and the share of

retail investors declines, the model predicts a contraction in underwriters’ ability to extract

such rents. Yet despite the centrality of this mechanism, there is limited empirical evidence

on whether and to what extent underwriter compensation has actually evolved in response
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to these long-run changes in market microstructure.

Our study aims to fill this gap. While prior work documents generally declining municipal

bond transaction costs (e.g., Schultz, 2012; Chalmers et al., 2021; Wu, 2018; Griffin et al.,

2023), the evidence is mixed for new-issue markups, which are central to the underwriter

business model. Moreover, the literature has relied on the conventional $100,000 trade-size

threshold to differentiate retail (presumably uninformed) from institutional (presumably

informed) investors (e.g., Hong and Warga, 2004; Harris and Piwowar, 2006; Green et al.,

2006; Schultz, 2012; Cuny, 2017; Hendershott et al., 2020, as well as SEC Rule 15c2-12

analyses in Ivanov et al., 2024). This proxy, however, has not been evaluated in light of

significant changes in transparency and investor composition over the past two decades.

We answer these questions by assembling a comprehensive database integrating the Mer-

gent Municipal Fixed Income Securities database, MSRB trade data, the SDC Platinum

database, and Bloomberg for all municipal bonds issued since 2005 until the end of 2024

(data cutoff point). Over this 20-year sample period, we document that underwriting spreads

and new-issue markups have declined substantially over time, especially among national un-

derwriters who account for the majority of underwriting activity. These time-series trends

persist after controlling for a wide range of bond, issuance, and issuer characteristics.

To understand the mechanism behind these declines, we estimate a structural model

grounded in Green (2007) and Green et al. (2007). The model links observed markups in the

new issue market to bond, issue, and trade characteristics, but permits the markup sched-

ule to differ for informed and uninformed investors. Because investor type is not directly

observable, we follow Green et al. (2007) in modeling informedness as a latent variable that

depends on trade, bond, and issue characteristics (including underwriting spreads), reflecting
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investors’ endogenous decision to incur information-acquisition costs. The empirical frame-

work is a mixture of regression models consisting of an outcome equation for markups and

a two-regime classification equation for investor type.

Our estimates reveal two striking patterns. First, the probability that underwriters

encounter uninformed investors has fallen sharply, from more than 57% in 2006 to 26%

in 2024. Second, the average markup charged to uninformed investors has declined from

roughly 100 basis points (bps) in 2006 to below 80 bps in 2024, after peaking at 152 bps

during the 2009 financial crisis. Together, these trends imply that underwriters are now

half as likely to transact with uninformed customers as in 2006 and charge them roughly

half of what they did at the 2009 peak. We combine these margins into a single object, the

retail-distribution rent per dollar of issuance, and find that it falls from 15.99 bps in 2006 to

3.71 bps in 2024, a 76.8% decline. A Shapley decomposition attributes 61.9% of the decline

to lower uninformed order flow and 38.1% to smaller markups on that flow. Underwriting

spreads do not rise to offset the loss, so the rent’s share of total underwriter compensation

falls from 22.27% to 8.15%.

Using the structural estimates of the prevalence of uninformed order flow and the markup

wedge between uninformed and informed trades, we examine the effects of rising transparency

and greater investor sophistication. We treat the May 2018 implementation of MSRB Rules

G-15 and G-30, which mandated markup disclosure, as a transparency shock. After the

shock, the probability of uninformed trading falls significantly, but the terms received by

trades that remain uninformed do not improve. We then exploit variation in investor so-

phistication across states and over time, in both direct and delegated forms. Direct sophis-

tication is associated with a narrower markup wedge between the uninformed and informed
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regimes, suggesting that sophisticated households’ option to become informed disciplines

dealer pricing even when it is not exercised. Overall, public disclosure reduces the preva-

lence of uninformed trading, whereas direct household sophistication lowers the price paid

by those who remain uninformed.

Finally, our results allow us to re-evaluate the widely used $100,000 trade-size cutoff for

distinguishing between retail and institutional investors. We find that trade size is only

weakly correlated with informedness, and that this correlation has declined materially over

time. The accuracy of classifying trades below $100,000 as uninformed falls below 50% after

2018. Even above $100,000, misclassification remains substantial, averaging 23% over the

sample period. Moreover, at round-number trade sizes ($25,000, $50,000, and $75,000), the

distributions of informed and uninformed trades are statistically indistinguishable. If the

goal is to proxy for investor informedness, our findings caution against the continued use of

the $100,000 trade-size threshold in both academic research and regulatory analysis.

Our paper contributes to a large literature on market transparency and transaction costs

in the municipal bond market.1 Beginning with Green et al. (2007) and Schultz (2012),

it is well established that municipal bonds trade in a decentralized broker–dealer market

characterized by costly price discovery and heterogeneous investor sophistication. While

prior studies document elevated and dispersed transaction costs (e.g., Harris and Piwowar,

2006; Green et al., 2006; Green et al., 2007), the evidence on long-run trends in new-issue

markups has been mixed (see Schultz, 2012; Chalmers et al., 2021; Wu, 2018; Griffin et al.,

2023). We advance this literature by documenting a substantial decline in new-issue markups

and by estimating, from a structural model of the rent mechanism, the two margins that
1See Bergstresser (2022) and Cestau et al. (2019) for comprehensive surveys.
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generate underwriters’ trading rents: the prevalence of uninformed trading and the markups

the uninformed pay.

We also contribute to the literature on underwriting frictions. Luby and Moldogaziev

(2013) link underwriting fees to market risk and show that local financial advisors mitigate

these frictions. Garrett (2024) documents the effects of conflicts arising from dual under-

writer–advisor arrangements. Garrett et al. (2023) shows that underwriters extract fewer

information rents as the tax advantage of tax-exempt bonds increases. Green et al. (2007)

highlights the substitutability between underwriting spreads charged to issuers and markups

charged to investors. Our analysis deepens this strand by jointly examining both sources of

compensation and showing that underwriters face increasing pressure on both sides: declin-

ing markups are not offset by rising underwriting spreads.

Finally, our results relate to a growing literature on clientele effects in municipal bond

markets. Babina et al. (2021) and Bergstresser and Cohen (2015) highlight how tax incentives

drive investor segmentation and retail concentration, while Cornaggia et al. (2022) show that

inattentive investors contribute to persistent markup dispersion. We add to this literature

by providing a new empirical measure of investor informedness and demonstrating that

uninformed trading has declined markedly over the past two decades. Moreover, we show

that the commonly used $100,000 trade-size cutoff performs poorly as a proxy for investor

informedness, particularly in recent years.

The paper proceeds as follows. Section 2 lays out the Green (2007) model, defines

the equilibrium objects we measure, presents the structural model that estimates them, and

delineates the paper’s contribution. Section 3 describes the data and documents the reduced-

form declines in markups and underwriting spreads. Section 4 presents the empirical results.
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Section 5.3 applies the estimated model to assess the $100,000 trade size cutoff in classifying

informed and uninformed trades. Section 6 concludes.

2 Conceptual Framework and Structural Model

2.1 Conceptual Framework

To understand the sources and dynamics of underwriter compensation, we build on Green

(2007), who models the strategic interactions among issuers, underwriters, and investors. In

the model, two intermediaries—each functioning as both underwriter and dealer—compete

in a Bertrand manner (i.e., on price) for an issuer’s bonds and subsequently resell them to a

mix of retail and institutional investors. In the resale market, dealers are free to set prices

and discriminate between investor types. Retail investors have relatively high valuations

but must pay a cost to learn dealers’ prices, a cost Green (2007) interprets as a measure of

market transparency (public posting of quotations or low-cost access to transaction prices

lowers it). Institutional investors face no such cost and have infinitely elastic demand at

a lower price. Each underwriter–dealer serves the most profitable retail trades first and

sells any remaining inventory to institutions, but its retail reach is limited by its distribution

network. This capacity constraint disciplines primary-market bidding: acquiring more bonds

than the retail network can absorb forces the excess to be sold at the lower institutional price,

so underwriters avoid bidding too aggressively for the issuance.

The model admits a range of Nash equilibria, from a unique zero-profit equilibrium to

the most profitable one, in which both dealers bid the institutional price and fully utilize
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their retail capacity. Green (2007) argues that the most profitable equilibrium is particularly

natural for the muni market setting, consistent with empirical evidence (Green et al., 2007).

In this equilibrium, dealer d’s expected profit is:

π(bd, Qd) = (p̄ − v)qµ + (v − bd)Qd, (1)

where bd and Qd are the bid price the dealer offers to the issuer and the allocated quantity

of issuance, respectively, µ is the mass of retail customers, q is the probability that a retail

customer chooses not to pay the search costs and remains uninformed, p̄ is the reservation

price above which no retail investor will buy the security, and v is the institutional price.

Equation (1) decomposes underwriter compensation into two components with direct

empirical counterparts. Green et al. (2007) document that the price offered by underwriters

to issuers, plus the negotiated underwriting spread, is highly correlated with the institutional

price, so (v − bd) maps to the underwriting spread and (p̄−v) to the markup per bond in the

new issue market. The second term of Equation (1) is therefore the observable, issuer-paid

underwriting spread component. The first term, (p̄ − v)qµ, is the retail-distribution rent

earned in the new issue market: the markups collected from distributing newly issued bonds

to investors who face costly price search. Because we do not observe underwriting costs

such as overhead, inventory risk, or regulatory compliance, the terms “compensation” and

“revenues” refer throughout to these two gross components.

We take this model to the data: the paper estimates the equilibrium objects in Equation

(1) and characterizes their evolution over two decades. The challenge is that the rent term is

not directly observable: investor type is latent, and the economically relevant distinction is

informed versus uninformed pricing behavior, not a trade-size label. Following Green et al.

(2007), we therefore estimate a finite-mixture model that separates a tightly priced informed
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regime from a diffuse uninformed regime using the full conditional distribution of new-issue

markups. Section 2.2 presents the model; here we need only its two outputs for every trade:

the probability ûit that trade i executes in the uninformed pricing regime, and the fitted

markup schedules of the two regimes. From these two outputs we define the four objects

that the paper measures. Let t index an estimation period, i the new-issue customer-buy

trades in t, and j the issues sold in t.

The first object is the prevalence of uninformed order flow,

qtrade
t = 1

Nt

∑
i∈t

ûit, (2)

where Nt is the number of trades in period t.

The second object is the expected markup wedge for trade i,

∆̂it = E
[
yU

it − yI
it | xit

]
, (3)

the difference between the fitted uninformed and informed markup schedules (yU and yI)

evaluated at the trade’s characteristics xit. Because the rent channel is a surplus, the em-

pirical implementation truncates the wedge at zero,

∆̂+
it = max{∆̂it, 0}, (4)

which is the posterior-weighted analogue of the money left on the table in Green et al. (2007).

The conditional markup wedge and the rent below are computed with ∆̂+
it .

The third object is effective uninformed volume,

mU
t =

∑
i∈t ûit TradeSizeit∑

j∈t Issuancejt

, (5)

the share of issuance distributed through uninformed order flow, where TradeSizeit is the

size of trade i and Issuancejt the issuance amount of issue j. This object is the empirical

counterpart of the product qµ: the model does not separately identify the probability that a

retail customer remains uninformed (q) from the mass of reachable retail demand (µ), and
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for the economics of underwriter compensation only their product matters.

The fourth object is the conditional markup wedge on effective uninformed volume,

∆U
t =

∑
i∈t ûit ∆̂it TradeSizeit∑

i∈t ûit TradeSizeit

, (6)

the average markup wedge per dollar of uninformed volume.

These objects aggregate into the market-wide retail-distribution rent, expressed in bps

of issuance:

Rt =
∑

i∈t ûit ∆̂it TradeSizeit∑
j∈t Issuancejt

= mU
t ∆U

t , (7)

an exact accounting identity and the empirical counterpart of (p̄ − v)qµ. The issuer-paid

component St (underwriting fees) completes the decomposition: total observed compensation

is Ct = Rt + St, and the distribution-rent share is Sharet = Rt/Ct. Equation (2) thus

measures the prevalence of the uninformed pricing regime, Equations (5) and (6) its effective

quantity and unit rent, and Equation (7) the resulting market-wide rent.

The model predicts how each of these objects responds to forces that have reshaped the

market over our sample period. Rising transparency (post-trade dissemination, markup dis-

closure, and related initiatives; Wu, 2018) lowers the cost of becoming informed, so fewer

customers remain uninformed. The institutionalization of the investor base (the migration

of direct retail holdings into mutual funds, ETFs, and separately managed accounts; Cestau

et al., 2019) shrinks the retail mass µ.2 These forces should reduce the prevalence of unin-

formed trading qtrade
t and compress effective uninformed volume mU

t . Transparency should

also narrow the wedge (p̄ − v), and hence the conditional markup wedge ∆U
t , because when

search is a credible threat, dealers must moderate the prices they charge even the customers
2Healy, Patricia, “The Rise of Separately Managed Accounts – 2021 Update,” November 2, 2021, available

at https://www.cumber.com/market-commentary/rise-separately-managed-accounts-2021-update

9

https://www.cumber.com/market-commentary/rise-separately-managed-accounts-2021-update


who remain uninformed. The distribution rent Rt = mU
t ∆U

t should therefore contract on

both margins. Finally, the model says who gains and who loses from transparency. Bertrand

competition implies that the winning bid remains tied to the institutional valuation v and

keeps underwriters from recouping the loss through higher spreads. The model thus predicts

a compressed distribution rent Rt with no offsetting movement in the underwriting spread

St: rents lost in new-issue distribution accrue to investors at the expense of underwriters,

and could ultimately harm issuers if underwriters withdraw from the market.

2.2 Structural Model

The objects defined above require separating two latent pricing regimes in the data. The

need for a mixture model starts from a striking market fact documented by Green et al.

(2007): for the same newly issued bond, at nearly the same time, some customer purchases

execute at or near the reoffering price while others pay widely dispersed and materially

higher prices. A single regression with a trade-size slope cannot reproduce this simultaneous

dispersion; it is naturally represented as a mixture of a tightly priced informed regime and

a diffuse uninformed regime. We therefore estimate a latent class model—a finite mixture

of regression models—in which a classification equation determines the regime and regime-

specific outcome equations describe markups.

Our empirical specification follows the economic foundation of Green et al. (2007). An

investor decides to become informed if the benefit of being informed, e.g., better terms of

trade, exceeds the cost of information acquisition. Denote by z∗
i the net benefit of being

informed, which is latent but modeled as a function of observable bond and trade character-
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istics ωi, i.e., z∗
i = ωiδ + ui. The markup each type (U for uninformed and I for informed)

pays on trade i is also a linear function of observable characteristics xi:

yU
i = xiβ

U + ϵU
i , (8)

yI
i = xiβ

I + ϵI
i . (9)

The observed markup yi for trade i is thus:

yi =


yU

i if z∗
i < 0

yI
i if z∗

i ≥ 0

(10)

Following Green et al. (2007), the conditioning variables xi in the markup regressions

include observable bond characteristics as well as trade characteristics such as trade size,

the days since the offering, and the percentage of the issue that has been sold prior to the

trade. The set of conditioning variables ωi in the classification regression includes all of the

above plus a dummy for whether the issuer is a first-time issuer, the number of issues sold

prior to this bond sale by the issuer, and the underwriting spread. The first two additions

capture the information asymmetry of the issue, an important consideration in the decision

to become informed. We also include the National Underwriter dummy in both parts of the

model to account for the potential that national underwriters have different investor clientele

and markup/markdown strategies.

The role of underwriting spread deserves some comment. The spread is agreed at issue

pricing and is therefore predetermined relative to the customer trades the model classifies,

so realized markups cannot reverse-cause it. It is nevertheless an equilibrium variable: is-

suers and underwriters set it while anticipating distribution capacity, expected clientele, and

rent opportunities in the new issue market. Following Green et al. (2007), we include the

spread in the classification equation to capture this equilibrium sorting—underwriters that
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are compensated through a higher transparent spread are less likely to rely on uninformed

distribution rents. We do not interpret its coefficient as the causal effect of spreads on

informedness.

The first output that Section 2.1 requires is the trade-level uninformed probability, which

the fitted model delivers as a posterior. Let πi = Λ(ωiδ̂) denote the fitted prior probability

that trade i is informed (Λ is the logistic CDF) and fI(yi | xi) and fU(yi | xi) the fitted

conditional markup densities of the two regimes. The posterior informed probability is

τi = πifI(yi | xi)
πifI(yi | xi) + (1 − πi)fU(yi | xi)

, (11)

and ûi = 1 − τi is the model-implied uninformed probability that enters Equations (2)–(7).

The posterior log odds admit an exact decomposition:

log
(

τi

1 − τi

)
= log

(
πi

1 − πi

)
+ log

(
fI(yi | xi)
fU(yi | xi)

)
, (12)

in which the first term is the odds that a trade is informed based on its observable charac-

teristics alone, and the second updates those odds according to which regime’s fitted density

better explains the markup actually paid. The posterior is therefore not a repackaging of

observable covariates, as it also incorporates direct evidence on where the realized markup

falls in the two conditional distributions. The second output of the fitted model is the regime

schedules xiβ̂
U and xiβ̂

I whose difference gives the wedge ∆̂i = xi(β̂U − β̂I). All important

constructs described in Section 2.1 follow.

It is worth emphasizing that identification in our model comes from the full conditional

distribution of markups: the two regimes are distinguished by their fitted dispersions, with

the lower-variance regime labeled informed as in Green et al. (2007). This is consistent with

the intuition that informed customers—institutions, advised accounts, or households that

search—transact on comparatively homogeneous terms near the reoffering price, whereas
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observationally similar uninformed customers pay a diffuse range of markups. This iden-

tifying structure holds strongly in the data: the dispersion ordering σ̂I < σ̂U obtains in

every estimation period, the two investor types are sharply separated, and nearly all trades

receive posterior probabilities close to zero or one, so the model classifies almost every trade

decisively (see Online Appendix (OA) Table A.1 for the full diagnostics).

A natural alternative to the mixture model is a single regression of markups on character-

istics and an investor-type proxy. Such a regression, however, estimates only the probability-

weighted average of the two regimes, πiE[yi | I, xi] + (1 − πi)E[yi | U, xi]. The average alone

cannot reveal whether a decline in markups comes from underwriters encountering unin-

formed customers less often, from smaller markups charged to the customers who remain

uninformed, or from both. Separating the two requires the regime probabilities and the

regime-specific markup schedules, which our structural model can deliver.

Our contribution is threefold. First, we extend the measurement technology of Green

et al. (2007) from a selected sample of about 1,000 deals issued in 2000–2003 (before real-

time trade reporting) to the broad modern new issue market. Second, repeated estimation

over rolling windows converts their cross-sectional decomposition into a two-decade time

series of the extensive margin (mU
t ) and the intensive margin (∆U

t ) of retail-distribution

rents. Third, by combining these estimates with a uniquely comprehensive underwriting-

spread database, we evaluate both components of underwriter compensation expressed in

Equation (1) jointly and provide a market-wide accounting of how an opaque rent channel

has evolved.
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3 Data and Descriptive Evidence

3.1 Data

Municipal bond issuance information comes from the Mergent Municipal Fixed Income Secu-

rities database (“Mergent”): issue size, offering date, issuer name, offering type (competitive

versus negotiated), and the agents involved in the sale. Each issuance typically comprises

multiple CUSIPs (“bonds”) at various maturities, and for each bond Mergent reports the

issuance amount, coupon, maturity, bond type (GO versus revenue), use of funds, tax status,

callability, credit rating, and insurance status.

Trade data come from the Municipal Securities Rulemaking Board (“MSRB”): times-

tamp, trade size, trade type (customer buy, customer sell, or interdealer), and price. Because

we measure the markups underwriters and affiliated dealers charge when distributing new

issues, we focus on customer buy trades until the bond issuance is fully absorbed or within 14

days of the offering date, whichever comes first—similar to Schultz (2012) and Griffin et al.

(2023). Over 75% of bonds are fully sold within 14 days (OA Table A.2); trades beyond that

window are excluded because their markups are likely contaminated by intervening interest

rate movements, the same reason we do not adopt the 60-day window of Green et al. (2007).

On average, the new issue market lasts roughly 3.5 days, with a median of 1 day and an

interquartile range of 1 to 6 days.

Following the literature, the new-issue markup is the customer purchase price minus the

offering price, expressed as a percentage of the offering price (a markup of 0.2 corresponds

to 20 bps). Bond-level analyses use the trade-size-weighted average markup across a bond’s
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new-issue trades.

Underwriting spreads come from the SDC Platinum database (“SDC”), supplemented

with Bloomberg data for the many issues SDC does not cover. SDC reports gross spreads per

$1,000 of par, which we convert to a percentage of issue size for consistency with Bloomberg;

spreads are recorded at the issue level. Although spread data are not available for every

issue—despite typically being disclosed in the Official Statement—our combined dataset is,

to our knowledge, the most comprehensive collection of underwriting spreads used in a study

of municipal underwriter compensation.

Table 1 details our cleaning procedures and filters. The sample runs from 2005 (when

MSRB trade data become available) through 2024 and consists of 190,225 issues and 2,114,399

bonds; markup analyses use 11,551,952 new-issue customer buy trades, and spread analyses

use the 138,540 issues with available spread data.

3.2 Types of Underwriters

Among the agents involved in bond issuance, we focus on underwriters, and we distinguish

them by type because the competitive environment assumed in Section 2 fits some under-

writers better than others. The rent mechanism itself requires only dealer pricing power

over retail investors during distribution and heterogeneous information acquisition costs,

which should apply across all types. The competition each type faces, however, differs: the

Bertrand competition in Green (2007) is most applicable to national underwriters, which

compete against close substitutes across overlapping markets; localized underwriters may in-

stead compete on relationships, local retail access, or issuer-specific information. The model
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should deliver sharpest predictions for the national segment, which accounts for roughly half

of issuance in the data. We therefore expect heterogeneity across underwriter types and

examine our results by type throughout, especially national underwriters versus the rest.

We classify underwriters into types by the geographic reach of their activity, i.e., the

number of states in which they underwrite bonds in a given year. This is a natural dividing

line: the municipal market is sharply segmented along state lines (Babina et al., 2021),

and dealer-network evidence shows that the segmentation extends to intermediaries, with

geographically specialized dealers concentrated in a few adjacent states (Jotikasthira et al.,

2025).3 Geographic coverage thus proxies for an underwriter’s operational scale, capital

base, and network reach. After manually cleaning underwriter names to consolidate name

variants, we sort underwriters into four categories: 1) single-state underwriters, active in

only one state; 2) small regionals, active in 2–19 states; 3) large regionals, active in 20–39

states; and 4) nationals, active in 40 or more states.

3.3 Descriptive Statistics

Table 2 summarizes underwriting activity, markups, and spreads by underwriter type over

2005–2024. Panel A shows the vastly different scales of operation: in an average year, a

single-state underwriter does about seven deals worth $64 million, a small regional about 52

deals ($619 million), a large regional about 253 deals ($5.6 billion), and a national underwriter
3Our classification is conceptually similar to the central-versus-peripheral dealer distinction of Li and

Schürhoff (2019), who document a centrality premium in secondary-market markups. We cannot construct
network-based centrality measures because the MSRB data version that includes primary market trades
omits dealer identifiers; see Jotikasthira et al., 2025 for dealer-identified evidence on secondary-market spe-
cialization.
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about 656 deals worth roughly $19 billion across 44 states.4

Collectively, about eight national underwriters account for nearly 50% of annual volume

and about 17 large regionals for another 30%, with volume shares exceeding deal-count

shares because both groups concentrate in very large sales; the numerous small regional

and single-state underwriters (95 and 113, respectively) underwrite much smaller issues and

collectively account for only 20%. Figure 1 plots the time series: amid generally rising

issuance, the national share climbs from below 40% in 2005 to about 60% in 2020 before

falling back to about 50% in 2024, with the losses in 2018 and 2022–2023 absorbed mainly

by large regionals.

Panel B of Table 2 turns to markups. Most bonds are distributed at the offering price—

the median markup is zero for every underwriter type—but many trades carry positive

markups, which are lowest and least variable for national underwriters. More importantly,

Panel A of Figure 2 shows that except for single-state underwriters, average markups steadily

decline, from the high teens (in bps) in 2005 to about five bps in 2024 for national and large

regional underwriters. The decline could reflect more bonds distributed at zero markup,

lower markups on marked-up bonds, or both—a distinction we explore below.

Panel C shows that national underwriters also charge the lowest underwriting spreads—

about 75 bps of issue size, versus 90, 112, and 161 bps for large regional, small regional,

and single-state underwriters, respectively. Because nationals underwrite much larger deals,

their dollar fees per sale remain the highest even as fixed costs are spread over more volume.

Panel B of Figure 2 shows the spreads of national and large regional underwriters holding in
4OA Figures A.1, A.2, and A.3 document the composition of underwriters by state in terms of the number

of underwriters, quantity of deals, and volume, respectively.
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the 50–100 bps range with only a slight recent increase, while those of smaller underwriters

are consistently higher and rise faster.

Finally, we compute total underwriting compensation per issue—markups charged to

investors plus fees charged to the issuer, as a percentage of issue size. Figure 3 shows a clear

decline, especially after the 2008 financial crisis and among national underwriters, and most

pronounced for the two eventual exiters, UBS and Citigroup, suggesting they were under

significant pressure.5 In unreported time-trend tests, we confirm that the negative trend

in Figure 3 is statistically significant, and more so for national underwriters. Overall, the

descriptive evidence shows declining underwriter compensation, with underwriting fees not

growing enough to offset falling markups.

3.4 Markups and Spreads After Controls

The declines documented above could in part reflect changing bond, issuer, and macro charac-

teristics rather than changes in pricing. We therefore estimate conditional-mean regressions

of the two compensation components—markups (at the bond level) and underwriting spreads

(at the issue level, reflecting compensation collected from issuers rather than investors)—on

year indicators and a full set of controls. The exercise serves a second purpose: the year

effects indicate how underwriter compensation changes over time with composition held

fixed, but, as Section ?? points out, conditional mean markups cannot separate how much

of the evolution is due to changes in the probability of uninformed trades from changes in

the markups on those trades. The regressions thus set the benchmark that the structural
5The sharp decline in 2024 reflects a surge in issuance—particularly larger deals—which mechanically

inflates the denominator when compensation is expressed as a percentage of issue size.
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estimates in Section 4 are designed to improve upon.

The regression model for the markup on bond i issued at time t is:

Markupi,t = δ′Yeart + β1Nationali + β′
2Nationali × Yeart + β3LnIssueSizei

+β4LnBondSizei + β5Maturityi + β6Maturity2
i + β7Couponi

+β8Premiumi + β9Callablei + β10Insurancei + β11AddCrediti

+β12BankQlfi + β13OfferTypei + γ′
1BondTypei + γ′

2Ratingi

+γ′
3Proceedsi + η′Statei + ϵi,t, (13)

where Markupi,t is the trade-size-weighted average markup on new-issue customer buy trades

as defined above, δ is a vector of year fixed effects capturing average markups by year

after controls, and National indicates a national underwriter, included to test whether their

markups differ once bond characteristics are held fixed.

Controls include logged issue and bond size (LnIssueSize, LnBondSize); Maturity

and its square (to capture non-linearity); the Coupon rate; dummies for premium pric-

ing (Premium), callability (Callable), insurance (Insured), additional credit enhancement

(AddCredit), bank qualification (BankQlf), and negotiated offering (OfferType); and vec-

tors (γ) of bond-type (GO, Revenue, or Other), rating, and use-of-proceeds indicators (Gen-

eral, Higher Education, Primary Education, Water, and Other), plus state fixed effects.

We plot the year fixed effects (δt) in Panel A of Figure 4. Each coefficient is the average

new issue markup relative to the 2005 base year. Markups rise after the 2008 financial crisis

through 2015 and then decline steadily to near their 2005 level.6 Once bond characteristics

are held fixed, markups thus do not fall as early as the raw patterns in Figure 2 suggest, nor
6Two comments on these estimates are in order. First, the near-zero-rate period of 2010–2021 does not

mechanically depress markups: they are measured as a percentage of the offering price rather than in yield
terms, the regressions control for coupon, maturity, and premium status, and the decline is, if anything,
steeper after 2018 as rates normalized. Second, trending bond characteristics do not drive the year effects:
the only notable compositional shift is the post-2008 collapse of bond insurance (Cornaggia et al., 2023), a
one-time break that cannot explain the persistent downward trend.
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soon after the public dissemination of municipal trade data in 2005, the first of several major

transparency initiatives. Panel B of Figure 4 plots β2, the national-underwriter markup

differential. In most years, national underwriters’ markups are significantly lower than other

types’, consistent with the unconditional statistics, even after the full set of controls.

The regression model for underwriting spreads on bond issue j issued at time t is:

UndSpreadj,t = δ′Yeart + β1Nationalj + β′
2Nationalj × Yeart + β3LnIssueSizej

+β4Callablej + β5Insurancej + β6AddCreditj

+β7BankQlfj + β8OfferTypej + γ′
1BondTypej + γ′

2Ratingj

+γ′
3Proceedsj + η′Statej + uj,t, (14)

where the controls are as in Equation (13), excluding bond-level variables since the spread

is an issue-level outcome.

Figure 5 plots the estimated year fixed effects and their National interactions for under-

writing spreads. Panel A shows spreads moving somewhat opposite to markups—declining

in the post-2008 period (as markups rose) and rising from 2016 onward (as markups fell)—

suggesting a preference for stable total compensation, with shortfalls on one side partly offset

on the other. However, Panel B shows that national underwriters’ spreads are significantly

lower than other underwriters’ and trend down over time, mirroring their markup differential

in Panel B of Figure 4. Collectively, these plots paint a consistent picture of declining total

compensation, especially for national underwriters. What the year effects cannot reveal is

what lies behind the decline. The structural estimates in Section 4 address this by measuring

its underlying margins.
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4 Empirical Results

This section presents our main empirical results based on the structural model of Section

2.2. To trace the evolution of the equilibrium objects discussed there, we estimate the model

separately in overlapping two-year windows from 2005–2006 through 2023–2024. We use

the expectation-maximization (EM) algorithm to obtain starting values and then estimate

the full system by maximum likelihood. The estimation uses all customer buy trades in

the new issue market for investment-grade bonds, because ratings enter both the class-

membership and outcome equations.7 OA Tables A.3–A.4 report the estimated classification

and uninformed-regime markup coefficients for some representative windows.

Below, we first present the evolution of the two estimated margins of the new issue

market rent: the prevalence of the uninformed pricing regime and the markup earned in

that regime. Second, we combine these estimates with data on trade sizes and underwriting

spreads to decompose underwriter compensation and quantify the share attributable to retail-

distribution rents. Third, we study the equilibrium relation between issuer-paid spreads and

the pricing regimes. Next, we examine how distribution rents vary across underwriter type

over time, since differences in retail distribution reach map directly into the rent mechanism

of Green (2007). Finally, we present a battery of robustness checks addressing potential

concerns with the main analysis.

7Below-investment-grade securities constitute only 0.25% of rated CUSIP-years in the structural input
sample and never exceed 0.46% in any year, so this restriction avoids sparse rating categories without
materially narrowing market coverage. Estimating the model separately for GO and revenue bonds yields
similar results.
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4.1 Time Series Results

This section reports how the prevalence of the uninformed pricing regime and the markup

charged in that regime have evolved time. The prevalence of uninformed trading can fall due

to either retail investors becoming genuinely more informed or retail capital being delegated

to professional managers (e.g., separately managed accounts) such that trading is effectively

conducted by institutional desks. Our estimates capture both, because the model classifies

trades by pricing behavior rather than ownership, but either way, it is order flow on which

the underwriter cannot earn the uninformed markup. Thus, for measuring underwriter

compensation, the distinction is not consequential.

Figure 6 plots the prevalence series, computed over all transactions in each two-year

estimation window and dated by the second year of the window, with 95% confidence intervals

based on the bond-clustered covariance matrix. The model-implied incidence of uninformed

trading falls by approximately 55% over the modern reporting era, from 57.5% in 2005–

2006 to 25.7% in 2023–2024. The decline is not confined to a single regulatory episode or

market cycle. Despite modest reversals in several estimation windows, the series exhibits

a pronounced secular contraction.8 This is the direction the comparative statics of Section

2 predict: lower costs of becoming informed and a smaller retail mass both leave fewer

customers uninformed.

Figure 7 plots the markup charged in the uninformed regime, based on the fitted value

of the uninformed-regime outcome in Equation (8) averaged over all transactions in each
8OA Figure A.4 plots the probability of trading with uninformed investors for revenue bonds, which

are riskier than GO bonds because they are backed by project-specific revenues rather than general taxing
power. The results are analogous: the probability of uninformed trading falls from 59% in 2005–2006 to 33%
in 2021–2022.
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estimation window and expressed in bps. The series rises from approximately 102 bps in

2005–2006 to a crisis-period peak of 152 bps in 2008–2009, then falls to 79 bps in 2023–2024,

a contraction of approximately 48% from the peak.9 This decline is likewise consistent with

the comparative statics of Section 2: the more credible threat of search disciplines what

dealers can charge even those investors who remain uninformed.

4.2 A Decomposition of Underwriter Compensation

We now translate the statistically estimated pricing regimes into the economically weighted

components of underwriter compensation in Equation (1): effective uninformed volume,

the conditional markup wedge on that volume, and the market-wide retail-distribution rent

(Equations (5)–(7)). For this decomposition, we retain only trades issued in the second

year of each fitted window, so that annual totals are non-overlapping. The issuer-paid

component is measured as aggregate underwriting spreads per dollar of aggregate issuance,

so that both compensation channels share the same market-wide denominator. Across all

years, the sample used for the decomposition contains 8,465,941 customer buy trades in the

new issue market for investment-grade issues, representing 109,373 issue-years.

Table 3 reports the decomposition by year. The extensive margin contracts sharply:

effective uninformed order flow falls from 19.87% of aggregate issuance in 2006 to 7.36%

in 2024, a 63.0% decline. This dollar-based contraction is even steeper than the decline in

the count-based incidence of uninformed trading in Figure 6, reflecting the changing size

composition of trades as well as the posterior probability assigned to each transaction.
9OA Figure A.5 plots the markup of uninformed trades for revenue bonds. These markups have declined

considerably over time too.
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The intensive margin also contracts materially. The conditional markup wedge declines

from 80.47 bps in 2006 to 50.45 bps in 2024, a 37.3% reduction. From its 2008 peak of 118.87

bps, it falls by 57.6%. These proportional changes are at least as large as those implied by

the average markups in Figure 7. The lower levels in the table are not evidence of a weaker

effect: they arise because the decomposition places less weight on small transactions and

on observations that would receive a high hypothetical uninformed-regime markup but have

little posterior probability of actually belonging to that regime.

The product of the two margins produces a much larger contraction in the aggregate

retail-distribution rent channel. The market-wide rent equals 15.99 bps of aggregate issuance

in 2006, rises to 23.30 bps during the 2008 dislocation, and falls to 3.71 bps in 2024—a 2006–

2024 decline of 76.8%. In dollar terms, underwriters earn approximately $15.99 per $10,000

of issuance through uninformed order flow in 2006, compared with $3.71 in 2024. The

result is stronger than a decline in average markups would indicate: the market generates

substantially less price-discriminable order flow, and the order flow that remains uninformed

yields a substantially smaller conditional rent.

The issuer-paid underwriting spread does not offset this erosion. The issuance-weighted

underwriting spread declines from 55.80 bps in 2006 to 41.83 bps in 2024, so total observable

compensation falls from 71.80 to 45.54 bps of aggregate issuance, and the distribution-rent

share of underwriter compensation declines from 22.27% to 8.15%. The joint pattern shows

who bears the loss. The rent is earned on the investor side of the underwriter’s business,

and that is where it disappears: investors are less likely to be uninformed, those who remain

uninformed pay smaller markups, and the saving accrues to investors. On the issuer side,

competition for the issuer’s bonds pins down the bid and with it the spread (Section 2),
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so underwriters cannot recoup lost distribution rents by charging issuers more, and the

spread series confirms that they have not. The forces that make investors better informed

thus benefit investors directly but weaken the economics of underwriting. Issuers are not

insulated from that loss: if distribution no longer pays, underwriters may retrench or exit,

which ultimately could negatively affect issuers in future bond sales.

The series above show both margins of underwriting rent contracting, but they cannot

apportion the decline between them, because the rent is their product and the two margins

interact. The rent identity in Equation (7) allows an exact answer: the change in the

rent between two periods can be allocated to the two components, with their interaction

split symmetrically between them (an exact two-factor Shapley allocation; Shorrocks, 2013).

We use the pooled first four years (2006–2009) and last four years (2021–2024) to reduce

sensitivity to any single year.

Table 4 reports the results of this quantification exercise. The distribution rent falls

from 19.14 to 5.48 bps, a contraction of 13.66 bps, or 71.4%. Of this contraction, the

decline in effective uninformed order flow from 19.05% to 8.70% accounts for −8.46 bps, or

61.9%, and the shrinking of the conditional markup wedge from 100.47 to 62.96 bps accounts

for the remaining −5.21 bps, or 38.1%. Thus, roughly three-fifths of the lost rent reflects

uninformed order flow that underwriters can no longer capture, and the remaining two-fifths

reflects weaker pricing power over the order flow that stays uninformed. Neither contribution

is negligible, and neither could be read off a declining average markup, so the erosion of the

rent is not simply a relabeling of a single declining markup series.

A caveat to note is that our analysis captures only the two observable components of

underwriter compensation. Underwriters may recoup some lost markup revenue through
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less visible channels, e.g., advisory fees bundled into broader client relationships or favorable

terms on future bond sales. But such channels are unlikely to fully offset the declines we

document. The exits of UBS and Citigroup from municipal underwriting (two of the largest

national underwriters, with presumably the most valuable issuer relationships) provide sug-

gestive evidence that relationship-based income falls short of offsetting lost markup revenues.

We therefore interpret the compression in observable compensation as a genuine reduction

in underwriter revenues, while acknowledging that a complete accounting would require data

on the full scope of underwriter–issuer relationships.

4.3 Underwriting Spreads and Equilibrium Sorting

The inclusion of underwriting spreads in the classification equation allows us to investigate

whether spreads charged to the issuer and markups charged to uninformed investors are com-

plements or substitutes. As discussed in Section 2.2, we read the coefficient as an equilibrium

sorting relation rather than the causal effect of the spread. Figure 8 plots this coefficient over

time, oriented as the log odds of the uninformed regime. The coefficient is significantly neg-

ative in every window, indicating that the more likely an underwriter expects to encounter

uninformed investors and make profitable trades, the lower the underwriting fees it charges

the issuer, allowing it to be competitive vis-à-vis other underwriters. This result extends the

central cross-sectional finding of Green et al. (2007) to the modern new issue market.10

Over time, this substitution effect appears to lessen: the coefficient becomes less negative,

from about −1.2 at the start of the sample to about −0.45 at the end, consistent with the
10In their switching equation, the underwriter discount raises the probability of informed trading; our

coefficient is negative because the class-membership equation is oriented toward the uninformed regime.
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cross-channel relation weakening as the rent channel contracts and competitive pressures

prevent underwriting spreads from rising fast enough to compensate for lost markup revenues.

4.4 Heterogeneity by Underwriter Type

The market-wide contraction can mask different experiences across underwriter types. The

estimated model already speaks to such heterogeneity: while national underwriters are no

less likely than their counterparts to face uninformed investors at the beginning of our sam-

ple, they are between 0.10 and 0.40 percentage points less likely to trade with uninformed

investors in recent years, and generally have significantly lower markups on uninformed

trades than regional underwriters (see OA Figures A.6 and A.7). To characterize this het-

erogeneity in terms of the compensation objects, we recompute the full decomposition within

each underwriter type using the estimated model’s posteriors and fitted markup schedules.

Differences across types therefore reflect the composition and pricing of each segment’s order

flow under a common structural map.

Figure 9 plots the annual distribution rent and underwriting spread by underwriter type,

and OA Table A.5 reports the decompositions pooled over the first four years (2006–2009)

and last four years (2021–2024). The erosion concentrates where the model predicts: for

national underwriters, effective uninformed volume falls from 16.9% to 7.7% of issuance,

the conditional markup wedge from 97.1 to 60.5 bps, and the rent from 16.38 to 4.63 bps,

a 72% contraction. Large regional underwriters experience a nearly identical proportional

decline in distribution rents (from 19.90 to 6.21 bps) and small regionals a substantial one

(from 26.58 to 10.78 bps). Spreads do not offset the disappearing distribution rent for most

27



underwriter types. In particular, total compensation in the national segment falls from 70.2

to 45.9 bps of issuance.

The single-state segment is a striking exception: its rent is flat (26.58 versus 26.09 bps)

and its spreads rise sharply (66.2 to 111.7 bps), so total compensation in this segment

increases even as it collapses everywhere else. Because all estimates come from the same

fitted pricing schedules, the contrast reflects the segments’ order flow rather than differences

in estimation. It indicates that the rent has eroded where distribution is national and

institutional-facing, while a segment of locally distributed issues (small issuers served by

underwriters active in a single state, whose natural clientele is local retail investors) continues

to generate uninformed order flow at rates resembling the early sample. A caveat to note is

that the single-state segment is small and selected (roughly seven deals and $64 million per

underwriter-year as reported in Section 3.3), and its annual series are volatile.

These results also contextualize the retrenchment of national underwriters documented

in Section 3: the exits and share losses occurred precisely in the segment where the rent

channel has come closest to disappearing.

4.5 Robustness

The results above could be sensitive to how trades are assigned to the two pricing regimes, to

the changing mix of competitive and negotiated offerings, to bonds allocated at the reoffering

price in negotiated sales, to the unwinding of the 2008–2009 dislocation, to how we identify

trades in the new issue market, and to the weighting of issues by size. We examine each

in turn using the observation-level predictions of the estimated models and summarize the
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results here. Unless noted, early and late statistics pool 2006–2009 and 2021–2024 as in

Table 4.

Regime classification. The results are not an artifact of how trades are assigned to the

regimes. The baseline assigns each trade a posterior probability of belonging to the unin-

formed regime, which combines the trade’s class prior (from its characteristics, including the

underwriting spread) with the fit of the two markup densities (Equation (12)). We compare

three alternatives. The first gives every trade in a window the same class prior, the window

mean, so that only the markup densities distinguish the regimes (we call this the density-only

posterior). The second keeps the class prior but fixes every issue’s underwriting spread at

its window mean, removing the spread’s role in the classification. The third keeps the base-

line posterior, so both the characteristics and the markup densities still enter, but discards

its fractional weights, so that each trade is assigned entirely to the regime with the higher

posterior probability and thus no trade counts partly in both regimes (“hard classification”).

Panel A of OA Table A.6 shows that none of these changes the results: the annual mean

probability of uninformed trading moves by at most 0.03 percentage points and the annual

rent by at most 0.22 bps. The pooled early-to-late rent decline is essentially identical in every

construction (e.g., 19.20 to 5.47 bps under the density-only posterior, versus 19.14 to 5.48

bps at baseline). The fit of the markup densities dominates the classification: cross-sectional

variation in the class prior in general, and in the underwriting spread in particular, does

not mechanically generate our time series. The agreement between this hard classification

and the posterior-weighted baseline also shows that the results do not depend on how trades

with intermediate posterior probabilities are weighted.
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Offering methods and retail order period. The decline is not a composition effect of offering

methods. Reconstructing the decomposition separately for competitive and negotiated offer-

ings, the rent falls in both: from 17.12 to 9.01 bps (47%) among competitive sales and from

19.56 to 4.68 bps (76%) among negotiated sales (Panel B of OA Table A.6). That said, the

source of the rent decline differs. Among competitive sales, the decline comes largely from

the shrinking conditional markup wedge (55.07 to 35.63 bps), whereas among negotiated

sales, it comes mostly from the probability of uninformed trading (54.5% to 15.6%).

One might argue that the retail order periods (ROP) of negotiated sales could produce the

pattern of declining probability of uninformed trading. In a negotiated sale, the underwriter

can fill retail orders at the reoffering price before final pricing. Such purchases carry no

markup and are classified as informed, so a growing volume of them would lower the measured

probability of uninformed trading for a reason that says more about distribution mechanics

than about investors’ informedness. To rule this out, we recompute the key equilibrium

constructs using a subset of negotiated sales with little ROP activities. Because the MSRB

transaction data do not flag these ROP trades, we compute the fraction of customer buy

volume executed within 1 bps of the reoffering price through event day 1 and screen out

issues where this fraction is at least 10%, 25%, or 50%. The screens are deliberately blunt

(the tightest retains only 368 issues in the late period), and the retained issues carry higher

rents than the market as a whole, so only the decline within them is informative. The

pattern survives: the rent falls by 56.6%, 54.3%, and 40.2% under the three screens (Panel

C of OA Table A.6). With the conditional markup wedge largely unchanged, it appears that

the decline in rent is mostly due to a lower probability of uninformed trading, even among

issues with little ROP volume. Thus, ROP allocations cannot account for our findings.
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Post-crisis period. The contraction is not an artifact of the 2008–2009 dislocation unwind-

ing. Measured from 2013, well after the crisis and its reversal, the rent still falls from 14.35

to 3.71 bps by 2024 (a 74% decline), effective uninformed volume from 12.90% to 7.36%, and

the conditional markup wedge from 111.27 to 50.45 bps (Table 3).

Definition of new issue market trades. The results do not depend on how we define new

issue market trades. The baseline counts customer buy trades until the issue is absorbed

or through the fourteenth day after the offering, whichever comes first. A potential concern

is that the later trades in that window are the ones most exposed to intervening interest

rate movements and might contaminate markups. We therefore recompute the objects on

narrower horizons, using the same posteriors and fitted schedules (OA Table A.7). The

erosion appears within every horizon. Among trades on days 2–5 after the offering, the

conditional markup wedge falls from 112.2 to 70.0 bps and the rent from 4.35 to 1.47 bps

of aggregate issuance. Among trades on days 2–14, the corresponding declines are from

106.2 to 59.3 bps and from 10.44 to 3.18 bps. On the first five trading dates of each bond,

the closest counterpart to the horizon in Green et al. (2007), the probability of uninformed

trading falls from 51.9% to 22.5%, the wedge from 96.7 to 62.5 bps, and the rent from 17.00

to 5.23 bps. Observed raw markups and the hard-classified money left on the table decline

similarly. We conclude that trades late in the fourteen-day window do not drive the results.

Weighting scheme. The erosion is not a by-product of weighting issues by size. As shown

in OA Table A.8, weighting each issue equally instead, the posterior-weighted issue-mean

rent falls from 21.70 bps in 2006 to 8.59 bps in 2024 while the issue-mean underwriting

spread is flat (73.20 and 78.44 bps). The typical issue thus shows the same pattern as
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the market-wide aggregates reported in Table 3: a collapsing rent, no offsetting movement

in the spread, and a rent share of compensation falling from 19.9% to 8.6%. Issue-level

means exceed the aggregates because large issues generate less rent per dollar and pay lower

percentage spreads, but the trend is the same either way.

5 Applications of the Model

The estimated model is useful beyond decomposing underwriting compensation and identi-

fying the sources of its decline. This section presents two applications: 1) testing the effects

of transparency initiatives and increasing investor sophistication on the likelihood of being

uninformed and the trade terms being offered on uninformed trades, and 2) evaluating the

quality of the trade-size cutoff commonly used to classify investors.

5.1 The Effects of Transparency

One important trend in the municipal bond market is the increase in market transparency

over time. Real-time transaction reporting commenced in January 2005 (the beginning of

our sample), followed by continued efforts by the MSRB and SEC to improve transparency

ever since. Although we cannot directly measure the degree of market transparency to es-

tablish a direct linkage between transparency and our documented evidence of increasing

investor informedness, there are important rules implemented by the SEC and MSRB that

significantly increase market transparency (Wu, 2018). Specifically, we exploit the imple-

mentation of amended MSRB Rules G-15 and G-30 and FINRA Rule 2232 in May 2018,

which required dealers to disclose the markup in certain primary market transactions with
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investors, as a shock to transparency.

It is worth noting that we did not use these transparency events to identify the sec-

ular decline in distribution rent documented above. Instead, they provide a market-wide

comparative-static validation of the mechanism: transparency initiatives lower the cost of

price information, so both markups and within-bond price dispersion (a measure of implied

search costs for investors, as used in Green et al., 2007) should compress in response. In

this section, we first verify the effects of the transparency shock on these two directly ob-

served outcomes. We then ask which of the model’s primitives moves when the information

environment improves.

We start by augmenting the regression model in Equation (13) for markups with a Post

dummy variable reflecting the post-policy change, along with its interaction with the National

dummy, omitting the Year × National fixed effects. We estimate a similar specification for

price dispersion, which is computed as the standard deviation of trade prices in a given bond

in the new issue market. Table 5 presents the results. Panel A shows that the transparency

shock significantly reduces markups charged by national underwriters in the primary market,

in line with the descriptive evidence in Figures 2 and 4 and consistent with He (2024), who

finds that retail trading costs declined following the markup disclosure rule. Panel B shows

a corresponding decline in price dispersion, indicating reduced search costs for investors.

Together, these results suggest that greater transparency facilitates information acquisition,

thereby limiting underwriters’ ability to charge high markups.

Next, to examine the effects of this transparency shock on the prevalence of uninformed

trades and markups on those trades, we reestimate the same two-class finite-mixture model

on a narrow window around the event. The pre-period is July 2017 through April 2018 and
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the post-period is June 2018 through March 2019, both falling after the June 2017 issue-

price regulations. May 2018 is omitted because the requirements took effect during that

month. The specification otherwise follows, with two additions: Post and Post × National

enter the latent-class equation and both class-specific markup equations, and a common

linear calendar-month trend enters both parts of the model to absorb gradual movement

in the pricing environment. The model therefore does not force the response to appear

as greater informedness. Increased transparency may change the probability of entering a

specific pricing regime, either conditional markup schedule, both, or neither.

As before, from the estimates we compute four objects under the pre- and post-disclosure

states, each evaluated over one common empirical distribution of bond, issue, transaction,

and underwriter characteristics so that composition cannot drive the comparison. We use

class priors rather than posteriors so that the transparency state is not conditioned mechan-

ically on the realized markup being decomposed. Standard errors use the delta method and

the bond-clustered covariance matrix from the joint maximum-likelihood estimate.

Panel A of Table 6 shows that the response is concentrated in the incidence of uninformed

pricing. The probability of uninformed trading falls from 41.13% to 38.30%, a decline of 2.83

percentage points, or 6.9% of its pre-disclosure level. Effective uninformed volume falls from

14.84% to 12.86% of represented issue par, a decline of 1.97 percentage points, or 13.3%.

Both changes are significant at the 1% level. The conditional wedge, by contrast, does

not decline (it instead rises by an insignificant amount). The distribution rent thus falls

from 15.22 to 13.72 basis points of issue par. The 1.50-basis-point decline is 9.9% of the

pre-disclosure rent and is significant at the 5% level.11

11The informed component in the event-window mixture is estimated close to a mass point at the reof-
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We decompose the 1.5 bps decline in rent into that due to changes in the uninformed

order flow, evaluated at the average conditional markup wedge, and that due to changes

in the conditional markup wedge, evaluated at the average uninformed order flow. The

former contributes −2.07 bps to the decline, more than offset the contribution of +0.57 bps

of the latter. This accounting is not an additional identification exercise, but it shows that

reduced exposure to the uninformed regime accounts for more than the entire decline in

rent, counteracting the small increase brought about by the conditional markup wedge of

uninformed trades.

In Green’s language, the response operates through q and qµ rather than through an

immediate compression of p̄ − v, which is the margin the theory ties most directly to a lower

cost of price information. The distinction is economically meaningful. Greater transparency

need not lower every component of dealer pricing power at the same horizon. A disclosure

rule can make it easier for marginal customers to locate or recognize the relevant benchmark

price, moving some transactions from the uninformed to the informed regime, while leaving

the pricing schedule faced by the remaining nonsearchers largely unchanged. The event-

window estimates display that pattern.

Panel B shows that the structural response is not specific to national underwriters. Set-

ting the National indicator to zero or one for every observation while holding the remaining

covariate distribution fixed, the probability of uninformed trading falls by 2.79 percentage

fering price, consistent with the sharp concentration of informed transactions at zero markup in the rolling
estimates. We therefore emphasize the economic pattern across the structural objects rather than the sig-
nificance of any single nonlinear contrast. The analytic counterfactual predictions reproduce Stata’s native
finite-mixture predictions to within 3.3 × 10−13. Central finite-difference checks produce a maximum scaled
discrepancy of 2.3 × 10−7 for the smooth objects and 2.5 × 10−5 for the objects involving the positive-part
markup wedge, and fewer than 0.008% of observations lie within 10−4 percentage points of the wedge’s zero
boundary.
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points for other underwriters and by 2.86 percentage points for national underwriters, and

effective uninformed volume falls by roughly two percentage points for both groups. None

of the national differentials in P (U), effective uninformed volume, the conditional wedge, or

the distribution rent is statistically distinguishable from zero. The structural information re-

sponse is market-wide: disclosure changes the search environment that customers face across

the municipal distribution system rather than producing a shift in latent customer type or

conditional pricing that is unique to national underwriters.

We interpret Table 6 as a structural decomposition of the event-window pricing response

and not as a separate source of causal identification. Its contribution is nonetheless sub-

stantive. The model is estimated jointly over a narrow, locally detrended event sample and

permits the rule to affect every structural margin, and within that design the data place

the response in the q-channel: fewer customer dollars remain exposed to uninformed pric-

ing, which lowers the aggregate retail-distribution rent even though the wedge paid by the

residual uninformed customers does not measurably decline. Taken together, the evidence

in this subsection indicates that the rise in investor informedness reflects, at least in part,

an intrinsic improvement in information environment as a result of the implementation of

transparency initiatives

5.2 The Effects of Increased Investor Sophistication

Section 5.1 shows that a public reduction in the cost of price information moves order flow out

of the uninformed pricing regime but leaves the price paid by the customers who remain there

largely unchanged. Public disclosure is only one source of investor informedness. Investors

36



also differ in their own capacity to acquire and use price information, and that capacity

varies across states and over time. In this subsection we ask whether externally measured

investor sophistication shows up in the model’s primitives, and if so in which one: a lower

probability of uninformed trading, less volume exposed to uninformed pricing, or a smaller

markup on the uninformed trades that remain.

We use two measures that capture different sources of sophistication. Direct sophisti-

cation is the household’s own financial capability, which we proxy with the prevalence of

financial-market participation among a state’s tax filers. Delegated sophistication is capabil-

ity acquired through professional help, which we proxy with the local density of investment

advisers. The two need not act on the same margin. Direct sophistication could work on

either one: it can lead more households to become informed, or it can improve the terms

obtained by those who do not. Delegated sophistication is most naturally a regime-switching

channel, since advisers and managed accounts let retail capital trade on institutional terms

(Green et al., 2007), and should lower P (U) and mU .

We measure direct sophistication using IRS Statistics of Income data, available through

2022.12 For each state-year we average the shares of returns reporting taxable interest,

dividends, and capital gains. Because these shares rise steeply with income, we compute

them within adjusted gross income (AGI) classes and aggregate with fixed national AGI-

class weights, so that the measure, expressed in percentage points, reflects participation at

a given income level and not the state’s income mix.

We measure delegated sophistication as the number of SEC- and state-registered invest-
12Individual tax statistics are available at: https://www.irs.gov/statistics/soi-tax-stats-indiv

idual-income-tax-return-form-1040-statistics.
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ment advisers active in a state per 100,000 residents.13 SEC-registered advisers, those with

at least $100 million under management or operating in more than 15 states, are taken

from annual Form ADV filings and counted as active in every state in which they make a

notice filing. Smaller advisers register with state securities authorities through the Invest-

ment Adviser Registration Depository, and we use the listed regulators and the approval or

suspension date of each registration to determine the state-years in which they are active.

Because the 2024 filings are incomplete, the series ends in 2023.

For state s and year t we estimate the following regression:

Yst = αs + λt + β1 Directs,t−1 + β2 Delegateds,t−1 + Γ′Xst + εst, (15)

where Yst is one of the four structural objects of Section 5.1, computed from the rolling

estimates over all new-issue transactions in bonds issued in state s in year t and weighted

by posterior class probabilities. The controls are log population, the lagged share of upper-

income returns, and log aggregate municipal issuance. We require at least five issues per

state-year, weight by issue count capped at the annual 95th percentile, and cluster standard

errors by state. The sample contains 841 state-years from all 50 states over 2007–2023.

State and year fixed effects confine the comparison to within-state changes net of national

developments such as the transparency reforms, but the design is not causal.

Table 7 shows that direct sophistication loads on the conditional wedge and on nothing

else. A one-percentage-point increase is associated with a wedge that is 5.37 basis points

smaller (standard error 1.47), and a within-state interquartile increase of about 5.3 per-

centage points with a wedge almost 29 basis points smaller. This result is not driven by
13Data on SEC-registered investment advisers are available at: https://www.sec.gov/data-research/

sec-markets-data/information-about-registered-investment-advisers-exempt-reporting-advis
ers. Data on state-registered advisers are available at: https://adviserinfo.sec.gov/compilation.
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short-lived fluctuations in the IRS measure. In long differences between 2007–2010 and

2020–2023, the direct-sophistication coefficient is −4.47 with equal state weights and −6.20

with issue-count weights (OA Table A.9), bracketing the panel estimate, and the implied

effect of an interquartile long-run increase is a wedge 8 to 11 basis points smaller.

We find no evidence that direct sophistication moves transactions across regimes: its

coefficients for P (U) (0.05, standard error 0.67) and mU (0.52, standard error 0.42) are

insignificant. These nulls are imprecise, however. The 95% confidence interval for the in-

terquartile effect on P (U) spans roughly −6.7 to +7.2 percentage points. The rent coefficient

is negative but insignificant (−0.40, standard error 0.45), because direct sophistication lowers

the price component of the rent but not its quantity component.

Direct sophistication therefore appears to improve the terms of uninformed trades rather

than reduce their number. This is the pattern that search theory predicts: a clientele that

could readily check a quote against the reoffering price or recent trades obtains better terms

even if it seldom does so. The option to become informed disciplines dealer pricing without

being exercised, which is why the wedge can fall while the share of uninformed trades does

not. That said, we cannot rule out the alternative that sophisticated households are partially

informed in ways that the model’s two-class structure assigns to the uninformed regime.

The evidence on delegated sophistication is inconclusive. Its coefficient for P (U) has the

predicted sign (−1.60 percentage points per ten additional advisers per 100,000 residents)

but a standard error of 1.68, and it does not significantly predict any other object. We do

not conclude that delegation is unimportant: adviser counts can be a noisy proxy for the

municipal assets managed on behalf of resident households.

Together with Section 5.1, these results indicate that the two components of the dis-
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tribution rent respond to different forces. Public disclosure reduces how much order flow

reaches the uninformed regime, whereas direct sophistication reduces the price paid by the

customers who remain there. A conventional regression of markups could at best show that

markups are lower, but could not show that they do so through different channels, because

the observed markup is a composite of the incidence of uninformed trading and its price,

which only a structural model like ours can separate.

5.3 Application: Evaluating the Trade Size Cutoff

In many studies regarding municipal markets, trade size is typically used as the device to

delineate retail from institutional investors, mainly for highlighting the difference in the level

of information each type possesses. The most common threshold for such classification is

$100,000. Analyzing transaction costs in the muni market, one of the earliest and most

influential studies to employ the $100,000 threshold to differentiate between retail and insti-

tutional trades is Harris and Piwowar (2006).14 The SEC also adopts this threshold in Rule

15c2-12, which considers investors with minimum denominations of $100,000 as “sophisti-

cated” (see Ivanov et al., 2024). Because our model classifies, at the trade level, whether the

investor is informed or uninformed, we can assess if the trade size classification is appropriate

when the goal is to differentiate on the level of investor’s informedness.15

Specifically, we examine how strongly trade size and the probability of the investor be-
14Other notable papers include Hong and Warga (2004), Green et al. (2006), Schultz (2012), Cuny (2017),

and Hendershott et al. (2020).
15It is important to point out that in Green (2007)’s model, the relevant distinction is between being

informed versus uninformed rather than between retail versus institutional. In the model, due to the choice
of becoming informed, informed retail investors obtain the same trade terms as institutional investors and
thus are indistinguishable from the latter when it comes to the observed markups.
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ing uninformed are related. If trade size is a reasonable means to classify informed and

uninformed trades, the correlation should be strongly negative and the rate of correct classi-

fication (i.e., the fraction of uninformed trades among trades below $100,000 and the fraction

of informed trades among trades above $100,000) should be closer to 1 (see Table 8).

For each trade size category, we report the percentage of uninformed trades, which in-

dicates the correct classification rate for trades under $100,000 (column 1) but incorrect

classification for trades above $100,000 (column 4). Column 1 reveals that the percentage of

trades below $100,000 being correctly classified as uninformed trades is about 60% on aver-

age over the full sample period, but this rate clearly decreases over time, falling below 50%

after 2018. In addition, column 4 shows a non-trivial proportion of trades above $100,000

that are not informed, ranging from 38% at the beginning of the sample period to about

14% at the end of the sample period. Even though the quality of classification improves over

time for trades above $100,000, the deterioration in the correct classification rate for trades

below $100,000 suggests that the $100,000 cutoff is increasingly inappropriate for separating

uninformed and informed trades.

We also compute the point-biserial correlation between trade size and uninformed trade

and report these correlations separately by year for trades below and above the cutoff (see

columns 2 and 5 of Table 8). While always negative (as theory would predict), the correlation

is weak: its magnitude is below 0.1 in every year for trades above $100,000 and only slightly

above 0.1 in most years for trades below $100,000 (the full-sample values are −0.068 and

−0.124, respectively). Trade size is thus not highly correlated with the probability of investor

informedness on either side of the cutoff.

Another metric to evaluate the appropriateness of the trade size cutoff in correctly sepa-
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rating trades into uninformed versus informed is the total variation distance (TVD) between

the informed and uninformed distributions. TVD is a symmetric measure bounded between

0 and 1 that can broadly be interpreted as the total probability mass needed to “shift” from

one distribution to the other in order to equalize them (Gibbs and Su, 2007). A lower value

indicates that the two distributions are similar, whereas a high value indicates that they

are different. This measure, reported in columns 3 and 6 of Table 8, shows again that the

distance between the uninformed and informed trade distributions is declining dramatically

over time and is much lower below $100,000 trade sizes than above. The informed and un-

informed distributions are nearly twice as “close” to each other below $100,000 compared

to above. This finding indicates that it is increasingly harder to delineate uninformed from

informed trades, especially among those under the cutoff.

We zoom in on trades below $100,000 and plot the overlapping distributions of unin-

formed and informed trades for the entire sample period using bin sizes of $5,000 in Panel A

of Figure 10. While there is a predominance of uninformed trades, there is a very substantial

percentage of informed trades. At some trade sizes (e.g., $25,000 and $50,000), informed

trades have even higher probability than uninformed trades. Furthermore, we conduct mul-

tiple testing across quantiles of the informed and uninformed distributions as in Goldman

and Kaplan (2018). Panel B of Figure 10 depicts the empirical CDFs for each distribution,

and the quantiles where we can reject equality of the CDFs (the bolded black bar on the

x-axis) at a 5% familywise error rate. Importantly, round trade sizes of $25,000, $50,000, and

$75,000 are areas of the distribution where we cannot reject equality. This finding suggests

that a much more improved method of using trade size to proxy for uninformed trade would

use only non-“round” trade amounts below a $100,000 threshold. Even then, the results on
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correlation and TVD indicate that there could still be substantial misclassification.

Overall, the results in this section demonstrate that the correlation between trade size and

whether the investor is informed is weak and declines over time. For trades under $100,000,

the distributions of informed and uninformed trades are increasingly indistinguishable, with

similar probabilities at “round” trade sizes. Our analysis indicates that, at least in the new

issue market, the conventional $100,000 trade-size threshold may not reliably distinguish

informed from uninformed trades.

6 Conclusion

Our study provides a comprehensive assessment of the evolution of the municipal bond

market from 2005 to 2024, a period marked by substantial shifts in transparency, investor

composition, and underwriting practices. After compiling detailed data on municipal bonds

and their characteristics, we document a sustained decline in both underwriting spreads and

new-issue markups, particularly among national underwriters, and show that these trends

persist after controlling for an extensive set of bond-, issue-, and issuer-level characteristics.

To understand the forces driving these changes, we estimate a structural model in the

spirit of Green (2007) and Green et al. (2007), which links observed markups to bond and

trade characteristics while allowing the markup schedule to differ across informed and un-

informed investors. Our estimates reveal a sharp contraction in the prevalence of unin-

formed investors—from more than 57% in 2006 to 26% in 2024—and a substantial decline

in the markups underwriters can charge them. Together, these margins compress the retail-

distribution rent from 15.99 to 3.71 bps per dollar of issuance, a 76.8% decline, of which a
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Shapley decomposition attributes 61.9% to shrinking effective uninformed volume and 38.1%

to the narrowing conditional markup wedge. Underwriting spreads do not rise to offset the

loss and the rent’s share of total underwriter compensation falls from 22.27% to 8.15%.

Our results highlight several advantages of the structural model over conventional regres-

sion approaches for understanding the dynamics of distribution rents. The rent’s components

are latent-regime quantities that average markups and trade-size classifications cannot reli-

ably recover. Our model instead uses the full conditional distribution of markups to separate

the informed from the uninformed pricing regime, which lets us track the prevalence of un-

informed order flow and the markup wedge on that flow separately over time. The resulting

series show how a central over-the-counter intermediation mechanism has responded to trans-

parency shocks and changes in investor sophistication. Transparency works on the extensive

margin by reducing the prevalence of uninformed trading, whereas household financial capa-

bility works on the intensive margin by compressing dealers’ pricing power over those who

remain uninformed.

Finally, our results caution against the use of the $100,000 trade-size threshold for distin-

guishing retail from institutional trades. Trade size is only weakly correlated with informed-

ness and has become increasingly unreliable over time: classification accuracy for trades

below $100,000 falls below 50% after 2018, and misclassification remains substantial even

above the threshold. If the goal is to proxy for investor informedness, the traditional cutoff

performs poorly and should be used with caution in both academic work and policy analysis.

Our findings advance the understanding of long-run changes in municipal market mi-

crostructure by estimating the two margins of an opaque rent channel and documenting that

both have contracted sharply: investors are less likely to trade uninformed, and those who
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do pay smaller markups. They also highlight a potential unintended consequence of greater

transparency and investor sophistication: these developments benefit investors by reducing

information frictions but may leave muni issuers worse off if lower underwriter compensation

lead underwriters to exit or retrench, as predicted by Green (2007).
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Table 2: Summary statistics of underwriting activity, markups, and spreads

This table reports summary statistics of underwriting activity, markups, and spreads by underwriter
type. Underwriters are classified based on how many states they underwrite in a given year: “single
state” if one state, “small regional” if between 2 and 19 states, “large regional” if between 20 and
39, and “national” if 40 and above. Panel A reports the summary statistics of underwriting activity
in an average year. Panel B presents summary statistics on bond-level markups in the new issues
market. Markup is defined as the difference between the customer purchase price and the offering
price of the bond, expressed in bps of the latter. New issue market trades are defined as those
within 14 days of the offering date or when the bond size is fully absorbed by customer buy trades,
whichever comes first. The markup for a given bond is the trade-size-weighted average of markups
across all new issue trades in the bond. Panel C shows the summary statistics of underwriting
spreads (expressed in bps of the total issuance amount). Data sources: Mergent municipal fixed
income database, MSRB trade data, SDC Platinum, and Bloomberg. Sample period: 2005–2024.

Single-state Small regional Large regional National

Panel A: Average annual underwriting activity

Number of states served 1.00 6.80 27.58 44.19
Number of deals per underwriter 6.82 52.44 252.63 656.22
Volume ($m) per underwriter 64 619 5,581 19,053

Number of underwriters 113 95 17 8
Market share (% deal count) 4.90 31.83 28.00 35.27
Market share (% volume) 2.24 18.19 29.97 49.60

Panel B: Markups in the new issues market

Mean markup (bps) 22.32 14.76 13.74 13.30
Median markup (bps) 0.00 0.00 0.00 0.00
StdDev markup (bps) 70.09 61.47 61.54 57.36
Average bond size ($m) 0.68 0.96 3.32 4.52
Number of bonds 101,506 614,865 553,535 844,493

Panel C: Underwriting spreads

Mean spreads (bps) 161.23 113.35 90.99 75.18
Median spreads (bps) 129.00 90.00 70.00 60.80
StdDev spreads (bps) 129.58 89.42 91.13 62.25
Average issue size ($m) 7.08 10.17 38.30 57.62
Number of issues 11,565 65,059 51,292 68,839
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Table 4: Sources of the Decline in the Retail-Distribution Rent

The table allocates the change in the retail-distribution rent between the pooled first four years (2006–2009)
and last four years (2021–2024) of Table 3 to its two margins, effective uninformed volume mU and the
conditional markup wedge ∆U , using the identity R = mU ∆U of Equation (7) and splitting their interaction
symmetrically between them (two-factor Shapley allocation; Shorrocks, 2013). The two contributions sum
to the total change in the rent. Sample and data sources as in Table 3.

Pooled level Contribution to the decline

2006–2009 2021–2024 bps Share (%)

Effective volume mU (%) 19.05 8.70 −8.46 61.9
Conditional markup wedge ∆U (bps) 100.47 62.96 −5.21 38.1

Distribution rent R = mU ∆U (bps) 19.14 5.48 −13.66 100.0
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Table 5: Markups and Price Dispersions Around Markup Disclosure Rule

This table reports results for regressions of markups (Panel A) and price dispersion across trades in the
same bond (Panel B) in the new issue market around the implementation of the markup disclosure rule.
National is a dummy variable for the underwriter’s geographic breadth, indicating that the underwriter of
the issue underwrote issues in 40 or more states in a given year. Post-Markup Rule indicates the period
after SEC amended rules G-15 and G-30 and FINRA Rule 2232 on markup disclosure become effective May
2018. Bond issue data is from the Mergent municipal fixed income database, trade data is from the MSRB,
underwriter spreads (as a percent of issue size) are from SDC Platinum and Bloomberg. For markups, we
consider only trades in the new issue market, defined as those within 14 days of the offering date or when
the bond size is fully absorbed by customer buy trades, whichever comes first. The sample period is from
2005 through December 2024. Regressions include state and year fixed effects, use of proceeds dummies, and
ratings dummies for narrow rating categories. Standard errors are clustered by issue.

Panel A: New Issue Markup %
All Bonds GO Bonds Issue $100m+ GO & $100m+

National 0.010∗∗∗ 0.021∗∗∗ 0.021∗∗∗ 0.034∗∗

(4.03) (6.44) (3.13) (2.35)
National x Post Markup Rule -0.037∗∗∗ -0.049∗∗∗ -0.029∗∗∗ -0.041∗∗

(-9.77) (-9.41) (-3.15) (-2.27)
Post Markup Rule 0.005 0.002 0.009 0.033∗

(1.03) (0.25) (0.80) (1.71)
Bond Controls Yes Yes Yes Yes
Proceeds Dummies Yes Yes Yes Yes
Ratings Dummies Yes Yes Yes Yes
State and Year FE Yes Yes Yes Yes
Adjusted R2 0.131 0.119 0.077 0.073
Observations 1,829,323 1,074,288 213,920 65,194

Panel B: Price Dispersion
All Bonds GO Bonds Issue $100m+ GO & $100m+

National 0.019∗∗∗ 0.017∗∗∗ 0.027∗∗∗ 0.025∗∗

(12.01) (8.17) (5.36) (2.37)
National x Post Markup Rule -0.033∗∗∗ -0.027∗∗∗ -0.030∗∗∗ -0.021

(-11.22) (-6.85) (-3.42) (-1.28)
Post Markup Rule -0.015∗∗∗ -0.013∗∗ -0.042∗∗∗ -0.066∗∗∗

(-3.07) (-2.06) (-3.20) (-2.90)
(-0.84) (-0.20) (-1.57) (-0.36)

Bond Controls Yes Yes Yes Yes
Proceeds Dummies Yes Yes Yes Yes
Ratings Dummies Yes Yes Yes Yes
State and Year FE Yes Yes Yes Yes
Adjusted R2 0.206 0.195 0.245 0.224
Observations 1,082,208 578,586 167,956 48,399
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Table 8: Statistics on the Distribution of Uninformed Trades

This table reports statistics for the relative distribution of the posterior probabilities of informed and un-
informed trades computed from the structural model described in Section 4. The sample is split by trade
sizes above and below 100,000, and statistics computed separately for each category and year. The first
column of each category is the percentage of trades that are uninformed and the second column reports the
biserial correlation coefficient between trade size and the indicator for uninformed trade. The third column
reports the total variation distance (TVD) between the informed and uninformed probability distributions
and represents the symmetric amount of probability mass needed to transfer in order to equalize the two
distributions. Below trade sizes of 100,000, the pdf is computed from a discretization using 20 bins and for
trade sizes above the pdf is computed using a kernel density estimator with a grid size of 100 and the Parzen
kernel.

Uninformed Trade Distribution
Trades < 100k Trades >= 100k

% Uninformed Correlation TVD % Uninformed Correlation TVD
2006 67.26 -0.119 0.140 38.24 -0.094 0.182
2007 66.61 -0.113 0.129 36.35 -0.075 0.184
2008 68.93 -0.101 0.116 36.74 -0.072 0.205
2009 65.85 -0.137 0.150 31.25 -0.083 0.180
2010 65.41 -0.171 0.171 26.82 -0.068 0.175
2011 67.46 -0.156 0.156 26.41 -0.073 0.219
2012 64.45 -0.154 0.140 22.77 -0.085 0.220
2013 61.03 -0.113 0.097 22.59 -0.074 0.231
2014 54.50 -0.098 0.082 20.68 -0.071 0.227
2015 65.24 -0.109 0.088 24.78 -0.093 0.251
2016 64.87 -0.159 0.146 23.69 -0.087 0.245
2017 60.96 -0.153 0.144 21.03 -0.070 0.255
2018 50.64 -0.127 0.112 20.10 -0.055 0.216
2019 49.39 -0.091 0.076 21.17 -0.057 0.158
2020 41.02 -0.136 0.124 14.49 -0.052 0.131
2021 36.20 -0.098 0.098 13.35 -0.036 0.124
2022 40.46 -0.054 0.099 13.72 -0.047 0.209
2023 43.82 -0.062 0.097 14.46 -0.049 0.269
2024 42.19 -0.070 0.106 14.03 -0.067 0.262

Full Sample 60.37 -0.124 0.119 22.44 -0.068 0.230
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Figure 1: Underwriting activity by underwriter type over time

The figure shows the time series variation in underwriting activity. Underwriters are classified
based on how many states they underwrite in a given year: “single state” if one state,
“small regional” if between 2 and 19 states, “large regional” if between 20 and 39, and
“national” if 40 and above. The upper panel shows the number of deals (left axis) and
the fraction underwritten by each underwriter type (right axis). The lower panel shows the
total underwriting volume (in $ billion, left axis) and the fraction of volume underwritten by
each underwriter type (right axis). Data source: Mergent municipal fixed income database.
Sample period: 2005–2024.
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Figure 2: Time series variation in markups and spreads by underwriter type

This figure presents the average markups and spreads over time by underwriter type. Un-
derwriters are classified based on how many states they underwrite in a given year: “single
state” if one state, “small regional” if between 2 and 19 states, ‘large regional” if between
20 and 39, and “national” if 40 and above. Panel A shows the year-by-year average bond-
level markups over offering price in the new issue period (within 14 days of the offering
date). Panel B plots the year-by-year average underwriting spreads. Data sources: Mergent,
MSRB, SDC Platinum, and Bloomberg. Sample period: 2005–2024.
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Figure 3: Underwriting Compensation Over Time

The figure plots the time series variation of underwriting revenues. It is underwriting revenue
expressed in percentage of issue size. Underwriting revenue includes dollar underwriting fees
charged to the issuer and markups charged to investors in the new issue market (i.e., trades
within 14 days of issuance or until the total bond amount is fully sold, whichever earlier).
Panel A shows the yearly averages across all underwriter types, whereas Panel B shows
similar statistics separately for national underwriters, exiting national underwriters (UBS
and Citigroup), and other underwriters. National underwriters are those that do business in
40 or more states in a given year. Data sources: Mergent municipal fixed income database,
MSRB trade data, SDC Platinum, and Bloomberg. Sample period: 2005–2024.
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Figure 4: Regression Analysis of Markups Over Time

The figure shows the average markups over time after controlling for determinants of markups
using the regression model in Equation (13). Panel A plots the Year fixed effects. Panel
B plots the National x Year fixed effects. Markup on a customer buy trade is computed
as the difference between the price paid and the offering price of the bond, expressed as a
percentage of the offering price. The average markup in the new issue market for a given
bond is the trade-size-weighted average markups on all trades in that bond within 14 days
of issuance or until the total bond amount is fully sold, whichever earlier. Underwriters are
classified based on how many states they underwrite in a given year. National underwriters
are those that do business in 40 or more states in a given year. Data sources: Mergent
municipal fixed income database and MSRB trade data. Sample period: 2005–2024.
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Figure 5: Regression Analysis of Underwriting Spreads Over Time

The figure shows the average underwriting spreads over time after controlling for determi-
nants of spreads using the regression model in Equation (14). Panel A plots the Year fixed
effects. Panel B plots the National x Year fixed effects. Spreads are dollar amounts per $100
of issuance. Underwriters are classified based on how many states they underwrite in a given
year. National underwriters are those that do business in 40 or more states in a given year.
Data sources: Mergent municipal fixed income database, SDC Platinum, and Bloomberg.
Sample period: 2005–2024.
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Figure 6: Rolling-Window Probability of the Uninformed Pricing Regime

The figure plots the mean posterior probability that a customer buy trade in the new issue
market belongs to the uninformed pricing regime (Equation (2)), averaged over all trades in
each overlapping two-year estimation window and dated by the second year of the window.
Vertical bars are 95% confidence intervals based on postestimation standard errors clustered
by bond. Estimates are based on all trades within 14 days of the offering date or until the
bond size is fully absorbed, whichever earlier. Data sources: Mergent municipal fixed income
database, MSRB trade data, SDC Platinum and Bloomberg. Sample period: 2005–2024.
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Figure 7: Rolling-Window Marginal Mean Markup in the Uninformed Pricing Regime

The figure plots the fitted value of the uninformed-regime outcome equation (Equation (8)),
averaged over all trades in each overlapping two-year estimation window and dated by the
second year of the window, expressed in bps. Vertical bars are 95% confidence intervals
based on postestimation standard errors clustered by bond. The series measures the average
level of the latent uninformed pricing schedule; it does not net out the informed-regime
counterfactual and does not weight by trade size or posterior probability. Estimates are
based on all trades within 14 days of the offering date or until the bond size is fully absorbed,
whichever earlier. Data sources: Mergent municipal fixed income database, MSRB trade
data, SDC Platinum and Bloomberg. Sample period: 2005–2024.
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Figure 8: Underwriting Spreads and the Uninformed Pricing Regime

The figure plots the coefficient on the issue-level underwriting spread in the class-membership
equation for each overlapping two-year estimation window, oriented as the log odds of the
uninformed pricing regime and dated by the second year of the window. Spreads are mea-
sured in percentage points of issuance. Negative estimates indicate that issues with larger
issuer-paid spreads have a lower prior probability of being distributed through the unin-
formed pricing regime, conditional on the model covariates. The coefficient is an equilibrium
sorting relation, not a causal marginal effect. Vertical bars are 95% confidence intervals
based on standard errors clustered by bond. Data sources: Mergent municipal fixed income
database, MSRB trade data, SDC Platinum and Bloomberg. Sample period: 2005–2024.
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Figure 9: Distribution Rent and Underwriting Spread by Underwriter Type

The figure plots the market-wide distribution rent (top panel) and the issuance-weighted
underwriting spread (bottom panel), in bps of aggregate issuance, computed separately
for issues led by single-state, small regional, large regional, and national underwriters (the
geographic-reach categories of Section 3). All series use the observation-level posteriors and
fitted markup schedules from the same rolling-window models as Table 3. Pooled compar-
isons are in Online Appendix Table A.5. Data sources: Mergent municipal fixed income
database, MSRB trade data, SDC Platinum and Bloomberg. Sample period: 2005–2024.
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Figure 10: Relative Distributions of Uninformed/Informed Trades

The figure plots two versions of the distributional overlap between uninformed and informed
trades below 100,000. Uninformed and informed trades are defined as the posterior prob-
abilities generated from the structural model in Section 4. Panel A plots histograms for
each distribution using bins of width 5,000. Panel B implements the point-by-point multiple
testing of the CDFs as in Goldman and Kaplan (2018), with regions where equality can be
rejected highlighted by the bold black line on the x-axis. Sample period: 2005–2024.
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Table A.1: Identification and Posterior Separation in the Finite-Mixture Model

This table reports identification and classification diagnostics for each overlapping two-year finite-mixture
estimation window. Each row labels the two-year window by its second year. The conditional residual
standard deviations, σ̂I and σ̂U , are posterior-weighted and expressed in basis points. Following GHS
(2007), the lower-dispersion component is labeled informed, so the identifying ordering is σ̂I < σ̂U . Because
the raw dispersion ratio becomes extremely large when the informed component approaches a mass point
at the reoffering price, the table reports log10(σ̂U /σ̂I); the underlying ratio is no smaller than 2,652 in any
window. Normalized posterior entropy equals the mean binary entropy divided by log 2 and multiplied
by 100, so zero denotes deterministic classification and 100 denotes maximal ambiguity. A posterior is
decisive when P̂ (U) ≤ 0.05 or P̂ (U) ≥ 0.95, and ambiguous when 0.25 < P̂ (U) < 0.75. Beginning in
2017, the informed component is estimated close to a mass point at the reoffering price, consistent with
the growing concentration of informed trades at zero markup. All diagnostics are calculated on the exact
full two-year FMM estimation sample, rather than the non-overlapping endpoint-year accounting sample.
No structural model is re-estimated for this table.

Conditional-dispersion separation Posterior separation

Endpoint Estimation σ̂I σ̂U log10(σ̂U /σ̂I) Normalized Decisive Ambiguous
year N (000s) (bps) (bps) entropy (% max) posteriors (%) posteriors (%)

2006 684 0.032 85.67 3.42 0.489 99.619 0.145
2007 675 0.030 85.41 3.45 0.333 99.803 0.074
2008 881 0.031 103.42 3.53 0.335 99.745 0.074
2009 1269 0.032 106.32 3.52 0.316 99.734 0.068
2010 1241 0.032 97.89 3.49 0.267 99.813 0.049
2011 976 0.030 89.97 3.47 0.214 99.878 0.036
2012 965 0.030 91.14 3.48 0.181 99.915 0.026
2013 933 0.029 93.21 3.50 0.186 99.907 0.021
2014 866 0.029 88.28 3.48 0.202 99.889 0.025
2015 1008 0.028 83.51 3.48 0.223 99.872 0.033
2016 1148 0.018 86.69 3.67 0.859 99.055 0.301
2017 1127 < 0.001 88.46 10.70 0.007 99.992 0.005
2018 930 < 0.001 86.07 10.59 0.002 99.997 0.001
2019 762 < 0.001 80.64 7.96 0.001 99.999 < 0.001
2020 743 < 0.001 79.19 6.40 0.003 99.999 < 0.001
2021 678 < 0.001 77.14 11.80 < 0.001 100.000 < 0.001
2022 619 < 0.001 93.13 6.96 0.008 99.984 < 0.001
2023 646 < 0.001 107.11 7.74 0.001 100.000 < 0.001
2024 740 < 0.001 95.63 6.77 0.006 99.994 < 0.001

Extrema across windows 0.859 99.055 0.301
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Table A.2: Distribution of Days Since Offering Until Fully Sold

This table reports the distribution of the number of days between the offering date and the date
the bond is fully sold. The sample period is from 2005 to 2024.

Number of days % of bonds Cumulative % of bonds
<0 0.53 0.53
0 18.06 18.60
1 34.37 52.97
2 3.96 56.92
3 2.00 58.92
4 1.95 60.87
5 2.07 62.93
6 2.39 65.32
7 2.31 67.63
8-14 7.96 75.60
15-30 9.90 85.50
31-60 6.36 91.86
61-90 2.00 93.86
91-120 0.80 94.66
121-180 0.61 95.27
180+ 4.73 100.00
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Table A.3: Classification Regression Coefficients

This table reports coefficient estimates and t-statistics (in parentheses) for the latent-variable logit classifi-
cation equation of the structural model in Section 2.2, for the two-year estimation windows ending in 2008,
2012, 2017, 2020, and 2024. The full system is estimated by maximum likelihood, with starting values from
an expectation-maximization step. t-statistics are based on standard errors clustered by bond. ∗, ∗∗, and
∗∗∗ denote significance at the 5%, 1%, and 0.1% levels.

2008 2012 2017 2020 2024

Ln(Trade Size) -0.359*** -0.372*** -0.301*** -0.203*** -0.241***
(-45.52) (-48.74) (-32.14) (-25.44) (-40.92)

Ln(Issue Amount) -0.184*** -0.130*** 0.060 0.001 -0.086***
(-11.32) (-8.60) (0.51) (0.07) (-6.15)

Days Since Offer 0.427*** 0.416*** 0.556*** 0.538*** 0.649***
(33.11) (50.04) (43.46) (53.05) (83.91)

Fraction of Bond Sold 0.820*** 0.702*** 0.577*** 0.448*** 1.270***
(17.00) (18.21) (7.02) (13.76) (36.58)

Issued at Premium -0.399*** -0.666*** -0.721*** -0.552*** -1.033***
(-11.92) (-18.32) (-3.76) (-16.71) (-30.31)

Bond Size 0.000 0.000* -0.000 -0.000 0.000*
(1.69) (2.21) (-0.00) (-0.64) (2.27)

Coupon -0.038 0.039 -0.112 0.063*** 0.019
(-1.02) (1.79) (-1.55) (4.54) (0.79)

Maturity 0.101*** 0.144*** 0.106*** 0.073*** 0.019*
(10.44) (12.52) (13.02) (16.03) (2.10)

Maturity Sqr -0.001*** -0.002*** -0.001 -0.000*** 0.001***
(-4.75) (-6.77) (-1.48) (-5.55) (3.48)

Callable Y/N 0.385*** 0.210*** 0.273*** 0.118** 0.088*
(6.93) (4.50) (3.55) (3.08) (2.03)

National Und. 0.053 -0.029 -0.149*** -0.355*** -0.041
(1.27) (-0.73) (-4.08) (-13.52) (-1.35)

Negotiated -0.451*** -0.153*** -0.286*** -0.599*** -1.115***
(-9.88) (-3.98) (-4.34) (-18.85) (-28.13)

Bond type: Other (vs. GO) 0.040 -0.310*** -0.320*** -0.481*** -0.440***
(0.86) (-6.59) (-6.01) (-12.95) (-9.25)

Bond type: Revenue (vs. GO) 0.041 -0.415*** -0.260** -0.248*** -0.281***
(0.73) (-7.58) (-2.74) (-5.03) (-5.33)

Insured (Y/N) 0.385*** 0.745*** 0.400*** 0.034 -0.024
(9.57) (13.17) (7.35) (0.77) (-0.40)

Credit Enhancement 0.375*** -0.067 -0.019 0.099* 0.093
(8.61) (-1.29) (-0.29) (2.37) (1.84)

Bank Qualified -0.492*** -0.088* 0.164 0.281*** -0.019
(-10.60) (-1.98) (1.58) (8.32) (-0.39)

First-time Issuer 0.169*** 0.247*** -0.172 0.160*** 0.021
(3.57) (4.63) (-1.66) (3.54) (0.36)

Issue Frequency -0.005*** -0.002*** -0.002*** -0.000 -0.000***
(-3.54) (-5.78) (-8.55) (-0.96) (-3.45)

Underwriter Spread -1.401*** -0.858*** -0.541*** -0.540*** -0.445***
(-16.22) (-12.67) (-10.06) (-12.10) (-13.29)

Ratings Dummies Yes Yes Yes Yes Yes
Proceeds Dummies Yes Yes Yes Yes Yes

N 881,294 965,032 1,127,232 742,727 739,842
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Table A.4: Markup Regression Coefficients for Uninformed Trades

This table reports coefficient estimates and t-statistics (in parentheses) for the uninformed-regime markup
equation (Equation (8)) of the structural model in Section 2.2, for the two-year estimation windows ending
in 2008, 2012, 2017, 2020, and 2024. The full system is estimated by maximum likelihood, with starting
values from an expectation-maximization step. t-statistics are based on standard errors clustered by bond.
∗, ∗∗, and ∗∗∗ denote significance at the 5%, 1%, and 0.1% levels.

2008 2012 2017 2020 2024

Ln(Trade Size) 2221.435*** 1503.686*** 1325.688*** 1481.401*** -526.757***
(20.79) (20.08) (11.88) (16.04) (-5.23)

Ln(Issue Amount) 0.037* -0.019* 0.010 -0.006 -0.035***
(2.48) (-2.08) (0.19) (-0.71) (-4.26)

Days Since Offer -0.005 0.012*** -0.001 0.028*** -0.003
(-1.74) (6.77) (-0.32) (19.89) (-1.61)

Fraction of Bond Sold 0.035 0.137*** 0.181*** -0.080*** -0.058**
(0.72) (6.22) (3.55) (-4.49) (-2.64)

Issued at Premium -0.829*** -0.563*** -0.339*** -0.374*** -0.569***
(-20.96) (-25.12) (-4.64) (-21.04) (-25.61)

Bond Size -0.000 -0.000 -0.000 -0.000** -0.000
(-0.42) (-1.01) (-0.11) (-2.77) (-0.65)

Coupon 0.181*** 0.044*** -0.048 -0.066*** 0.009
(5.99) (3.63) (-1.52) (-9.93) (0.62)

Maturity 0.077*** 0.116*** 0.103*** 0.083*** 0.037***
(7.36) (12.98) (17.09) (25.67) (6.56)

Maturity Sqr -0.001*** -0.002*** -0.002*** -0.001*** 0.000
(-3.41) (-7.50) (-5.99) (-9.29) (0.17)

Callable Y/N -0.158** 0.021 0.271*** 0.017 0.011
(-2.58) (0.59) (9.96) (0.90) (0.38)

National Und. -0.007 -0.117*** -0.124*** -0.033* 0.048*
(-0.20) (-6.00) (-7.55) (-2.16) (2.45)

Negotiated 0.385*** 0.251*** 0.319*** 0.480*** 0.605***
(11.86) (13.04) (13.13) (30.61) (27.15)

Bond type: Other (vs. GO) 0.054 0.029 0.082*** 0.072*** -0.036
(1.68) (1.11) (3.32) (3.37) (-1.46)

Bond type: Revenue (vs. GO) 0.074* 0.060 0.036 0.118*** 0.017
(2.01) (1.96) (1.29) (4.60) (0.58)

Insured (Y/N) 0.115** 0.153*** 0.092** -0.011 -0.061
(3.16) (6.69) (3.11) (-0.38) (-1.84)

Credit Enhancement -0.029 -0.008 0.026 -0.008 0.050
(-0.83) (-0.25) (0.97) (-0.39) (1.38)

Bank Qualified -0.170*** -0.294*** -0.140** -0.017 -0.019
(-4.55) (-12.03) (-3.20) (-1.11) (-0.90)

Constant -1.025*** 0.426** -0.102 0.161 0.917***
(-3.53) (2.69) (-0.12) (1.20) (5.97)

Ratings Dummies Yes Yes Yes Yes Yes
Proceeds Dummies Yes Yes Yes Yes Yes

N 881,294 965,032 1,127,232 742,727 739,842
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Table A.8: Issue-Level Compensation Statistics

This table reports unweighted issue-level counterparts to the market-wide decomposition in Table
3. The issue-mean rent averages, across issues in each year, an issue’s posterior-weighted money
left on the table divided by its issuance amount; the bond-mean rent is the corresponding average
across bonds; the issue-mean spread is the unweighted average underwriting spread; and the issue-
mean rent share averages issue-level rent shares of total compensation. Because large issues generate
lower rent per dollar and pay lower percentage spreads, these unweighted means are higher than the
market-wide aggregates in Table 3. Sample as in Table 3. Data sources: Mergent municipal fixed
income database, MSRB trade data, SDC Platinum and Bloomberg. Sample period: 2005–2024.

Issue-mean Bond-mean Issue-mean Issue-mean
Year rent (bps) rent (bps) spread (bps) rent share (%)
2006 21.70 21.61 73.20 19.94
2007 22.30 21.44 73.40 19.82
2008 28.70 24.70 76.93 23.09
2009 27.90 25.69 85.86 20.20
2010 24.38 23.36 82.43 18.78
2011 26.58 24.94 84.43 20.50
2012 22.12 21.13 79.51 18.21
2013 22.41 21.30 77.38 18.71
2014 20.08 18.96 74.66 17.81
2015 23.15 22.42 70.90 20.89
2016 20.54 18.91 69.38 19.25
2017 19.87 18.45 75.40 17.90
2018 18.05 17.04 81.34 16.03
2019 16.93 15.79 75.07 15.90
2020 14.87 13.19 77.97 13.44
2021 11.70 10.54 74.96 11.36
2022 12.60 9.06 84.43 10.20
2023 11.76 9.29 85.19 9.70
2024 8.59 7.41 78.44 8.61

75



T
ab

le
A

.9
:

Lo
ng

-R
un

C
ha

ng
es

in
So

ph
ist

ic
at

io
n

an
d

C
om

po
ne

nt
s

of
D

ist
rib

ut
io

n
R

en
ts

T
hi

s
ta

bl
e

re
po

rt
s

lo
ng

-d
iff

er
en

ce
co

un
te

rp
ar

ts
of

th
e

re
gr

es
sio

ns
in

Ta
bl

e
7,

w
he

re
al

l
va

ria
bl

es
ar

e
de

fin
ed

.
Fo

r
ea

ch
st

at
e,

th
e

va
ria

bl
es

ar
e

av
er

ag
ed

ov
er

20
07

–2
01

0
an

d
ov

er
20

20
–2

02
3,

an
d

th
e

ch
an

ge
in

ea
ch

de
pe

nd
en

t
va

ria
bl

e
is

re
gr

es
se

d
on

th
e

ch
an

ge
s

in
on

e-
ye

ar
-la

gg
ed

di
re

ct
an

d
de

le
ga

te
d

so
ph

ist
ic

at
io

n,
w

hi
ch

en
te

r
jo

in
tly

,a
nd

on
th

e
ch

an
ge

s
in

lo
g

po
pu

la
tio

n,
th

e
la

gg
ed

up
pe

r-
in

co
m

e
re

tu
rn

sh
ar

e,
an

d
lo

g
ag

gr
eg

at
e

iss
ua

nc
e.

Pa
ne

lA
w

ei
gh

ts
st

at
es

eq
ua

lly
an

d
us

es
H

C
3

st
an

da
rd

er
ro

rs
.

Pa
ne

lB
w

ei
gh

ts
st

at
es

by
iss

ue
co

un
t,

ca
pp

ed
at

th
e

cr
os

s-
st

at
e

95
th

pe
rc

en
til

e.
T

he
IQ

R
ro

w
s

m
ul

tip
ly

ea
ch

co
effi

ci
en

t
by

th
e

cr
os

s-
st

at
e

in
te

rq
ua

rt
ile

ra
ng

e
of

th
e

co
rr

es
po

nd
in

g
lo

ng
-r

un
ch

an
ge

.
St

an
da

rd
er

ro
rs

ar
e

in
pa

re
nt

he
se

s.
∗ ,

∗∗
,a

nd
∗∗

∗
de

no
te

sig
ni

fic
an

ce
at

th
e

10
%

,5
%

,a
nd

1%
le

ve
ls.

Pr
ob

ab
ili

ty
Eff

ec
tiv

e
un

in
fo

rm
ed

C
on

di
tio

na
lm

ar
ku

p
G

re
en

re
nt

un
in

fo
rm

ed
(p

p)
vo

lu
m

e
(%

iss
ue

pa
r)

w
ed

ge
(b

ps
)

(b
ps

iss
ue

pa
r)

P
an

el
A

:
E

qu
al

-s
ta

te
lo

ng
di

ffe
re

nc
es

C
ha

ng
e

in
di

re
ct

so
ph

ist
ic

at
io

n
-0

.8
50

-0
.8

96
-4

.4
74

-1
.6

61
∗

(1
.2

16
)

(0
.8

61
)

(2
.8

80
)

(0
.8

62
)

C
ha

ng
e

in
de

le
ga

te
d

so
ph

ist
ic

at
io

n
-1

.4
14

-0
.1

51
-1

.3
42

-0
.2

56
(1

.5
23

)
(0

.5
06

)
(1

.8
93

)
(0

.5
35

)
C

ha
ng

e
in

di
re

ct
so

ph
ist

ic
at

io
n

–
IQ

R
eff

ec
t

-1
.4

56
-1

.5
34

-7
.6

63
-2

.8
46

∗

(2
.0

82
)

(1
.4

74
)

(4
.9

33
)

(1
.4

76
)

C
ha

ng
e

in
de

le
ga

te
d

so
ph

ist
ic

at
io

n
–

IQ
R

eff
ec

t
-1

.1
21

-0
.1

20
-1

.0
64

-0
.2

03
(1

.2
08

)
(0

.4
01

)
(1

.5
01

)
(0

.4
25

)

P
an

el
B

:
Is

su
e-

co
un

t-
w

ei
gh

te
d

lo
ng

di
ffe

re
nc

es
C

ha
ng

e
in

di
re

ct
so

ph
ist

ic
at

io
n

0.
21

3
0.

22
9

-6
.1

98
∗∗

-0
.9

03
(1

.3
47

)
(0

.8
00

)
(2

.9
82

)
(0

.8
45

)
C

ha
ng

e
in

de
le

ga
te

d
so

ph
ist

ic
at

io
n

-2
.0

56
-0

.5
35

0.
47

6
-0

.5
66

(2
.2

66
)

(0
.7

74
)

(2
.4

80
)

(1
.0

23
)

C
ha

ng
e

in
di

re
ct

so
ph

ist
ic

at
io

n
–

IQ
R

eff
ec

t
0.

36
5

0.
39

1
-1

0.
61

6∗∗
-1

.5
46

(2
.3

08
)

(1
.3

70
)

(5
.1

07
)

(1
.4

47
)

C
ha

ng
e

in
de

le
ga

te
d

so
ph

ist
ic

at
io

n
–

IQ
R

eff
ec

t
-1

.6
30

-0
.4

24
0.

37
8

-0
.4

49
(1

.7
97

)
(0

.6
13

)
(1

.9
66

)
(0

.8
11

)

St
at

es
50

Pe
rio

ds
co

m
pa

re
d

20
07

–2
01

0
ve

rs
us

20
20

–2
02

3

76



Figure A.1: Composition of Underwriters (By State)

Figure shows the fraction of each underwriter type in an average year for each given state.
Underwriters are classified based on how many states they underwrite in a given year: “single
state” if one state, “small regional” if between 2 and 19 states, “large regional” if between
20 and 39, and “national” if 40 and above. Data source: Mergent municipal fixed income
database. Sample period: 2005–2024.

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

AK
AL
AR
AZ
CA
CO
CT
DC
DE
FL

GA
HI
IA
ID
IL
IN

KS
KY
LA
MA
MD
ME
MI

MN
MO
MS
MT
NC
ND
NE
NH
NJ

NM
NV
NY
OH
OK
OR
PA
RI

SC
SD
TN
TX
UT
VA
VT

WA
WI

WV
WY

Single State Small Regional Big Regional National

77



Figure A.2: Fraction of Deals (By Underwriter Type and State)

Figure shows the fraction of deals underwritten by each underwriter type in an average year
for each given state. Underwriters are classified based on how many states they underwrite
in a given year: “single state” if one state, “small regional” if between 2 and 19 states,
“large regional” if between 20 and 39, and “national” if 40 and above. Data source: Mergent
municipal fixed income database. Sample period: 2005–2024.
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Figure A.3: Fraction of Volume (By Underwriter Type and State)

Figure shows the fraction of volume underwritten by each underwriter type in an average year
for each given state. Underwriters are classified based on how many states they underwrite
in a given year: “single state” if one state, “small regional” if between 2 and 19 states,
“large regional” if between 20 and 39, and “national” if 40 and above. Data source: Mergent
municipal fixed income database. Sample period: 2005–2024.
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Figure A.4: Probability of Trading with Uninformed Investors: Revenue Bonds

The figure plots the mean posterior probability that a customer buy trade in the new issue
market belongs to the uninformed pricing regime (Equation (2)), as in Figure 6, with the
model estimated on rated revenue bonds only; vertical bars are standard errors. Estimates
are based on overlapping two-year windows dated by the second year of the window. Data
sources: Mergent municipal fixed income database, MSRB trade data, SDC Platinum and
Bloomberg. Sample period: 2005–2024.
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Figure A.5: Markup on Uninformed Trades: Revenue Bonds

The figure plots the latent class mean markups and their standard errors from the mixture
model with two latent classes for uninformed trades. Markups for informed trades are
effectively zero for all periods. Estimates are based on all trades in the new issue market in
rated Revenue bonds in rolling two-year periods beginning in 2006. Data sources: Mergent
municipal fixed income database, MSRB trade data, SDC Platinum, and Bloomberg. Sample
period: 2005–2024.
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Figure A.6: Effects of National Underwriter on the Probability of Uninformed Trades

The figure plots the effects of the National Underwriter dummy variable on the probability
of a trade with uninformed investors. The estimate is from the classification regression of
the mixture model with informed and uninformed investors. National underwriters are those
that underwrite bonds in 40 or more states in a given year. Estimates are based on all trades
within 14 days of the offering date or until the bond size is fully absorbed, whichever earlier.
The model is estimated separately for overlapping two-year periods beginning in 2005-2006.
Data sources: Mergent municipal fixed income database, MSRB trade data, SDC Platinum
and Bloomberg. Sample period: 2005–2024.
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Figure A.7: Effects of National Underwriter on the Markups on Uninformed Trades

The figure plots the coefficient of the National Underwriter dummy in the markup outcome
equation in the uninformed regime. National underwriters are those that underwrite bonds
in 40 or more states in a given year. Markups are expressed in percentage points. Estimates
are based on all trades within 14 days of the offering date or until the bond size is fully
absorbed, whichever earlier. The model is estimated separately for overlapping two-year
periods beginning in 2005-2006. Data sources: Mergent municipal fixed income database,
MSRB trade data, SDC Platinum and Bloomberg. Sample period: 2005–2024.
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