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When Competition Backfires: Broker
Learning and Commission Fees

Abstract

This paper examines how learning and competition shape brokerage commis-

sion fees in a plain-vanilla Chinese setting. We document three facts: sub-

stantial price dispersion across investors, higher fees for naïve investors, and

widening dispersion over time. To explain these patterns, we develop a dy-

namic model in which brokers compete for naïve and sophisticated clients

while learning types through repeated interactions. The model shows that

an incumbent’s information advantage can sustain persistent market power—

even over sophisticated investors—and that additional broker entry can back-

fire by raising markups on naïve investors and widening dispersion. Exploit-

ing branch-level variation in rival presence, we provide causal evidence con-

sistent with these predictions. Quantitatively, although the average number of

brokers per city more than doubled over the sample, intensified competition

slightly offset—rather than accelerated—the secular decline in fees.

Keywords: Competition; Learning; Price Discrimination.

JEL Classification: L10; D40; G24; D12; G41



1 Introduction

Fees paid by consumers for financial services are a central issue in finance. There is exten-

sive evidence showing substantially heterogeneous prices paid by consumers for (nearly)

identical financial products or services. For example, the index funds tracking the S&P

500 index offer virtually identical portfolio returns before fees, but the fees vary by an

order of magnitude across providers (Hortacsu and Syverson, 2004). In retail deposits,

banks pay markedly different rates on the same basic products within and across local

markets, and deposit rates adjust sluggishly, leading to persistent cross-bank dispersion

(Hannan and Berger, 1991; Drechsler et al., 2017; Egan et al., 2017). For identical mort-

gage loans (the same borrower type, same loan, same day), the 10th–90th percentile rate

gap is about 54 bps (Bhutta et al., 2020).

To explain such substantial price dispersion, the literature has highlighted the roles

of consumer naïveté, limited attention, and bounded rationality. With these frictions,

producers can shroud attributes and use add-on pricing (e.g., back-end loads and 12b-1

fees in mutual funds; overdraft fees in checking) to target inattentive or naïve consumers

(Ellison, 2005; Gabaix and Laibson, 2006; Ellison and Ellison, 2009; Stango and Zinman,

2014; Grubb et al., 2024). They may also introduce complex structured products whose

embedded features and risks are hard to value, enabling large markups and wide price

dispersion (Carlin, 2009; Henderson and Pearson, 2011; Célérier and Vallée, 2017).

Many financial services involve repeated consumer–provider interactions, but how

repetition affects price dispersion remains unclear. Consumers who initially overlook

or misunderstand terms may learn over time and recognize excessive fees, prompting

renegotiation or switching that should compress dispersion as relationships mature. Yet

search frictions and switching costs make comparison and exit costly, allowing dispersion

to persist (Klemperer, 1995; Kim et al., 2003). Even when consumers occasionally pay the

fixed costs to search, any price reductions are likely episodic rather than continuous. How

these forces net out—and the overall effect of competition and repeated interactions on

price dispersion—remains an open question.

In this paper, we study dispersion in brokerage commission fees in China. Since the
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early 1990s, China’s stock market has expanded, with roughly 100 brokerages serving

a large retail base. The core function is straightforward: transmit client orders to the

exchange for execution. Because Chinese exchanges use centralized limit-order books,

brokers route to a single venue—unlike the complex, multi-venue best-execution archi-

tecture in the U.S. Basic execution is therefore relatively homogeneous and transparent,

leaving limited scope for obfuscation. Customers pay a flat, ad valorem commission on

each trade. The rate is set at account opening and can be renegotiated later.

China eliminated its fixed brokerage commission regime in 2002, allowing brokers to

negotiate flexible rates within a regulatory range. This deregulation triggered a sustained

decline in commission fees, mirroring a similar trend observed in the U.S. 27 years earlier.

Despite the downward pressure on fees and the growing diversification of brokers into

asset management and other business lines, brokerage commissions still account for over

one-third of industry revenue, underscoring their continued importance to the sector.

Given the deregulation and the increasing number of brokers competing for clients,

one might expect competition to compress the dispersion in commission rates. To investi-

gate this central issue, we analyze account-level data from amedium-sized brokeragewith

branches across China, covering all retail accounts from January 2007 to December 2017.

The dataset includes fees and transactions, allowing us to document several important

facts about commission-rate dispersion.

First, there is substantial variation in the commission rates charged across investors,

even among those with similar characteristics.

Second, commission rates are systematically higher for less sophisticated investors.

The initial rate set at account opening decreases with investor age, portfolio size and the

per capital GDP of the investor’s region. Interestingly, this initial rate also predicts sub-

sequent behavioral patterns—including the disposition effect, lottery preference, under-

diversification, local bias, extrapolation, and the rank effect—indicating that initial rates

disproportionately burden less sophisticated investors.

Third, although average commissions fell sharply from about 15 bps in 2007 to about

3 bps in 2017, dispersion increased: the coefficient of variation (standard deviation over

mean) rose, and the fee gap between sophisticated and naïve investors widened. Sophis-
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tication is measured using a composite index based on the behavioral patterns described

above. This widening dispersion challenges the common view that learning and compe-

tition should reduce price dispersion over time.

Motivated by these facts, we extend the canonical static framework of Stahl (1989) into

a dynamic oligopolistic pricing model with broker learning and investor renegotiation.

There are 𝑛 + 1 competing brokers and two types of investors, naive and sophisticated.

Naïve investors have a high reservation commission rate and accept any quote at or below

that threshold, searching only if a quote exceeds it. Sophisticated investors always solicit

quotes from all brokers and choose the lowest. Brokers do not observe investor type ex

ante; instead, they infer it from the initial quoting interaction and from subsequent trad-

ing activitywithin the firm, which gives the incumbent broker an informational advantage

over rivals.

After opening an account with some broker, each investor receives Poisson opportu-

nities to renegotiate. At such times, the investor solicits a new quote from the incumbent

and—if dissatisfied—may seek outside quotes. Each broker sets its commission strategi-

cally based on a noisy posterior belief about the investor’s type, in contrast to the static

mixed-strategy equilibrium of Stahl (1989), where firms face anonymous demand and

know only the population shares of shopper/searcher types. The broker’s equilibrium

pricing policy trades off offering low fees to attract sophisticated shoppers against ex-

tracting rents from naïve clients, takes rivals’ policies as given, and internalizes the option

value of future renegotiation.

We characterize the equilibrium and derive several implications. First, a broker’s op-

timal quote is decreasing in its belief that the investor is sophisticated.

Second, evenwhen an incumbent learns through repeated interactions that an investor

is almost surely sophisticated, it still charges a positive markup because rivals lack the

same information; this informational advantage prevents a full race to the bottom. These

two implications align with the data: naïve investors face higher fees, and the lower tail

of the fee distribution exhibits persistently positive markups.

The third implication concerns the asymmetric effects of broker learning. As brokers

gain more information about investor types, they compete more aggressively for sophis-
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ticated investors, lowering fees for them but imposing a negative externality on naïve

investors, who face higher markups.

The fourth implication is more striking: competition itself can backfire. As the num-

ber of brokers increases, rivalry for sophisticated clients reduces their markups, but the

declining chance of winning them shifts brokers toward extracting rents from naïve in-

vestors. In the limit, with many brokers, each posts the full markup to all investors—so

greater competition ultimately raises markups and lowers consumer welfare.

This counterintuitive implication parallels heterogeneous-consumer search models in

other markets (Rosenthal, 1980; Stahl, 1989; Carlin, 2009), though the empirical evidence

ismixed (Chandra andTappata, 2011; Lach andMoraga-González, 2017). Because broker-

age accounts are typically tied to local branches—evenwhen opened online—competition

for clients is naturally geographically bounded. Leveraging detailed account-level data

across cities, we conduct a sharp test using a branch–quarter panel of commission rates

for newly opened accounts, measuring local competition by the number of brokers oper-

ating in each prefecture-level city.

Descriptively, cities with more brokers exhibit lower lower-tail percentiles and higher

upper-tail percentiles of commissions, implying wider inter-percentile ranges and greater

normalized dispersion. To establish causality, we use a stacked difference-in-differences

design exploiting staggered broker entry: treated branches are those experiencing a new

entrant after at least a year without entry, matched to controls with similar pre-entry

competition and no entry within a two-year window. Entry significantly raises disper-

sion, with dynamic estimates showing no pre-trends and persistent, gradually strength-

ening treatment effects. These results confirm the model’s prediction that competition

can backfire by amplifying price discrimination.

To quantify the effects of learning and competition, we complement the reduced-form

evidence with a structural model estimated via simulatedmethod of moments (SMM) and

use it for counterfactuals. The specification allows effective marginal costs to decline over

time and incorporates branch-level heterogeneity in investor sophistication and search

costs. Targeted moments include the frequency of commission adjustments, tail quantiles

of commissions, branch-level means and their covariances with trading volume, and the
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dispersion–client-tenure gradient. The estimated parameters are economically plausible

and reproduce the key cross-sectional and time-series patterns.

The estimated model lets us decompose the secular decline in commissions. Most of

the drop reflects shifts in investor composition and falling broker marginal costs. Al-

though the average number of brokers per city more than doubled, heightened competi-

tion slightly offset—rather than accelerated—the decline in fees, reinforcing that compe-

tition can backfire: it not only widens dispersion but also dampens reductions in average

fees.

The model also supports counterfactual analysis. In one exercise, we eliminate the

incumbent’s information advantage by revealing its current belief about an investor to

all rivals. With informational parity, the incumbent sets substantially lower markups—

especially for clients it perceives as savvy—to remain competitive. This underscores cross-

type externalities: while it is common in behavioral IO for naïve consumers to be exploited

(Grubb, 2015), our setting shows that savvy consumers are also penalized through pooling

with naïve consumers and the incumbent’s persistent information-based market power.

We also assess the fee-minimizing level of competition. The optimal number of bro-

kers is typically below observed levels, indicating over-entry rather than insufficient com-

petition. By contrast, investor education—raising the share of sophisticated investors—

consistently compresses markupsmarket-wide and yields larger fee reductions than plau-

sible changes in market structure. Thus, policies that enhance financial literacy may be

more effective than pro-entry interventions for lowering commissions, despite the latter’s

conventional appeal for financial inclusion.

2 Institutional Background and Descriptive Analysis

2.1 The Chinese Stock Brokerage Market

We study the retail brokerage market in China, which consists of about 100 brokerage

firms providing essentially identical services. These brokerages receive client orders and
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route them to either the Shanghai or Shenzhen Stock Exchange.¹ Both exchanges operate

centralized limit order books that match nearly all trades directly. Brokers charge a flat

commission proportional to the RMB transaction amount, subject to aminimumof 5RMB.

Commissions apply symmetrically to both buy and sell orders.

Brokerage firms typically charge different commission rates to different clients. At

account opening, they quote a fee rate that is often based on information provided in

the account application or during an initial meeting between the investor and an account

manager. Attentive investors who are aware of the fee structure may attempt to negotiate

this rate.

Brokerage firms do not publicly disclose their fee schedules. However, investors may

become aware that others are paying lower fees—either at the same firm or at compet-

ing firms. At any time, an investor can attempt to renegotiate their commission rate by

contacting the brokerage, typically via phone or an in-person visit. A common tactic is to

request a lower rate by threatening to transfer the account to another firm. The brokerage

then decides whether to accommodate the request and, if so, by how much. If the investor

remains unsatisfied, they can initiate an account transfer, a process that generally takes

one to two business days and is usually free of charge.

Until 2015, Chinese securities law prohibited investors from holding more than one

brokerage account. Even after the restriction was lifted, few investors opted to open a

second account. Over our eleven-year sample period, account disappearances are rare in

our brokerage data–fewer than 30,000 accounts, representing approximately 4% of the

full sample we describe next.²

Since May 1, 2002, Chinese regulations have capped commission rates at 30 basis

points (bps) and established a minimum equal to the combined fees levied by the China

¹Since 2014, retail investors have been able to trade certain stocks listed on the Hong Kong Stock Exchange
through the Shanghai-HongKong connect Program and the Shenzhen-HongKongConnect Program. How-
ever, these trades differ from those involving domestically listed stocks, particularly in fee structures, and
represent only a small share of total trading activity. We therefore exclude them from our analysis. The
third stock exchange in mainland China, the Beijing Stock Exchange, began operations on November 15,
2021, which falls outside our sample period.
²Accounts may disappear from our data for two reasons: either the investor ceases trading and cancels the
account, or the investor transfers the account to another broker. Our data do not allow us to distinguish
between these two scenarios.
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Securities Regulatory Commission (CSRC) and the relevant stock exchange. At the begin-

ning of our sample period, these regulatory fees totaled approximately 1.6 bps, declining

to 0.7 bps by the end.³ Brokerage firms collect these regulatory fees as part of the overall

commission and remit them to the CSRC and the exchanges.

2.2 Data and Descriptive Analysis

We analyze an account-level dataset from a brokerage firm in China. This dataset is simi-

lar in structure and scope to those used in prior research on Chinese investors (Feng and

Seasholes, 2004, 2005; Frydman and Wang, 2020; An et al., 2024), as well as to the U.S.

dataset analyzed by Odean (1998). The data originate from a medium-sized brokerage

with multiple branches across China. During our sample period, brokerage commissions

accounted for approximately 40% of the firm’s total revenue, which is typical for the in-

dustry in China.⁴

The dataset comprises three files: a trade file, a position file, and an investor de-

mographic file. Our sample period spans from January 2007 to December 2017. The

trade file records investor identifiers, trade timestamps, asset symbols, buy/sell indica-

tors, trade prices, share quantities, and–critically for our analysis–commission amounts

(denominated in RMB). The position file reports daily holdings for each account. The

demographic file includes basic investor characteristics, specifically age and gender. We

restrict our analysis to trades involving common stocks and exclude both short sales and

margin trading.

Table 1 reports summary statistics for the sample of over 700,000 investors. The aver-

age investor age is 45.17 years old, and 53.5% are male. As of December 2017–the end of

our sample period–the average account age is 9.72 years. The 75th percentile of account

age is 14.08 years, indicating that one-quarter of investors have remained with the broker

³The CSRC fee changed once during our sample period: it was 0.4 bps prior to January 1, 2012, and reduced
to 0.2 bps thereafter. Exchange fees also evolved. Before June 1, 2012, the Shanghai Stock Exchange charged
1.10 bps and the Shenzhen Stock Exchange charged 1.22 bps. Starting June 1, 2012, both exchanges adopted
a unified rate, which was subsequently adjusted to 0.87 bps on June 1, 2012, 0.696 bps on September 1,
2012, and 0.487 bps on August 1, 2015.
⁴To preserve anonymity, we do not disclose the precise number of investors served by the broker. The
reported empirical analysis is based on a randomly drawn sample. We verify that the results obtained
from the full dataset are quantitatively similar.
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for over 14 years. The median log portfolio size is 10.07, corresponding to approximately

23,600 RMB, highlighting the predominance of small investors. Nonetheless, more than

10% of investors hold portfolios exceeding 200,000 RMB. The average annual portfolio

turnover is 722.5%, consistent with the prior literature (e.g., Frydman and Wang 2020;

Liu et al. 2022).

The last row of the table summarizes commission rates as of December 2017. The

average rate is 14.43 basis points, with substantial cross-sectional dispersion: the standard

deviation is 10.69 bps, the 75th percentile is 28 bps, and the 25th percentile is 3 bps—

representing nearly a tenfold difference.

Relative to the overall market, our broker serves a disproportionately higher share of

small investors. According to the 2017 yearbook published by the Shanghai Stock Ex-

change, the distribution of investors by portfolio size is as follows: 55.28% hold less than

0.1 million RMB; 30.11% hold between 0.1 and 0.5 million; 7.23% hold between 0.5 and

1 million; 5.08% hold between 1 and 3 million; 1.58% hold between 3 and 10 million;

0.50% hold more than 10 million. In contrast, the corresponding shares in our brokerage

sample are 72.31%, 21.82%, 3.42%, 1.78%, 0.43%, and 0.11%, respectively.

We attribute this discrepancy to our broker’s branch network beingmore concentrated

in relatively underdeveloped regions. Importantly, as we will show later, our main results

remain qualitatively similar when we condition on portfolio size. This suggests that dif-

ferences in investor composition are unlikely to materially affect our conclusions.

Fig. 1 plots the average commission rates of investors in our sample (dotted line) from

2007 to 2017. For comparison, the figure also includes two benchmark series represent-

ing average commission rates in the broader market (solid and dashed lines). For the

brokerage firm in our dataset, we consider only commissions from stock trading.

To construct market-wide benchmarks, we collect total commission revenue for all

brokerage firms from the annual reports of the Securities Association of China. However,

this aggregate figure includes commissions from trading not only stocks but also other

securities such as funds, bonds, and options/warrants. As a result, we compute two ratios

to bound the market’s average stock commission rate: (1) total commissions divided by

total trading volume across all securities (solid line), and (2) total commissions divided
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by total stock trading volume (dashed line). These two ratios serve as upper and lower

bounds, respectively, for the market-wide average commission rate. As shown in Fig. 1,

the solid and dashed lines closely track each other–a pattern that is expected given that

stock trading accounted for approximately 93% of total trading volume on the exchanges

during our sample period.

The figure reveals a pronounced downward trend in commission fees over the sam-

ple period. The market average commission rate declined from approximately 15 basis

points in 2007 to 3 basis points in 2017. The average commission rate in our sample fol-

lowed a similar trajectory, falling from around 24 basis points to just above 5 basis points.

This decline likely reflects both falling order-handling costs and intensifying competition

among brokers. Notably, the brokerage in our sample consistently charges slightly higher

commission rates than the market average, likely due to its disproportionately large share

of small retail investors.

2.3 The Trend in China and the U.S.

Prior to 2002, the China Securities Regulatory Commission (CSRC) mandated a uniform

commission rate of 30 bps on stock trades. This fixed-rate regime ended on May 1, 2002,

when the CSRC deregulated commissions. Although the 30 bps ceiling remained in place,

brokers were thereafter allowed to negotiate rates with clients. Initially, however, only a

small fraction of clients received discounted commissions, as shown later in Fig. 2.

The first major wave of broad-based commission reductions occurred after the 2007–

2008 stock market boom and bust. As trading volumes declined and market activity

slowed, several major brokerage firms initiated a “commission war” to gain market share,

placing significant downward pressure on fees. A second wave followed the CSRC’s 2013

reform, which allowed investors to open brokerage accounts online. This regulatory shift

enabled brokerages to adopt aggressive digital marketing strategies, triggering another

sharp drop in commissions during 2014–2015. Both episodes coincide with sharp de-

clines in average commission rates shown in Fig. 1.

The evolution of brokerage commissions in China closely parallels developments in

the U.S., though on an earlier timeline. Prior to 1975, commissions in the U.S. were ef-
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fectively fixed. On May 1, 1975—commonly referred to as “Mayday”—the U.S. Securities

and Exchange Commission (SEC) abolished fixed commissions and required brokers to

negotiate fees with clients. This reform gave rise to discount brokers such as Charles

Schwab, which competed with full-service firms by focusing on low-cost execution rather

than research and advisory services. The proliferation of internet-based trading in the

1990s further compressed commissions by automating order flow and reducing over-

head. See Jones (2002) for a comprehensive historical overview of U.S. commission trends

through 1998. The most recent shift came with the emergence of zero-commission plat-

forms such as Robinhood, which forced established incumbents to adopt similar pricing

models (Schwarz et al., 2025).

The parallels between the two markets are notable. In both China and the U.S., com-

mission rates declined sharply in response to regulatory liberalization and technologi-

cal innovation. The CSRC’s 2002 deregulation mirrors the SEC’s 1975 reforms, while

the CSRC’s 2013 liberalization—by enabling online account openings and intensifying

competition—resembles the disruptive role played by Robinhood in theU.S.market. Nev-

ertheless, unlike in the U.S., commission rates in China have not yet reached zero.

Given the pronounced downward trend in commission, one might expect competition

to have simply driven fees down. Yet U.S. evidence shows that deregulation reduced av-

erage fees and increased dispersion. Following Mayday, studies by Schveineir and Smith

(1980), Tinic and West (1980), and Blum and Lewellen (1983) document that small trades

often faced higher commissions than before. Because small orders are more likely to be

placed by less sophisticated investors, these findings suggest that deregulation and com-

petition can lower overall costs while widening pricing heterogeneity. However, this issue

has not been examined systematically in the U.S. context. Our analysis fills this gap by

focusing on how competition affects commission dispersion in China.

3 Stylized Facts

In this section, we present several stylized facts about price discrimination in commission

fees. Specifically, we address the following questions: How significant is price discrim-
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ination in fees? Who is most affected? And how does the extent of price discrimination

evolve over the course of the investor–broker relationship? These facts provide key in-

sights that inform the construction of our model.

3.1 Dispersion of Commission Rates

Thedispersion in commission rates reflects price discrimination amongdifferent investors.

In Fig. 2, we present the distribution of commission rates across investors. To calculate

the commission rate for each investor in a given month, we use their trades during that

month, excluding trades with a commission of 5 RMB, the regulatory floor for commission

fees.

Panel A includes all investors, while Panel B focuses on new investors—defined as

those who opened an account within that month. For each month, we report several per-

centiles of commission rates across investors, including the 1%, 5%, 10%, 25%, 50%, 75%,

90%, 95%, and 99% percentiles. Additionally, we show the regulatory upper and lower

bounds. The upper bound is 30 bps, while the lower bound equals the sum of the CSRC

fee and the exchange fee.

Two major observations emerge from Fig. 2. First, it is evident that different investors

pay significantly different commission rates. At the beginning of our sample period, the

majority of investors paid 30 bps, the highest allowable rate. By the end of our sample

period, about a quarter of investors were still paying this maximum rate, while the first

percentile of commission rates had dropped to approximately 2.5 bps–less than 10% of

the highest allowable rate.

Restricting the analysis to new accounts reduces the dispersion, but does not eliminate

it. For example, at the end of the sample period, some new investors were still paying the

highest rate, and the median rate (5 bps) remained double the first percentile.

Second, commission rates are consistently higher than the lowest allowable commis-

sion rate, which equals the fees charged by the CRSC and the exchanges. Since all orders

are submitted to exchanges electronically, it is reasonable to assume that the marginal

cost of submitting an order is equal to these fees. The fact that commission rates exceed

this lower bound suggests that competition does not drive brokers to a race to the bottom.
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Instead, Chinese brokers maintain substantial markups.

Anecdotally, most brokers consider an investor’s portfolio size and trading volume

when setting commission rates. This is because larger accounts typically make larger

trades, generating more fees. In Fig. 3, we present the distribution of commission rates

based on an investor’s portfolio size or trading volume. To stratify investors, we use the

average month-end portfolio size and the average monthly trading volume over the pre-

vious six months. For portfolio size (or trading volume), we divide the sample into three

groups using cutoff points of 0.2 million and 0.5 million.

As expected, investors with bigger portfolios or higher trading volumes tend to pay

lower commission rates, as reflected in smaller percentile values. However, even among

investors with similar portfolio sizes or trading volumes, there remains significant dis-

persion in commission rates. This suggests that the observed variation in rates cannot be

attributed to differences in investor size or trading intensity.

These results are difficult to reconcile with simple competition models. Chinese bro-

kers route orders directly to exchanges, offering a highly homogeneous service. Themarginal

cost of routing orders is minimal, aside from regulatory fees. Under such conditions, one

might expect competition to eliminate both dispersion and markups, with brokers charg-

ing rates close to the regulatory minimum. However, the data clearly does not support

this expectation.

3.2 Naivete-based Discrimination

We now examine whether brokers charge higher commissions to less sophisticated in-

vestors. We first explore how the initial rate set for new accounts varies with investor

characteristics. Table 2 reports regressions of the initial commission rate on age, gender,

portfolio size, and the investor’s home-city GDP per capita,⁵ with year–month fixed ef-

fects. Initial rates are lower for older investors, those with larger portfolios, and those

from higher-GDP regions, and are higher for males.⁶ Interpreting age, portfolio size and

⁵Our data do not record investors’ residences, so we proxy location with the city of account opening, as most
investors open accounts at local branches.
⁶The commission rate is subject to a regulatory cap of 30 bps, and a substantial share of investors—especially
early in the sample—pay this maximum (see Figure 2). Any rate below 30 bps therefore constitutes a
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home-city GDP per capita as proxies for sophistication, the patterns are consistent with

brokers charging higher rates to less sophisticated clients.

Furthermore, we specifically measure investor sophistication using a standard set of

prominent behavioral patterns in trading that have been well-documented in the finance

literature (Barberis and Thaler, 2003; Barber and Odean, 2013; Liu et al., 2022). These

biases include the disposition effect, lottery preference, under-diversification, local bias,

extrapolation, and the rank effect. Since these patterns are generally considered subopti-

mal and most evidence suggests they negatively impact investor performance, we refer to

them as biases, following the finance literature. An investor exhibiting a higher degree of

these biases is deemed less sophisticated. Details on the computation of these measures

are provided in Appendix IA.1.

We present the summary statistics of the aforementioned biases and the initial com-

mission rates in Table 3, where each observation corresponds to an individual investor.

The variable IniRate represents the initial commission rate assigned to an investor, mea-

sured in basis points. Our analysis explores the relationship between this initial rate and

the behavioral biases exhibited by investors. Specifically, we analyze whether the ini-

tial commission rate set by brokers can predict the biases displayed by investors in their

subsequent trading behavior.

Biases are measured for each investor individually. The last row of Table 3 reports the

summary statistics for a composite bias measure. This composite measure is constructed

by averaging the discretized percentile ranks (ranging from 1 for the lowest to 100 for

the highest) of the six behavioral bias variables. If a bias is missing for an investor, the

composite measure is calculated by averaging across the remaining non-missing bias vari-

ables. To ensure accurate measurement, biases are calculated using data from the second

month after an investor opens their account through the end of the sample period.⁷ Con-

sistent with prior literature, our sample investors exhibit strong behavioral biases.

discount. One may view pricing as a two-step decision: (i) whether to grant a discount (extensive margin)
and (ii) conditional on granting one, the size of the discount (intensive margin). Table IA.1 shows that
investor demographics are associated with both margins in patterns similar to those in Table 2.
⁷Our results are robust to alternativemeasurement windows: biases calculated using data from the first year
(or the first two years) after account opening yield similar findings. These robustness results are reported
in Tables IA.2 and IA.3 in the Internet Appendix.
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Table 4 reports the regressions, where the unit of analysis is an investor. The depen-

dent variables are the investor biases discussed earlier, and the key independent variable

is IniRate. All regressions include year-month fixed effects and branch fixed effects, with

standard errors clustered by year-month. Panels A and B differ in their control variables.

Specifically, we control for portfolio size, investor age, and gender. Portfolio size is mea-

sured using data from the month immediately following account opening (i.e., month

𝑡 + 1).

The results show that, for all biases except local bias and extrapolation, the coefficients

on IniRate are highly significantly positive in both panels. For local bias or extrapolation,

however, the coefficients on IniRate are statistically insignificant. Overall, the results in

Table 4 support the hypothesis that brokers charge higher commission rates to less so-

phisticated investors.⁸

3.3 Evolution of Commission Fees

As noted earlier, there is a clear downward trend in commission fees during the sam-

ple period. It is reasonable to hypothesize that the fee rate for each investor decreases

over time. Specifically, given an initial fee rate, the fee rate is expected to decline as

the broker-investor relationship lengthens. Moreover, since sophisticated investors have

lower search costs and greater bargaining power with brokers, we anticipate a steeper de-

cline in fee rates over time for sophisticated investors compared to their less sophisticated

counterparts.

We first test the prediction that commission rates decline more for sophisticated in-

vestors. To do so, we compare changes in commission rates within cohorts. Specifically,

we group investors who open their accounts in the same month as a cohort and track each

cohort from the month they open their accounts until the end of our sample period. As

discussed earlier, investors rarely disappear from our data, resulting in minimal sample

attrition when tracking investors over time. For each investor, we use their first year of

⁸In Table IA.4, we re-specify the analysis using two variables tied to the 30 bps cap: (i) a discount indicator
(1 if the initial rate < 30 bps) and (ii) the discount size (30 bps − initial rate). Both the extensive margin
(granting a discount) and the intensive margin (discount size) predict subsequent behavioral biases.
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trading to estimate their biases, as defined in Appendix IA.1. Within each cohort, we sort

investors into two groups based on the median value of their composite bias measure, as

defined in Table 3.

Fig. 4a illustrates the dynamics of commission rates for both groups of investors. For

each cohort, we calculate the percentage change in average commission rates relative to

the initial rates within each group. The reported values represent the averages across all

cohorts. Alongside the percentage changes for both groups, we also display the difference

between the two groups, with the scale for this difference shown on the right 𝑦-axis.

Fig. 4a shows that commission rates have declined for both groups, consistent with

the trends observed in Fig. 1. Ten years after account opening, commission rates decrease

by 40% for the less sophisticated group and 46% for the more sophisticated group. Ad-

ditionally, the line representing the differences indicates a steady widening between the

two groups over time.⁹ In Table IA.5 of the Internet Appendix, the widening gap between

the two groups over time is explained by two forces: (i) sophisticated investors renego-

tiate more frequently (the extensive margin), and (ii) conditional on renegotiation, they

obtain larger reductions in commission rates (the intensive margin). Figure IA.2 of the

Internet Appendix further shows that the intensive margin effect is present across nearly

all one–basis-point bins of the pre-change commission rates.

The results indicate that, compared to less sophisticated investors, more sophisticated

investors not only start with lower commission rates but also receive greater downward

adjustments over time. Consequently, we expect the dispersion of commission rates to

increase over time.

Fig. 4b illustrates the dynamics of this dispersion. For each cohort and each month,

we calculate the dispersion as the cross-sectional standard deviation of commission rates,

scaled by themean commission rate. The scaling ensures comparability across time, given

the downward trend in average commission rates (see Fig. 1). For each cohort, we then

compute the percentage change in dispersion since account opening. Finally, we group all

⁹As an alternative approach, we compute the ratio between the two groups. The results, presented in
Fig. IA.1 of the Internet Appendix, show that the ratio is less than one in the first month, indicating that
less sophisticated investors face higher commission rates at account opening. This finding aligns with the
results in Table 4. Over time, the ratio decreases from 0.95 to 0.87.
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cohorts by eventmonth, setting themeasure to zero for the first month. Fig. 4b reports the

averages across cohorts, alongwith the 95%confidence intervals. The figure reveals a clear

upward trend, indicating that the dispersion in commission rates increases as investors

remain with the broker for longer periods.

Overall, our findings reveal that commission rates for more sophisticated investors

decline more significantly over time compared to those for less sophisticated investors.

This greater decline likely reflects a stronger awareness of commission fees, more active

search efforts, and greater bargaining power among sophisticated investors. However,

despite the larger decline in fees for sophisticated investors, the magnitude of the dif-

ference is modest—46% versus 40% after more than 10 years—across the more and less

sophisticated groups. This suggests that even for sophisticated investors, an initially high

fee may not be easily bargained down.

Fig. 2a highlights this observation even more clearly. While the lower percentiles of

all accounts—such as the 1st and 5th percentiles—experienced significant declines from

2007 to 2017, they remained well above the regulatory lower bound. This demonstrates

that even the most sophisticated accounts in our sample were unable to bargain their fee

rates down to the minimum.

4 Model

In this section, we introduce a model that captures the stylized facts outlined in Section 3.

Specifically, the model seeks to reconcile the following observations: (1) Brokers offer dif-

ferent commission rates to different investors, with rates consistently exceeding marginal

costs (Fig. 2a); (2) Investors who trade more frequently tend to benefit from lower com-

mission rates (Fig. 3); (3) Brokers charge higher commission rates to less sophisticated

investors (Table 4); (4) Over time, commission rates decline more rapidly for sophisti-

cated investors compared to their less sophisticated counterparts (see Fig. 4a). However,

even sophisticated investors are unable to bargain their commission rates down to the

minimum, even after an extended period (Fig. 2a).

Our model extends the classic oligopolistic pricing framework of Stahl (1989) by in-
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corporating investor heterogeneity, dynamic broker learning, and repeated renegotiation

between brokers and investors. Investors differ in their levels of sophistication, captured

by their search costs for switching to an alternative broker. While brokers cannot directly

observe an investor’s true type, they gradually infer it through repeated interactions over

time–unlike the static, one-shot environment in Stahl (1989).

In equilibrium, brokers strategically offer lower commission rates to investors per-

ceived as sophisticated and higher rates to those perceived as naive. As a result, our so-

lution concept is a Bayesian Nash equilibrium rather than Stahl’s mixed-strategy equi-

librium. In our framework, price dispersion arises endogenously from heterogeneity in

brokers’ beliefs about investor sophistication, rather than from strategic randomization.

The model also highlights a novel form of information asymmetry that emerges en-

dogenously from long-term relationships. Incumbent brokers gain a deeper understand-

ing of their existing investors’ types through repeated interactions. As a result, even after

fully learning an investor’s type, an incumbent broker need not offer competitive rates

to sophisticated investors, knowing that competitors cannot accurately identify them as

such.

4.1 Model Setup

There are two types of investors: smart investors (denoted by 𝑠) and naive investors (de-

noted by 𝑑). Themarket consists of 𝑛+1 brokers, all of whom serve both types of investors

and are ex ante homogeneous. These brokers provide identical services and share the same

marginal cost 𝑀𝐶 for executing orders for any investor. Our analysis focuses on a repre-

sentative broker, referred to as “incumbent broker”, while treating the other 𝑛 brokers as

competitors. By symmetry, all brokers adopt the same equilibrium strategies.

New investors enter the market according to a Poisson process with constant rate 𝜆𝑖𝑛,

while each existing investor exits the market (i.e., ceases trading altogether) at a constant

Poisson rate 𝜆𝑜𝑢𝑡. It is publicly known that a portion 𝜋̄ of new entrants are smart, while

the remaining (1 − 𝜋̄) are naive. These entry and exit dynamics give rise to a steady-state

distribution of market participants, which is the focus of our model.

We study the tenure of an investor with a particular broker and denote it by the time
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variable 𝑡 ∈ [0,∞). At 𝑡 = 0, when an investor first approaches the broker, the broker

offers a personalized commission quote. The investor accepts and commits to the broker

if the quoted rate does not exceed her reservation price; otherwise, she continues to search

for quotes from alternative brokers.

We emphasize that the two types of investors differ in their search costs for brokers.¹⁰

Specifically, each type of investors has a reservation price for commissions:

𝑟𝑠 < 𝑀𝐶 < 𝑟𝑑,

where 𝑟𝑠 applies to smart investors and 𝑟𝑑 to naive investors. The difference in their reser-

vation prices ultimately reflects the variation in their search costs.¹¹

To make the analysis more compelling, we assume 𝑟𝑠 < 𝑀𝐶, which implies that smart

investorswill always continue searching for an alternative broker as long as the incumbent

does not offer the minimum rate of 𝑀𝐶. Consequently, a smart investor will eventually

seek quotes from all brokers before committing to the one offering the lowest rate. In

contrast, our assumption 𝑀𝐶 < 𝑟𝑑 suggests that naive investors may stop searching for

an alternative broker if the incumbent offers a rate lower than 𝑟𝑑.¹²

Intuitively, both reservation prices decrease with the per-unit-of-time trading flow 𝑞,

as investors who trade more frequently are more motivated to secure competitive rates.

Since 𝑞 is an investor characteristic that brokers can easily observe (e.g., through account

size), we treat 𝑟𝑑 and 𝑟𝑠 as exogenous parameters in our model, publicly known to the

investor and brokers. In our quantitative analysis, we parameterize the reservation price

¹⁰In line with the tradition in the price-dispersion literature, we model search costs as the key behavioral
friction. The insights extend to settings with heterogeneous investors: an equivalent formulation features
one type that is highly informed about commission rates and searches across brokers, and another whose
awareness is more limited and treats fees at or below 𝑟𝑑 as roughly equivalent.

¹¹As demonstrated in the data, there is a downward trend in 𝑀𝐶 over time. In the model, we treat 𝑀𝐶 as
exogenous and normalize it to remain constant. However, in the quantitative analysis, we model 𝑀𝐶 as a
deterministic function that decreases over time.

¹²Note that when 𝑟𝑑 < 𝑀𝐶, brokers cannot sustain an equilibriumwhere naive investors do not search, lead-
ing the market to revert to a competitive benchmark characterized by Bertrand competition. Conversely,
when 𝑟𝑠 > 𝑀𝐶, brokers can set a price at which both smart and naive investors choose not to search, re-
sulting in the paradoxical scenario analyzed by Diamond (1971), where brokers impose monopoly pricing
on all investors. In either case, both types of investors are treated identically. Therefore, we focus on the
more interesting case of 𝑟𝑠 < 𝑀𝐶 < 𝑟𝑑 , where smart and naive investors are treated differently, providing
an explanation for the observed price discrimination in the data.
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of naive investors as a decreasing function of 𝑞:

𝑟𝑑 = 𝑀𝐶 + 𝐴𝜅
𝑞1−𝑚 , (1)

where 𝜅 > 0 is a constant representing base level search cost, 𝐴 > 0 is a constant repre-

senting market environment, and 𝑚 ∈ [0, 1] is the load on trading volume. We provide a

micro-foundation of this parameterization in Appendix IA.2.

After opening an account with a broker, an investor may periodically pay attention to

the commission rate at a Poisson rate 𝛼, which is identical for both types of investors.¹³

Upon paying attention, the investor initiates a process to renegotiate the commission rate

with the broker by requesting a new quote. If dissatisfied with the quote, the investor may

seek competing quotes from other brokers and ultimately move her account to the broker

offering the lowest quote.

4.1.1 Information Structure

Our model features a key information asymmetry between the incumbent and competing

brokers regarding an investor’s type. While all brokers symmetrically receive a noisy sig-

nal about a new investor’s type when providing a quote, the situation differs for existing

investors (those already in the trading stage). The incumbent broker gains an informa-

tional advantage by continuously observing the investor’s trading record up to the current

time 𝑡. In contrast, a competing broker can only obtain a limited and opaque signal during

their first interaction with the investor. Additionally, we assume that competing brokers

cannot distinguish between old and new investors when responding to a request for a

quote.

We define the type of an investor as 𝜃 = 1 if the investor is smart, and 𝜃 = 0 if the

investor is naive. The type 𝜃 is unobservable to any broker. We assume that an incumbent

broker observes a stream of information about 𝜃:

𝑑𝑦𝑗𝑡 = 𝜃𝑑𝑡 + 𝜎𝑑𝑊𝑗𝑡,

¹³This assumption of equal attention rates simplifies the model derivation, even though smart investors
typically renegotiate more frequently and secure larger fee reductions each time.
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where 𝑊𝑗𝑡 is a Brownian motion representing signal noise, and 𝜎 > 0 indicates the mag-

nitude of the noise. With this continuous flow of signals, the broker’s inference of the

investor’s type improves over time. We define the broker’s conditional belief at time 𝑡

about 𝜃 as

𝜋𝑗𝑡 = Pr⒧𝜃 = 1|{𝑦𝑗𝑠, 𝑠 ≤ 𝑡)}⒭ ∈ [0, 1],

where the subscript 𝑗 refers to broker 𝑗. In this setting, the incumbent broker observes the

information flow up to time 𝑡.

When a new investor arrives at the 𝑡 = 0, we assume that each broker has a brief initial

interaction with the investor to learn their type, which contributes an additional 𝑡0 time

of signals. Equivalently, one may assume each investor arrives at 𝑡 = −𝑡0, but broker

offers the initial quote at 𝑡 = 0. 𝑦𝑗𝑡 over the period from −𝑡0 to 0 before responding to a

quote request. A shorter observation period 𝑡0 implies that brokers’ information about a

new investor’s type is noisier. When an existing investor seeks a quote from a competing

broker, the contacted broker cannot distinguish the old investor from a new one. As a

result, the competing broker obtains a noisy signal equivalent to that for a new investor,

with the quality of the information determined by the length of the initial interaction 𝑡0.

For this binary statewith continuous information flow andGaussian noise, the optimal

filter is the Wonham filter (Wonham, 1964; Hansen, 2007), which updates over time as

follows:

𝑑𝜋𝑗𝑡 =
𝜋𝑗𝑡(1 − 𝜋𝑗𝑡)

𝜎2 ⒧𝑑𝑦𝑗𝑡 − 𝜋𝑗𝑡𝑑𝑡⒭. (2)

Here, the term (𝑑𝑦𝑗𝑡−𝜋𝑗𝑡𝑑𝑡) represents the innovation derived from themost recent signal.

The factor 𝜋𝑗𝑡(1 −𝜋𝑗𝑡) implies that learning is most sensitive to new information when the

broker’s belief about the investor type is more uncertain (i.e. 𝜋𝑗𝑡 near 0.5).

Before the initial interaction, brokers hold a common perceived prior, 𝜋̃, on the proba-

bility that an searching investor is smart. This prior differs from the smart entrant fraction

𝜋̄, since investors who switch brokers are necessarily smart, creating a selection effect.

Formally, brokers’ perceived prior is

𝜋̃ = 𝜆𝑖𝑛

𝜆𝑖𝑛 + 𝜆𝑠𝑤 𝜋̄ + 𝜆𝑠𝑤

𝜆𝑖𝑛 + 𝜆𝑠𝑤 ,

20



where

𝜆𝑠𝑤 = 𝑛
𝑛 + 1

𝜆𝑖𝑛

𝜆𝑜𝑢𝑡 𝜋̄𝛼 =∶ 𝐶(𝑛, 𝛼, 𝜆𝑜𝑢𝑡)𝜆𝑖𝑛𝜋̄.¹⁴

Here, 𝜆𝑠𝑤 denotes the flow rate of switching investors, obtained as the product of the total

stock of investors at other firms 𝑛
𝑛+1

𝜆𝑖𝑛

𝜆𝑜𝑢𝑡 , their probability of being smart 𝜋̄, and the rate of

renegotiation 𝛼. Brokers always begin the learning process from this common perceived

prior. For simplicity, we adopt brokers’ perceived prior 𝜋̃ as a key primitive parameter in

future quantification exercises.¹⁵

The stochastic differential equation (SDE) for 𝜋𝑗𝑡 can be linearized via a change of

variables, implying that 𝜋𝑗𝑡 follows a logistic-normal distribution. Let 𝑥𝑗𝑡 = ln ⒧ 𝜋𝑗𝑡
1−𝜋𝑗𝑡 ⒭ and

̃𝑥 = ln ⒧ 𝜋̃
1−𝜋̃ ⒭. By Ito’s Formula,

𝑑𝑥𝑗𝑡 = − 1
2𝜎2 ⒧𝜃 − 1

2⒭ 𝑑𝑡 +
1
𝜎𝑑𝑊𝑗𝑡

This means that

𝑥𝑗𝑡 ∼
⎧⎪⎪⎪
⎨⎪⎪⎪
⎩

𝑁 ⒧ ̃𝑥 − 𝑡+𝑡0
2𝜎2 , 𝑡+𝑡0𝜎2 ⒭ if 𝜃 = 0,

𝑁 ⒧ ̃𝑥 + 𝑡+𝑡0
2𝜎2 , 𝑡+𝑡0𝜎2 ⒭ if 𝜃 = 1.

Thus, 𝜋𝑡 = 𝑒𝑥𝑗𝑡
1+𝑒𝑥𝑗𝑡 follows a logistic normal distribution conditional on the investor’s type.

We denote this distribution as 𝐹𝑠 and 𝐹𝑑 for smart and naive investors, respectively.

4.1.2 Broker’s Problem

When faced with a quote request from an investor—whether a new investor seeking an

initial quote or an existing account holder—the broker bases its quote on its belief 𝜋 about

the investor’s type. The broker anticipates that a naive investor will not seek competing

offers as long as its quote remains below the naive investor’s reservation price, 𝑟𝑑.¹⁶ In

contrast, the broker expects a smart investor to seek competing offers from the other 𝑛

¹⁴It is straight forward to see that 𝜋̄ = 𝜋̃
1+𝐶(𝑛,𝛼,𝜆𝑜𝑢𝑡)(1−𝜋̃) , where 𝐶(𝑛, 𝛼, 𝜆𝑜𝑢𝑡) = 𝑛

𝑛+1
𝛼

𝜆𝑜𝑢𝑡 .
¹⁵While 𝜋̃ is in general larger than 𝜋̄, the two parameters 𝜋̃ and 𝜋̄ are highly correlated and can correspond
to one another through a one-on-one mapping. Our results will be robust to either specification.

¹⁶Note that brokers never offer a price higher than 𝑟𝑑(𝑞), in which case even naive investors would seek com-
peting quotes. Such a quote would be strictly suboptimal and never attract any investors in equilibrium,
as discussed in Stahl (1989).
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brokers.

Each time a smart investor approaches a broker, the broker receives a new signal about

her type, influencing the quote she is offered. Consequently, each broker understands

that the probability of retaining a smart investor depends on the quoted price 𝑝. While a

higher price reduces the probability of retaining the investor, it increases the payoff if the

investor is retained, creating a trade-off the broker must consider.

Given a broker’s belief 𝜋 for an investor to be smart, the expected value of the investor

to the broker is

𝑉(𝑝; 𝜋) = 𝔼𝜋 
∞

0
𝑒−(𝜌+𝜆

𝑜𝑢𝑡)𝑡 (𝑝(𝑡) − 𝑀𝐶) 𝑞 𝑑𝑡 𝑝(0) = 𝑝 , (3)

where 𝑝 is the commission rate, 𝜌 is the broker’s discount rate, and 𝜆𝑜𝑢𝑡 is the investors’

exit rate.¹⁷ For simplicity, we let ̃𝜌 = 𝜌 + 𝜆𝑜𝑢𝑡 in future presentation.

The broker’s problem is to offer a price 𝑝 that maximizes its expected payoff:

max
𝑝

𝑉(𝑝; 𝜋𝐴(𝜋))(1 − 𝜋) + 𝜋⒧1 − 𝐺𝑠(𝑝)⒭
𝑛. (4)

In this expected payoff, 𝑉(𝑝; 𝜋𝐴(𝜋)) represents the broker’s expected payoff conditional

on the investor being retained. Note that 𝜋𝐴(𝜋) is the Bayesian updated belief after the

investor accepts the offer, which signals that the investor is more likely to be naive.¹⁸

Specifically,

𝜋𝐴(𝜋) =
𝜋⒧1 − 𝐺𝑠(𝑝)⒭

𝑛

1 − 𝜋 + 𝜋⒧1 − 𝐺𝑠(𝑝)⒭
𝑛 ≤ 𝜋.

The terms in the bracket capture the probability of the investor being retained: the

term 1 − 𝜋 represents the probability the investor is naive and thus being retained, while

the term 𝜋⒧1−𝐺𝑠(𝑝)⒭
𝑛
represents the probability that the investor is smart and the broker’s

¹⁷Let 𝜏 be the survival time of the investor in the stock market. Note that

𝔼 𝑒−𝜌𝑡1{𝜏≥𝑡} = 𝑒−𝜌𝑡 Pr(𝜏 ≥ 𝑡) = 𝑒−(𝜌+𝜆
𝑜𝑢𝑡)𝑡,

with 𝜏 following a Poisson distribution.
¹⁸Our setting exhibits a ‘winner’s blessing’ rather than the familiar ‘winner’s curse.’ Because naive investors
are present, acceptance is negatively correlated with sophistication: the posterior share of smart types
among acceptors satisfies 𝜋𝐴(𝜋) ≤ 𝜋. Adverse selection is therefore not our central concern.
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quote 𝑝 is lower than the investor’s competing offers from the other 𝑛 brokers. Specifi-

cally, 𝐺𝑠(𝑝) is the distribution of competing quotes from other brokers, conditional on the

investor is smart.¹⁹

Given the distribution of competing quotes from other brokers 𝐺𝑠, this problem deter-

mines each broker’s optimal strategy based on its belief about the investor’s type, 𝜋. We

seek a symmetric Bayes-Nash Equilibrium (BNE) at the steady state of the dynamic sys-

tem, where all brokers adopt the same strategy, 𝑝 = 𝜙(𝜋), which is monotonically decreas-

ing. This strategy, in turn, determines the quote distribution 𝐺𝑠, satisfying a fixed-point

condition.

From the perspective of a smart investor, each time she approaches a new broker, the

broker’s belief is a new random draw from the distribution 𝐹𝑠. Combining this distribu-

tion with the brokers’ equilibrium quote strategy, 𝑝 = 𝜙(𝜋), yields

𝐺𝑠(𝑝) = 𝐺𝑠⒧𝜙(𝜋)⒭ = 1 − 𝐹𝑠(𝜋).

This equation implies that, in equilibrium, the probability of a competing quote being

lower than the current broker’s quote is equivalent to the probability that the compet-

ing broker’s belief is higher than the current broker’s belief, 𝜋. This equation further

implies:²⁰

𝐺′
𝑠(𝑝) = − 𝑓𝑠(𝜋)

𝜙′(𝜋).

Differentiating the expected payoff in Eq. (4) with respect to 𝑝 and evaluating it at

𝑝 = 𝜙(𝜋), the first-order condition is

⒧𝑉𝑝(𝑝; 𝜋𝐴(𝜋)) + 𝑉𝜋𝐴(𝑝; 𝜋𝐴(𝜋))
𝜕𝜋𝐴
𝜕𝑝 ⒭ 1 − 𝜋 + 𝜋⒧1 − 𝐺𝑠(𝑝)⒭

𝑛

= 𝜋 𝑛⒧1 − 𝐺𝑠(𝑝)⒭
𝑛−1𝐺′

𝑠(𝑝)𝑉(𝑝; 𝜋𝐴(𝜋)). (5)

¹⁹If the buyer is naive, then the buyer would not search for the competitor pricing at all, so the competitor’s
price distribution when the buyer is naive 𝐺𝑑 , does not matter for the outcome.

²⁰This is derived by applying chain rule:

𝐺′
𝑠(𝑝) =

𝑑𝐺𝑠(𝑝)
𝑑𝑝 = 𝑑𝐺𝑠(𝜙(𝜋))

𝑑𝜋
𝑑𝜋

𝑑𝜙(𝜋) =
𝑑(1 − 𝐹𝑠(𝜋))

𝑑𝜋
𝑑𝜋

𝑑𝜙(𝜋) = − 𝑓𝑠(𝜋)
𝜙′(𝜋) .
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Importantly, in equilibrium, themonotonicity of the function𝜙 ensures a one-to-onemap-

ping between the quote strategy and the broker’s belief.

We can substitute these into the first order condition and, after rearranging, obtain

a differential equation for the quote strategy. This equation resembles an initial value

problem:²¹

𝜙′(𝜋) + 𝐻(𝜋) 
𝑉 + (1 − 𝜋𝐴)𝑉𝜋𝐴

𝑉𝑝


(𝜙(𝜋),𝑀𝐶;𝜋𝐴(𝜋))
= 0, 𝜙(0) = 𝑟𝑑, (6)

where we define the characteristics function:

𝐻(𝜋) = 𝑛𝐹𝑛−1
𝑠 (𝜋) 𝜋𝑓𝑠(𝜋)

1 − 𝜋 + 𝜋𝐹𝑛
𝑠 (𝜋)

> 0.

The boundary condition 𝜙(0) = 𝑟𝑑 ensures that when the investor is surely naive, the

broker quotes a fee rate 𝑟 to make the investor indifferent from seeking other quotes.

Given the broker’s pricing strategy, it is straightforward to derive the expected value

of an investor to the broker by converting Eq. (3) to a Hamilton-Jacobian-Bellman (HJB)

Equation:

̃𝜌𝑉(𝑝; 𝜋) =(𝑝 − 𝑀𝐶)𝑞
flow payoff

+ (𝜋
2(1 − 𝜋)2
2𝜎2

𝜕2𝑉(𝑝; 𝜋)
𝜕𝜋2

belief diffusion

(7)

+ 𝛼 [𝑉(𝜙(𝜋); 𝜋𝐴(𝜋))(1 − 𝜋 + 𝜋𝐹𝑛
𝑠 (𝜋)) − 𝑉(𝑝; 𝜋)]

jump upon renegotiation

.

The broker’s subjective discount rate, 𝜌, and the exit rate, 𝜆𝑜𝑢𝑡 determines that the value

function 𝑉(𝑝; 𝜋) should appreciate by (𝜌+𝜆𝑜𝑢𝑡)𝑉 over any time interval 𝑑𝑡, as given by the

²¹Note that

𝜕𝜋𝐴
𝜕𝑝 = −𝜋(1 − 𝜋)𝑛(1 − 𝐺𝑠(𝑝))𝑛−1𝐺′

𝑠(𝑝)
[1 − 𝜋 + 𝜋(1 − 𝐺𝑠(𝑝))𝑛]2

= 𝜋(1 − 𝜋)𝑛𝐹𝑠(𝜋)𝑛−1𝑓𝑠(𝜋)
[1 − 𝜋 + 𝜋𝐹𝑠(𝜋)𝑛]2𝜙′(𝜋) =

𝐻(𝜋)
𝜙′(𝜋)

1 − 𝜋
1 − 𝜋 + 𝜋𝐹𝑠(𝜋)𝑛

= 𝐻(𝜋)(1 − 𝜋𝐴(𝜋))
𝜙′(𝜋) .

Plug this into Eq. (5) and rearrange the terms, we get

𝑉𝑝 + 𝑉𝜋𝐴

𝐻(𝜋)(1 − 𝜋𝐴)
𝜙′(𝜋) = −𝐻(𝜋) 𝑉

𝜙′(𝜋) ⇒ 𝜙′(𝜋)𝑉𝑝 + 𝐻(𝜋)𝑉 + (1 − 𝜋𝐴)𝑉𝜋𝐴  = 0.
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left-hand side of the HJB equation.

The terms on the right-hand side represent the expected fluctuations. After retaining

an investor, for any time interval 𝑑𝑡, the incumbent broker receives the payoff flow (𝑝 −

𝑀𝐶)𝑞𝑑𝑡, as captured by the first term.

The broker also observes the information flow 𝑦𝑡𝑑𝑡, leading to an update of the broker’s

belief about the investor’s type. Under the optimal filter rule Eq. (2), the belief 𝜋 follows a

diffusion process. Since it is amartingale, only the diffusion term enters the value function

after applying Ito’s Lemma, as captured by the second term.

During the time interval 𝑑𝑡, the investor has a 𝛼𝑑𝑡 chance of paying attention to com-

missions. Upon this, she initiates a negotiation process by requesting a new quote, and the

incumbent broker responds with a new price. There is a probability of (1 −𝜋 +𝜋𝐹𝑛
𝑠 (𝜋)) of

retaining the investor. Probability 1 − 𝜋 corresponds to the investor being naive and thus

always retained. Probability 𝜋 corresponds to the investor being smart, seeking compet-

ing offers from other brokers, and having a 𝐹𝑛
𝑠 (𝜋) probability of being retained. Together,

these considerations form the jump term when the investor pays attention.

4.1.3 Equilibrium

The equilibrium in this model satisfies the following conditions:

• Investor Search Decisions: Investors seek quotes from brokers based on their re-

serve prices and accept the lowest quote they receive.

• Brokers’ Learning: Brokers optimally infer investor types from the signals they

observe.

• Brokers’ Pricing Strategy: Brokers optimally respond to investors’ requests for

quotes based on their dynamic profit maximization and their belief about investor

types.

Equations (6) and (7) jointly determine a representative broker’s pricing strategy and

value function. Standard dynamic programming arguments ensure the existence and

uniqueness of the value and policy functions.
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To facilitate our analysis, we normalize the broker’s pricing strategy by the potential

markup 𝑟𝑑 −𝑀𝐶:

𝜇(𝜋) ≡ 𝜙(𝜋; 𝑟𝑑) − 𝑀𝐶
𝑟𝑑 −𝑀𝐶

.

Here, 𝜇 represents the percentage realization of potential markup by the current price.

We conjecture that the value of the investor to the broker consists of two components:

𝑉(𝑝; 𝜋) = 1
̃𝜌 + 𝛼(𝑝 −𝑀𝐶)𝑞


value from current price

+ 𝑣(𝜋)(𝑟𝑑 −𝑀𝐶)𝑞


value from fees after renegotiation

. (8)

The first component represents the expected value from the current price 𝑝, which will be

reset once the investor becomes attentive to commission fees. This value is discounted at a

rate equal to the broker’s discount rate 𝜌 plus the rate at which the investor becomes atten-

tive 𝛼. The second term captures the expected value after the investor becomes attentive

and the price is renegotiated. We anticipate this term to be independent of the current

price 𝑝 and to depend solely on the broker’s belief about the investor’s type. Thus, we

specifies 𝑣 as a function of 𝜋 that does not depend on the current price 𝑝.

Intuitively, 𝑣(𝜋) is positive because the broker expects to retain the investor with a

positive probability. However, 𝑣(𝜋) decreases with 𝜋, as the future price is expected to be

lower when the investor is more likely to be sophisticated.

Plugging 𝜇(𝜋) and 𝑣(𝜋) into the original Eq. (6) and Eq. (7), we can eliminate the vari-

ables 𝑝, 𝑟𝑑, 𝑞 on both sides and obtain the following equations for (𝜋) and 𝜇(𝜋):

( ̃𝜌 + 𝛼)𝑣(𝜋) = 𝜋2(1 − 𝜋)2

2𝜎2 𝑣′′(𝜋) + 𝛼 (1 − 𝜋 + 𝜋𝐹𝑛
𝑠 (𝜋)) 𝑣(𝜋𝐴) +

𝜇(𝜋)
̃𝜌 + 𝛼 , (9)

𝜇′(𝜋) = −( ̃𝜌 + 𝛼)𝐻(𝜋)  𝜇(𝜋)̃𝜌 + 𝛼 + 𝑣(𝜋𝐴) + (1 − 𝜋𝐴)𝑣′(𝜋𝐴) . (10)

Notably, 𝑝 does not appear in Eq. (9), validating the conjectured form in Eq. (8).

We also have the following boundary conditions:

𝜇(0) = 1, 𝜇′(0) = 0, 𝑣(0) = 𝛼
̃𝜌( ̃𝜌 + 𝛼), 𝑣(1) =

𝛼
̃𝜌( ̃𝜌 + 𝛼)𝜇(1).
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While we can not analytically solve 𝑣, 𝜇, a numerical solution of these functions is illus-

trated in Fig. IA.4.

4.2 Model Implications

This subsection summarizes the model’s implications across three key dimensions: the

broker’s pricing strategy, the impact of the broker’s learning about investor types, and the

effects of competition.

4.2.1 Brokers’ Pricing Strategies

The model offers several insights into brokers’ pricing strategies that align with our data

observations, and these implications can be analytically validated.

First, brokers charge lower fees to investors they perceive as smart (i.e., those with

higher 𝜋). This model implication can be directly proved by demonstrating that 𝜙(𝜋)

is monotonically decreasing, as established in Proposition 4.1. Since naive investors are

more likely to be classified as such, their fees are, on average, higher than those of sophis-

ticated investors (in terms of first-order stochastic dominance). This result aligns with the

empirical facts presented in Section 3.2, which shows that brokers tend to charge higher

fees to less sophisticated investors.

Proposition4.1. 𝜙(𝜋) decreasesmonotonicallywith𝜋. Consequently,𝐺𝑑 has first-order stochas-

tic dominance over 𝐺𝑠.

Proof: See Section IA.3 in the Internet Appendix.

Second, we show that the fees charged by brokers are always above marginal costs,

even for investors they perceive as perfectly sophisticated, consistent with our empirical

findings in Section 3.1. This indicates that brokers enjoy a consistently positive markup

for all investors. This outcome arises from the information asymmetry among brokers.

Even when one broker knows an investor is sophisticated, it also knows that competing

brokers lack this information, allowing it to avoid offering fees at marginal cost to the

sophisticated investor.²²

²²While Stahl (1989) also delivers a positive gap between the price floor and marginal cost, the underlying

27



Proposition 4.2. 𝜇(𝜋) > 0, which is equivalent to 𝜙(𝜋) > 𝑀𝐶, for any 𝜋 ∈ [0, 1).

Proof: See Section IA.3 in the Internet Appendix.

Third, our model highlights a spillover effect of naive investors on sophisticated in-

vestors. If the reserve price of naive investors, 𝑟𝑑, decreases—indicating that naive in-

vestors become savvier—brokers respond by charging lower fees to all investors. Due to

information frictions, brokers cannot perfectly distinguish between naive and sophisti-

cated investors. As a result, theymust lower fees across the board to retain naive investors.

Proposition 4.3. 𝜙(𝜋; 𝑟𝑑) is strictly increasing with 𝑟𝑑 for any 𝜋 ∈ [0, 1).

Proof: Note that 𝜙(𝜋; 𝑟𝑑) = 𝑀𝐶 + (𝑟𝑑 − 𝑀𝐶)𝜇(𝜋), 𝜇(𝜋) > 0, and 𝜇(𝜋) does not depend on

𝑟𝑑. Thus, 𝜙(𝜋; 𝑟𝑑) strictly increases with 𝑟𝑑.

Lastly, we show that price discrimination between smart and naive investors intensifies

as investors remain longer with a broker. This occurs because the broker learns investor

types more accurately over time. We prove that the gap between the median fees charged

to smart and naive investors—serving as a proxy for price discrimination—widens over

time. The same intuition applies to the entire price distributions. This implication is

consistent with the empirical facts presented in Section 3.3.

Proposition 4.4. Suppose the median fee rate for smart investors at time 𝑡 is 𝑝𝑠(𝑡), and the

median fee rate for naive investors at time 𝑡 is 𝑝𝑑(𝑡). The inter-median difference, 𝑝𝑑(𝑡) − 𝑝𝑠(𝑡),

increases over time as 𝑡 grows.

Proof: See Section IA.3 in the Internet Appendix.

4.2.2 Impact of Broker Learning

From a broker’s perspective, the goal is to distinguish naive investors from sophisticated

ones to implement differential pricing—charging naive investors high fees close to their

reservation price while offering more competitive fees to attract sophisticated investors

and compete with other brokers. Learning influences this market system through both

mechanism differs. In Stahl (1989), firms have no information about consumer type andmust always price
for the possibility that the buyer is naive. In our setting, by contrast, even when one broker has learned
that a given investor is smart, it still sets a positive markup because competing brokers do not share that
information.
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incumbent broker and competing brokers: it helps the incumbent broker better separate

naive investors from sophisticated ones, but it also aids competing brokers in competing

for sophisticated investors.

These two effects may counterbalance each other, making it challenging to derive com-

parative statics of the learning effects in closed-form analytical expressions. However, we

can examine these effects through numerical simulations, using model parameters esti-

mated from our quantitative analysis, which we will describe in detail later.

Specifically, Fig. 5a illustrates the impact of the initial learning time 𝑡0—the amount

of information brokers have about a new investor—on 𝜇(𝜋)) for three different values of

𝑡0. This information reduces the incumbent broker’s information advantage over com-

peting brokers, thereby lowering its markup on sophisticated investors. By diminishing

the incumbent broker’s ability to retain sophisticated investors, it consequently shifts its

focus toward extracting more profit from naive investors by imposing higher markups

on them. These opposite effects on sophisticated and naive investors can be seen from

the monotonically decreasing pattern in the markup for 𝜋 → 1 (i.e., investors perceived

as perfectly sophisticated) and the monotonically increasing pattern for 𝜋 → 0 (i.e., in-

vestors perceived as perfectly naive). For intermediate values of 𝜋, the interplay of these

two effects may result in non-monotonic patterns.

Similarly, a lower noise level 𝜎 facilitates learning and weakens the information ad-

vantage of the incumbent broker, similar to the effect of increasing 𝑡0. As illustrated in

Fig. 5b, lowering 𝜎 has monotonic but opposite effects on the markups for sophisticated

investors (i.e., 𝜋 → 1) and naive investors (i.e., 𝜋 → 0).

Fig. 5c examines the impact of different values of 𝜋̃, the fraction of sophisticated in-

vestors in the population. When sophisticated investors make up a smaller portion of the

pool, competing brokers are more likely to classify a new investor as naive, thereby in-

creasing the incumbent broker’s information advantage over the sophisticated investor it

identifies. As a result, the incumbent broker can charge a higher markup on sophisticated

investors. Reflecting this effect, the figure shows that a higher 𝜋̃ leads to a monotonically

decreasing markup on sophisticated investors (i.e., 𝜋 → 1). This effect, in turn, results

in a monotonically increasing markup on naive investors (i.e., 𝜋 → 0). For intermediate
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values of 𝜋, the interplay of these offsetting effects on naive and sophisticated investors

leads to non-monotonic patterns.

Finally, Fig. 5d shows that all investors benefit frommore attention paid to commission

fees—i.e., a larger value of 𝛼.

Overall, our findings suggest that sophisticated investors benefit from increased infor-

mation availability to brokers. Enhanced information enables competing brokers to more

effectively differentiate sophisticated investors from naive ones, resulting in more com-

petitive pricing. This competitive pressure also forces the incumbent broker to reduce

its fees for sophisticated investors. However, this advantage for sophisticated investors

imposes a negative externality on naive investors, who face higher markups as a conse-

quence.

4.2.3 Impact of Competition

Standard arguments suggest that competition among firms typically benefits consumers

by driving prices down. Interestingly, our model reveals more nuanced effects of compe-

tition. To illustrate these subtleties, we first present an analytical result for the limiting

case as 𝑛 approaches infinity. With an infinite number of brokers in the market, each bro-

ker faces intense competition for investors. The following proposition demonstrates that,

under such extreme competition, each broker adopts a surprising strategy: charging all

investors the full markup.

Proposition 4.5. When 𝑛 → ∞, 𝜇(𝜋) pointwise converges to 1 for any 𝜋 ∈ (0, 1).

Proof: See Appendix B.

The reason competition may backfire lies in the heterogeneity between naive and so-

phisticated investors. Brokers can easily retain naive investors by charging fees below

their reservation prices, while they must actively compete to attract sophisticated in-

vestors. As competition intensifies, retaining sophisticated investors becomes increas-

ingly difficult. In the limiting case of infinitely many competitors, the probability of at-

tracting a sophisticated investor becomes so small that brokers find it more effective to

focus exclusively on extracting the full markup from naive investors, effectively giving
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up on competing for sophisticated investors altogether.

More generally, when each broker competes with a finite number of rivals, the impact

of competition reflects two opposing forces. On one hand, lowering the price 𝑝 attracts

sophisticated investors. On the other hand, lowering 𝑝 reduces the profit earned from each

retained investor, including both naive and sophisticated ones. These offsetting effects

result in a non-monotonic relationship between the number of competitors 𝑛 and brokers’

pricing strategies.

Fig. 6, based onmodel parameters estimated from our quantitative analysis, illustrates

brokers’ pricing strategies across different levels of competition, represented by varying

values of 𝑛. The figure highlights the opposite effects of stronger competition on sophisti-

cated and naive investors: greater competition, reflected in a larger number of competing

brokers 𝑛, leads to lower markups for sophisticated investors (i.e., 𝜋 → 1) but higher

markups for naive investors (i.e., 𝜋 → 0). A natural implication is that price dispersion

among investors may increase in response to competition, which we can empirically mea-

sure and test.

As before, the effect of competition on investors with intermediate values of 𝜋 is non-

monotonic, as it reflects the aggregation of the two offsetting forces acting on naive and

sophisticated investors. Notably, Fig. 6 shows that when the fraction of sophisticated in-

vestors in the population is higher (i.e., 𝜋̃ = 0.8 versus 𝜋̃ = 0.2), brokers abandon using

lowermarkups to compete for sophisticated investors at lower values of 𝜋. This occurs be-

cause a higher 𝜋̃ makes it easier for competing brokers to identify sophisticated investors,

thereby intensifying the competition among brokers. As a consequence, the incumbent

broker places greater emphasis on extracting higher markups from naive investors rather

than lowering markups to compete for sophisticated investors.

The model’s implication of competition’s potential adverse effects contrasts with the

classical economic intuition that competition benefits consumers. However, this result

is well-documented in a broad class of models with consumer heterogeneity (Rosenthal,

1980; Varian, 1980; Stahl, 1989; Carlin, 2009). In such settings, greater competition can

shift firms’ differential pricing strategies, potentially harming consumer welfare. Despite

these theoretical insights, their empirical relevance remains uncertain due to mixed evi-
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dence in the literature (Chandra and Tappata, 2011; Lach and Moraga-González, 2017).

This uncertainty may arise from the sensitivity of the theoretical results to parameter

choices and the extent of heterogeneity in specific contexts. Empirically testing this coun-

terintuitive prediction is thus crucial, a task we undertake in the next two sections.

5 Empirical Analysis

As demonstrated in Fig. 6, competition may have unintended effects on commission fees:

increased competition among brokers can result in lower fees for sophisticated investors

but higher fees for naive investors, thereby increasing price dispersion. In this section,

we empirically investigate how local brokerage competition influences the dispersion of

commission fees across different cities.

Before 2013, regulations prohibited online account opening, requiring investors to

visit local branches—effectively confining competition to local markets. After 2013, on-

line opening was allowed, but accounts were typically assigned to the branch nearest the

investor’s residence, and commission renegotiations were handled by that branch’s man-

agers. Consequently, despite rising online adoption, competition remained largely re-

gional through 2017, the end of our sample.

Wemeasure competition by the number of brokerswith a branchpresence in a prefecture-

level city.²³ Although our data come from a single brokerage, its branch network spans

many cities with varying rival presence. This cross-city variation allows us to examine at

the branch–quarter level, the distribution of commissions for newly opened accounts. We

adopt a quarterly frequency to ensure enough new accounts per branch to measure fee

distributions reliably.

We first present descriptive evidence showing that greater competition is associated

with increased dispersion in fees, followed by causal evidence to support this relationship.

²³A typical prefecture-level city in China is comparable to the State of Connecticut in terms of geographic
size and population. Most brokerage branches are concentrated in the central urban areas of these cities,
where the majority of local investors open their accounts.
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5.1 Descriptive Evidence

We begin by presenting descriptive evidence. For each branch-quarter, we measure the

distribution of commission rates for investors who open accounts in that branch during

the specified quarter. Specifically, we calculate several percentiles (i.e., 10th, 25th, 75th,

and 90th) and the differences between the 90th and the 10th percentiles. Additionally,

we compute the standard deviation of commission rates. To ensure comparability over

time, we normalize these statistics by the mean commission rate of the respective branch-

quarter.

Fig. 7 displays scatter plots of these commission rate distribution measures against

the number of brokers operating in the city where the focal brokerage branch is located.

To include a branch-quarter in our analysis, we require that at least 50 investors opened

accounts at that branch during the quarter. Each subplot of Fig. 7 reports the correlation

coefficient between the respective distribution statistic and the log number of brokers. The

solid red lines represent linear regressions, where the dependent variable is a distribution

statistic, and the independent variable is the log number of brokers.

In Table 5, we estimate the same regression while incorporating year-quarter fixed

effects (absorbing the secular fee decline) and city fixed effects. The results in Table 5

corroborate the descriptive patterns observed in Fig. 7.

Together, Fig. 7 and Table 5 demonstrate that the number of brokers in a city has effects

on the lower and upper tail percentiles of commission rates. Specifically, the number of

brokers is strongly negatively correlated with the lower tail percentiles but is strongly

positively correlatedwith the upper tail percentiles. Consequently, the number of brokers

is positively correlatedwith the dispersionmeasures, including the inter-percentile ranges

(e.g., the difference between the 90th and 10th percentiles) and the standard deviation.

Overall, these findings align with the key implication of our model: stronger competition

among brokers can exacerbate price discrimination and, paradoxically, backfire.
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5.2 Causal Evidence

While Fig. 7 and Table 5 reveal salient patterns consistent with themodel implication that

competition may exacerbate price discrimination, correlation does not necessarily imply

causation. Cities with varying numbers of brokers may differ endogenously along other

dimensions that could also influence commission rates. To address potential endogeneity

concerns, we implement a stacked difference-in-differences identification strategy in this

subsection to isolate the causal effect of new entry on the distribution of commission rates.

We compile a comprehensive list of all brokerage branches in China for each quarter

from January 2007 to December 2017, using data provided by Flush iFinD, a major finan-

cial information data platform in China. We define treated brokerage branches as those

experiencing a new broker entry into their city during the current quarter, provided there

was no broker entry in the previous year. To create a control group, we use one-to-three

matching, in which each treated branch is matched with three control branches whose

pre-event number of competing brokers (i.e., the number of brokers in the same city) is

closest to that of the treated branch. Additionally, we require that the control branches ex-

perience no new broker entry during the two-year window surrounding the treated entry.

Using this approach, we identify 65 treatment events.

To estimate the treatment effect, we use the following regression model:

𝑌𝑖𝑡 = 𝛽 𝑇𝑟𝑒𝑎𝑡𝑖 ∗ 𝑃𝑜𝑠𝑡𝑡 + 𝛾cohort(𝑖) + 𝜆branch(𝑖) + 𝛿event(𝑡) + 𝜖𝑖𝑡, (11)

where the dependent variable, 𝑌𝑖,𝑡, is a measure of the dispersion of commission rates.

We consider two measures: (1) the standard deviation of the commission rates divided

by the mean commission rates; (2) the difference between the 90th and 10th percentiles

of commission rates, also divided by the mean commission rates. These dispersion mea-

sures are calculated at the branch-quarter level based on new investors, defined as those

opening accounts in that branch and quarter. 𝑇𝑟𝑒𝑎𝑡𝑖 equals 1 for treated branches and 0

otherwise, while 𝑃𝑜𝑠𝑡𝑡 equals 0 for pre-event quarters and 1 for post-event quarters. The

model includes cohort, branch, and event-time fixed effects.

Columns (1) and (3) of Table 6 report the regression results. The coefficient on 𝑇𝑟𝑒𝑎𝑡 ∗
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𝑃𝑜𝑠𝑡 is significantly positive, indicating that new broker entry increases the dispersion of

commission rates. This finding aligns with the descriptive evidence presented in Fig. 7

and Table 5.

In columns (2) and (4), we present the dynamic coefficients, which are also plotted in

Fig. 8. Importantly, the coefficients for the pre-period are insignificant, supporting the

parallel trend assumption of our difference-in-differences design. A significant increase

in the treatment coefficient is observed in the quarter of new broker entries, with the

treatment effect estimates remaining significantly positive in most post-event quarters.

Additionally, the treatment effect appears to increase during the first four quarters, likely

reflecting a gradual onset of the treatment effect.

Overall, using cross-city variation in rival presence, we find that stronger local com-

petition is associated with greater commission dispersion, consistent with our model’s

prediction that competition can backfire in narrowing dispersion. This does not imply

competition is irrelevant: it likely contributed to the secular decline in average fees even

as it widened cross-investor spreads. To assess competition’s role systematically, we struc-

turally estimate our model and conduct counterfactual analyses in the next section.

6 Quantitative Analysis

To systematically assess how competition affects the level and dispersion of commissions,

we estimate the model structurally and use the estimated model to study the global prop-

erties of competition and its welfare implications.

6.1 Estimation

Weestimate themodel’s parameters using the simulatedmethod ofmoments (SMM) (Stre-

bulaev and Whited, 2011). To capture regional and time-series heterogeneity in investor

composition, we allow brokers’ priors 𝜋̃𝑘𝑡 to vary flexibly at the branch–quarter level (with

𝑘 indexing branches and 𝑡 quarters). We also allow brokers’ marginal costs 𝑀𝐶𝑡 to vary

over time and naive investors’ search costs 𝜅𝑘 to vary across branches.

We match a set of moments to identify the model parameters: average frequency of

35



commission adjustments to identify 𝛼; the commission rates of investors with trading

volume approaching infinity in each quarter 𝑡 to identify𝑀𝐶𝑡; the branch-level mean and

the covariance between commission rates and trading volume at each branch to identify 𝜅𝑘
and𝑚; the average initial markup level at each branch-quarter to identify 𝜋̃𝑘𝑡; the variance

of initial commission rates to identify 𝑡0; and the covariance between commission rate

variance and account age to identify 𝜎. The brokers’ discount rates are calibrated to 𝜌 =

0.0995 following Gormsen and Huber (2025). Using data from Shenzhen Stock Exchange

(2017), we calibrate 𝜆𝑜𝑢𝑡 = 0.0046 in our sample period. Detailed steps of the estimation

procedure are provided in Appendix IA.4.

The estimation results are reported in Table 7. The calibrated discount rate 𝜌 = 0.0995

implies that brokers value next year’s revenue at roughly 10% less than current-year rev-

enue. The exit hazard 𝜆𝑜𝑢𝑡 = 0.0046means that about 0.46% of investors leave the market

each year. The attention frequency 𝛼 = 0.121 indicates that roughly 12.1% of investors

renegotiate and lower their commissions each year.²⁴ The elasticity of search costs with

respect to trading volume, 𝑚 = 0.766, implies that a 1% increase in volume is associated

with a 0.766% increase in search costs.

The initial interaction intensity 𝑡0 = 0.160 corresponds to about 58 days (0.160 years)

of accumulated information at initial contact. Finally, the signal volatility 𝜎 = 0.288

implies that, starting from a prior 𝜋̃ = 0.5, it takes on average about one year for a broker

to be 95% confident that an investor is sophisticated (𝜋 > 0.95).²⁵

Our estimates align well with economic intuition in the cross section. First, branches

in more urban and economically developed areas have a higher share of sophisticated

investors: brokers’ prior 𝜋̃𝑘𝑡 is positively correlated with local population density and

GDP per capita (Fig. 9a).²⁶ Second, controlling for trading volume, branches in more

developed regions exhibit lower search costs: naive investors’ 𝜅𝑘 is negatively correlated

²⁴Although infrequent, each update is sizable—for example, a reduction from 30 bps to 10 bps or from 10
bps to 3 bps—large enough to drive the secular decline in average fees.

²⁵For 𝜃 = 1 and 𝜋̃ = 0.5, the deterministic approximation of (2) yields 𝑑𝜋𝑡/𝑑𝑡 = 𝜋𝑡(1 − 𝜋𝑡)2/𝜎2. Integrating
∫
0.95
0.5

𝑑𝜋
𝜋(1−𝜋)2 = ∫

𝑡
0

𝑑𝑡
𝜎2 gives 𝑡 = 𝜎2 ln 𝜋

1−𝜋 + 1
1−𝜋 

0.95
0.5 = (0.288)2 × 20.95 ≈ 1.74. The noise term scales this by

1
1+𝜎2/2 ≈ 0.57 (via Itô-to-Stratonovich correction), producing 𝑡 ≈ 0.99.

²⁶Fig. IA.6 shows a similar correlation for the smart-entrant fraction.
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with local population density and the number of brokers (Fig. 9b).²⁷

6.2 Decomposing the Trend

As shown in Fig. 1, commission rates decline sharply over 2007–2017. What drives this

trend? Our quantitative decomposition points to three forces: (i) a shift in investor com-

position, (ii) falling broker marginal costs, and (iii) rising broker competition.

Fig. IA.5a plots the estimated marginal cost and the smart-entrant share. Estimated

marginal costs mimic the drop in per-transaction regulatory fees (Fig. 2a), falling from

approximately 7 bps in 2007 to about 1.8 bps in 2017. The smart-entrant share rises

steeply: the city-average 𝜋̄ increases from around 5% to nearly 60%, and the perceived

prior for inquiring investors 𝜋̃ from approximately 50% to nearly 90%. Competition also

intensifies: Fig. 10b shows the average number of active brokers per city roughly doubles,

from 24 to over 52.

Our simulation in Fig. 10a shows that these forces jointly account for the downward

path of commissions in Fig. 1. Decomposing the 2007–2017 change (Fig. 10b), shifts in

investor composition explain a 19.63 bps decline in commissions charged to new entrants,

while falling marginal costs contribute another 5.59 bps.

Notably, despite the substantial rise in broker competition, its contribution is negligi-

ble and, if anything, slightly offsets the decline. This accords with our earlier result that

competition can backfire—not only widening dispersion but also dampening reductions

in average fees.

6.3 Counterfactual Analysis

Our estimated model allows us to run counterfactuals that isolate specific mechanisms.

6.3.1 The Incumbent’s Information Advantage

Unlike Stahl (1989), our model features broker learning and an informational wedge be-

tween the incumbent and its rivals. To isolate this wedge, we compare the baseline equi-

²⁷Search is easier where populations are denser and branch networks thicker; hence we emphasize these
dimensions rather than GDP per capita. We also find a mild negative correlation with GDP per capita.
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librium with a one-shot information-symmetry shock (“MIT shock”): in a single period,

the incumbent’s posterior about a given investor, 𝜋, is disclosed to all rivals. Rivals then

treat 𝜋 as their prior and quote according to their baseline policies; the incumbent, having

learned ex post that the disclosure occurred, best-responds in that period to defend the

client.

Fig. 11 plots the incumbent’s baseline pricing policy alongside the counterfactual.²⁸

The incumbent offers a deep discount under the shock, precisely because it has lost its

information advantage for that period.

In the baseline, the quoted markup declines monotonically with 𝜋: from 100% of the

maximum markup at 𝜋 = 0 to about 13.6% at 𝜋 = 1. Thus, even for a client known to be

sophisticated, the incumbent maintains a positive markup (13.6%).

Under the information-symmetry counterfactual, the incumbent charges substantially

less, with the discount (relative to baseline) widening from near zero at 𝜋 = 0 to 28.3%

of the maximum markup by 𝜋 = 0.70. For 𝜋 ≥ 0.71, the quoted markup jumps down

to the 13.6% floor, matching the lowest markup rivals would offer and thereby locking

in the investor. This sharp shift quantifies the value of the incumbent’s informational

advantage: when it is removed, the incumbent must cut price materially—particularly

for savvy clients—to remain competitive.

This counterfactual isolates the incumbent’s information advantage and highlights

cross-type externalities. It is unsurprising that naïve investors (low 𝜋) face high markups.

More striking is that smart investors (high 𝜋) are also penalized: because rivals cannot

distinguish them from naïve types, they cannot selectively undercut, allowing the incum-

bent to sustain a positive markup even on known-savvy clients. This contrasts with clas-

sic “add-on” models in the behavioral industrial organization literature (e.g., Gabaix and

Laibson (2006)), where firms’ exploitation of naïve consumers can subsidize the baseline

²⁸We compute the counterfactual in three steps. First, we solve for the baseline policy 𝜇𝑏 and value function
𝑣𝑏. Second, for each 𝜋inc ∈ (0, 1), we apply 𝜇𝑏 to a counterfactual symmetric belief distribution 𝐹sym

𝑠 with
𝜋̃ = 𝜋inc to obtain the implied distribution of competing quotes faced by this investor, 𝐺sym

𝑠 . Third, we
choose 𝜇sym(𝜋inc) to maximize the incumbent’s payoff

𝑣𝑏(𝜋inc) 1 − 𝜋inc + 𝜋inc⒧1 − ⒧𝐺sym
𝑠 (𝜋inc)⒭𝑛⒭ ,

where 𝑛 is the number of rival brokers. Figure 11 plots 𝜇sym as a function of 𝜋inc.
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price and benefit sophisticated shoppers. In our single-price commission setting, no such

subsidy margin exists, so pooling instead amplifies the incumbent’s market power over

sophisticated investors.

6.3.2 Optimal Competition

With the estimated model parameters, we simulate markets under alternative competi-

tion environments (varying the number of competing brokers) and investor compositions

(varying the proportion of smart investors). This exercise allows us to characterize the

optimal level of competition if regulators aims to minimize various outcomes of interest:

per capita commission fees, the average markup at entry (new investors), and the aver-

age markup after five years.²⁹ While these fees are transfers to brokers and not direct

welfare measures, regulators typically favor lower-fee environments to promote financial

inclusion (World Bank, 2013).

The left panels of Fig. 12 plot the average initial markup over a wide grid of parameter

values.³⁰ The right panels report the marginal effect of adding one broker—the global

treatment effect—computed as the derivative of each outcome variable with respect to

the number of competing brokers.

As a benchmark, when all investors are sophisticated (𝜋̃ → 1), more competition un-

ambiguously reduces both per-capita profit and average markup (left panel of Fig. 12a;

note the x-axis is reversed, so values farther right correspond to fewer rivals). This accords

with classic theory. With naïve investors, however, the marginal effect of an additional

broker becomes heterogeneous and non-monotonic.

Naive investors do not search for other brokers, so adding brokers yields little benefit—

and may even harm them if brokers shift toward extracting higher markups from naive

investors rather than competing for sophisticated investors. For example, when 𝜋̃ < 0.94,

²⁹Holding all other parameters fixed, for each (𝜋̄, 𝑛) pair we simulate 𝐼 = 1, 000, 000 investors, of whom
𝐼𝑠 = 𝐼 ⋅ 𝜋̄ are sophisticated. We let 𝑛 ∈ [1, 100]. We assign each investor a 𝑞 based on type (smart or naive)
and the empirical distribution of 𝑞 for that type, allowing us to back out 𝑟𝑑 and 𝜙. From the simulation,
we compute measures such as per capita commission fees 1

𝐼 ∑𝐼(𝜙𝑞), 1
𝐼𝑠 ∑𝐼𝑠 (𝜙𝑞),

1
𝐼𝑑 ∑𝐼𝑑 (𝜙𝑞), as well as the

average initial commission rate 1
𝐼 ∑𝐼 𝜙, 1

𝐼𝑠 ∑𝐼𝑠 𝜙, 1
𝐼𝑑 ∑𝐼𝑑 𝜙.

³⁰Robustness checks in the Internet Appendix: profits (Fig. IA.8); five-year markups (Fig. IA.9); and cumu-
lative 0–5 year markups by type—smart and naïve (Fig. IA.10, Fig. IA.11).
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naive investors gain nothing from having more than two brokers (𝑛 ≥ 1; Fig. 12c). By

contrast, sophisticated investors benefit: when 𝜋̃ > 0.7, moving from two to three brokers

reduces their average markup, though the marginal gain diminishes quickly as brokers

scale back aggressive pricing (Fig. 12b). Thus, while ”competition backfiring” is not uni-

versal, it holds over a broad and relevant parameter range.

For policy, Fig. 13a plots the broker count that minimizes the average initial markup.³¹

When a moderate share of investors is naive (𝜋̃ < 0.82), two brokers minimize consumer

costs: with few shoppers, additional entrants have little incentive to undercut. As 𝜋̃ rises,

the optimal number of competitors increases, diverging only as 𝜋̃ → 1. As expected, the

fee-minimizing 𝑛 for sophisticated investors always exceeds that for naïve investors.

Finally, Fig. 13b compares these optima with observed broker counts by branch. In

most markets, actual broker numbers exceed the fee-minimizing level. This points to a

potential regulatory role: rather than encouraging additional entry, policymakers might

consider curbing excessive entry. We note, however, that our model abstracts from bro-

kers’ entry and exit decisions.

6.3.3 Investor Education

While competition can backfire in reducing consumer markups, our quantitative analysis

shows that investor education—by raising the share of sophisticated investors—has far

greater impact. In the left plots of Fig. 12, the average markup declines monotonically

with the population’s mean ability for both smart and naive investors, at every competi-

tion level. Thismatches the theory in Fig. 5c, where higher broker priors generate spillover

benefits for the entire client base.

In magnitude, sophistication dominates market structure. Whether a market is con-

centrated or fragmented, a one–percentage point increase in the smart-investor share re-

duces average markups more than realistic changes in the number of competitors, such

as doubling or halving the number of competitors.

³¹Fig. IA.12 in the Internet Appendix shows analogous results using average lifetime profit.
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Policy implication. Prioritize investor education. By enabling more investors to recog-

nize and act on competitive options, literacy initiatives reduce fees more effectively than

reforms focused solely on promoting additional entry.

7 Conclusion

This paper studies price dispersion in brokerage commission fees—a seemingly homo-

geneous service. Using account-level data from China, we document three patterns: (i)

substantial, persistent fee dispersion across investors; (ii) systematically higher fees for

less sophisticated investors; and (iii) widening dispersion over the broker–investor rela-

tionship, even as average fees decline.

We explain these facts with a dynamic oligopolymodel in which brokers learn investor

types through repeated interactions. Three insights follow. First, brokers use informa-

tional advantages to price discriminate, charging higher markups to investors perceived

as naive. Second, learning creates a negative externality: as brokers compete more ef-

fectively for sophisticated clients, markups on naive clients rise. Third, increased broker

entry can backfire: with more firms chasing a limited pool of sophisticated shoppers, the

incentive shifts toward extracting rents from captive naive investors, raisingmarkups and

dispersion.

Ourmodel departs from the classic framework (e.g., Stahl (1989)) by placing behavior-

based pricing at the core. In the classic setting, dispersion arises from mixed strategies

over an aggregate demand curve with limited scope to condition on individual histories.

By contrast, our pricing is type-contingent, explicitly tied to learned customer posteri-

ors. This delivers distinct comparative statics: persistent incumbent market power—

including over sophisticated investors—and the possibility that additional entry amplifies

fee dispersion. Exploiting cross-city variation in rival presence, we provide strong empir-

ical evidence for these predictions, filling a gap in the literature.

Our structural estimation and counterfactuals quantify these effects. Using the esti-

mated parameters, we find that the pronounced decline in commissions is driven mainly

by (i) shifts in investor composition and (ii) falling broker marginal costs. Although the
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average number of brokers per city more than doubled over the sample, intensified com-

petition slightly offset—rather than accelerated—the decline in fees.

Counterfactuals further show that the fee-minimizing number of brokers is typically

below observed levels, implying excessive (not insufficient) entry when a sizable share of

investors is naïve. By contrast, policies that raise financial literacy—and thereby increase

the share of sophisticated investors—consistently compress markups for all clients, with

effects larger than plausible changes in market structure via entry or exit.
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Figure 1: The average commission rates over time
This figure displays the average commission rates of the investors in our sample (dotted
line) and the average commission rates of the market (shaded area within the solid line),
from 2007 to 2017. For our broker, we include only stock trading. The exact national av-
erage of retail stock trading commissions is not directly observed, so we bound it with two
methods in the shaded area. The lower bound is calculated as the total commission rev-
enue across all brokers divided by the aggregate trading volume (including stocks, funds,
bonds, and options/warrants). The upper bound is calculated as the total commission
revenue across all brokers divided by the aggregate stock trading volume.
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Figure 2: Dispersion of commission rates
This figure displays the distribution of commission rates across investors. For eachmonth,
we calculate the commission rate for each investor and report several percentiles, i.e., 1st,
5th, 10th, 25th, 75th, 90th, 95th, and 99th. RLB (dotted line) represents the regulatory
lower bound. The regulatory upper bound (not shown in the figure) is 30 bps. Panel (a) is
based on all investors, and Panel (b) is based on new accounts. New accounts for a month
are defined as accounts opened in that month.
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Figure 3: Dispersion of commission rates, by portfolio size and trading volume
This figure displays the distribution of commission rates across investors by subsamples.
For each subsample in each month, we calculate the commission rate for each investor
and report several percentiles, i.e., 10th, 25th, 50th, 75th, and 90th.
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(b) Dispersion of commission rates by account age

Figure 4: Evolution of commission fees
Panel (a) shows the changes in average commission rates by investor groups. For each
cohort of investors (defined as investors who open their accounts in the same month), we
sort them into two groups by the median value of their composite bias measure, defined
as per Table 3. For both groups, we report the percentage changes in commission rates
relative to their initial commission rates. In addition, we also present the difference be-
tween the two groups. The scale for the difference is shown on the right 𝑦-axis. Panel (b)
presents the percentage changes in the cross-sectional dispersion of commission rates. For
each cohort of investors, we calculate the dispersion of commission rates as the standard
deviation divided by the mean rate, month by month. Then we calculate, for each cohort,
the percentage change in the dispersion of commission since account opening. In the end,
we group all cohorts by event month and report the cross-cohort averages for each event
month, together with the 95% confidence intervals.
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(d) Attention on commissions

Figure 5: Numerical solutions under different market conditions
This figure shows numerical solutions of policy function under different market condi-
tions. Baseline parameters are 𝜌 = 0.0995, 𝜆𝑜𝑢𝑡 = 0.0046, 𝛼 = 0.1213, 𝑡0 = 0.1599, 𝜎 =
0.2880, 𝜋̃ = 0.7488, and 𝑛 = 1.
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Figure 6: Numerical solutions under different competition environments
This figure shows numerical solutions of policy function under different competition
environments. Baseline parameters are 𝜌 = 0.0995, 𝜆𝑜𝑢𝑡 = 0.0046, 𝛼 = 0.1213, 𝑡0 =
0.1599, 𝜎 = 0.2880, 𝜋̃ = 0.2 (left panel) or 0.8 (right panel).
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Figure 7: Commission rates dispersion and the number of brokers
This figure presents scatter plots of various commission rate distribution statistics—either
percentiles or standard deviations—plotted against the logarithm of the number of bro-
kers in a city. These statistics are computed at the branch-quarter level, based on new in-
vestors who opened accounts in that branch-quarter. The analysis is restricted to branch-
quarters with at least 50 new investors. Each panel reports the correlation coefficient
between the distribution statistic and the log broker count. The solid red lines depict lin-
ear regressions of the distribution statistics on the log broker count. “𝑃90 − 𝑃10” denotes
the difference between the 90th and 10th percentiles. All distribution statistics have been
normalized by their respective sample means.
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Figure 8: Dynamic treatment effects of broker entry on price dispersion
This figure displays dynamic coefficients and the corresponding 95% confidence intervals
from stacked DiD analyses. The isolated red error bar in each plot shows the overall
estimate of the treatment effect. We define treated units as those with new broker entries
in the current quarter and no broker entry in the previous year. The control group must
have no broker entries during the 2-year event window. We use one-to-three matching,
where each treated unit is matched with the three control units whose pre-event number
of brokers (within the same city) is closest to that of the treated unit. In Panel A, we
calculate the dispersion as the standard deviation of commission rates divided by the
mean commission rate. In Panel B, we calculate the dispersion as the difference between
the 90th and the 10th percentiles of commission rates, divided by the mean commission
rate. For the dispersion calculation, we include only new investors, i.e., those who open
their accounts in a quarter. We include cohort, branch, and event-time fixed effects in all
analyses.
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(a) Perceived prior 𝜋̃𝑘
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(b) Naive investors’ search costs 𝜅𝑘

Figure 9: Geographic variation of estimated parameters 𝜋̃𝑘𝑡 and 𝜅𝑘
Panel (a) of the figure presents scatter plots of 𝜋̃𝑘, time-series means of the estimated
perceived prior 𝜋̃𝑘𝑡 against two explanatory variables: (1) the logarithm of population
density of branch 𝑘’s host city and, (2) the logarithm of GDP per capita of the host city.
When computing 𝜋̄𝑘𝑡 from 𝜋̃𝑘𝑡, we set 𝜆𝑜𝑢𝑡 = 0.0046. Panel (b) of the figure presents
scatter plots of the estimated 𝜅𝑘 also against two explanatory variables: (1) the logarithm
of population density of branch 𝑘’s host city and, (2) the logarithm of number of brokers
of the host city. The solid line in each plot represents the OLS fit of the sample. We report
the estimated slope ̂𝛽, the associated 𝑡-value, and the adjusted 𝑅2 in the title of each plot.

54



2007Q4 2009Q4 2011Q4 2013Q4 2015Q4 2017Q4
0

10

20

30

C
o
m

m
is

s
io

n
 r

a
te

 (
b
p
s
)

Average commission rate

(a) Average commission rate from simulation

2007Q4 2009Q4 2011Q4 2013Q4 2015Q4 2017Q4
-25

-20

-15

-10

-5

0

5

C
h
a
n
g
e
s
 i
n
 r

a
te

 (
b
p
s
)

(b) Effects of varying investor composition, marginal cost, and number of brokers

Figure 10: Decomposition of the downward trend in commission fees
Panel (a) of this figure simulates the average commission rate for new entrants over the
sample period, using the estimated parameters reported in Table 7. The average com-
mission rate declines by 24.83 basis points, from 29.60 bps in 2007 Q1 to 4.77 bps 2017
Q4, replicating the empirical pattern in Fig. 1. Panel (b) decomposes this decline into
contributions from changes in investor composition, marginal cost, and the number of
brokers. Each component in Panel (b) is simulated by varying one factor at a time while
holding the others fixed at their values estimated for the first quarter of 2007. The change
attributable to shifts in investor composition 𝜋̃ is −19.63 bps, while the change due to
variation in marginal cost is −5.59 bps. Changes in the level of competition have only a
minimal effect in explaining the downward trend.
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Figure 11: Incumbent’s policy function under symmetric information
This figure shows numerical solutions of the incumbent’s policy function under an one-
shot information symmetry shock. Suppose the incumbent’s posterior (𝜋) is disclosed to
all its rivals, who then use this as the prior and quote according to their baseline strategies
to price this investor after some initial interaction. The “Symmetric Info” line plots the
incumbent brokers’ best response in this first-order deviation case. Baseline parameters:
𝜌 = 0.0995, 𝜆𝑜𝑢𝑡 = 0.0046, 𝛼 = 0.1213, 𝑡0 = 0.1599, 𝜎 = 0.2880, 𝜋̃ = 0.7488, and 𝑛 = 1.
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(c) Naïve investors

Figure 12: Competition effect on average initial markup
The left plot in each panel displays average initial markup levels as initial belief 𝜋̃ and
number of competitors 𝑛 changes. The right plot in each panel shows the corresponding
partial derivative with respect to 𝑛 across the parameter space, which is equivalent to the
treatment effect of another brokerage firm entry on markup. Simulation with alternative
outcome variables is shown in the Internet Appendix Fig. IA.7, IA.8, IA.9, IA.10, IA.11.
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(b) Optimal competition for all investors v.s. actual competition

Figure 13: Optimal and actual competition levels across branches
Panel (a) of this figure shows the optimal number of competitors thatminimize the average
markup for different values of 𝜋̃ for all investors, smart investors, and naive investors.
For each branch 𝑘, the optimal number of competitors are the minimum point 𝑛̂ when the
associated 𝜋̃ is closest to the 𝜋̃𝑘 that minimizes the average initial markup. Panel (b) of
this figure shows the actual and optimal number of competitors thatminimize the average
markup for all investors across all branches. We use a logarithmic scale for the 𝑦-axis to
improve clarity. The 𝑥-axis represents the perceived prior 𝜋̃𝑘 for branch 𝑘 calculated as
the time-series mean of the estimated 𝜋̃𝑘𝑡. The actual number of competitors is calculated
as the time-series average of end-of-quarter figures.
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Table 1: Summary statistics
This table reports the summary statistics of the sample. All the statistics are calculated
based on the cross-section of investors. We report the number of observations, sample
means, standard deviations, and several percentiles. Age, Account Age, and Commission
are computed at the end of 2017. Male equals one for male and zero otherwise. For
portfolio size and turnover, we first calculate the time series average (across months) of
end-of-month total assets and monthly turnover ratio, respectively. Age and Account Age
are measured in years. Portfolio size is reported in logarithms. We report the annualized
number for the turnover ratio. Commission is reported in basis points.

Variables NoObs Mean Std. 10th 25th Median 75th 90th

Age (Dec 2017) 682,596 45.173 16.679 28.691 36.280 45.871 54.802 64.874
Male 642,337 0.535 0.499 0.000 0.000 1.000 1.000 1.000
Account age (Dec 2017) 682,596 9.717 5.932 2.583 3.250 9.917 14.083 18.583
Log portfolio size 712,058 9.891 2.000 7.314 8.756 10.067 11.216 12.216
Turnover 711,109 7.225 12.132 0.214 0.978 3.243 8.415 17.805
Commission (Dec 2017) 629,616 14.430 10.689 3.000 3.000 12.000 28.000 30.000
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Table 2: Regressions of the initial commission rate on observed characteristics
This table examines the relationship between the initial commission rate and investor
characteristics, including age, gender, portfolio size, and the per capita GDP (in thousand
Yuan) of their city of residence, using linear regression. Initial rate is represented in basis
points. Age denotes the investor’s age (in years) as of the account opening date. Male is a
dummy that equals 1 for men and 0 for women. Portfolio size is the natural logarithm of
the total asset value at the end of the month immediately after the account opening, i.e.,
month 𝑡 + 1 for investors who opened their accounts in month 𝑡. In all regressions, we
include year-month fixed effects. Standard errors are clustered by year-month. Statistical
significance at the 10%, 5%, and 1% levels is indicated by *, **, and ***, respectively.

(1) (2) (3) (4) (5)
Initial rate Initial rate Initial rate Initial rate Initial rate

Age
-0.046*** — — — -0.019***

(-12.725) (-8.025)

Male
— 0.213*** — — 0.089

(3.380) (1.604)

Portfolio size
— — -0.792*** — -0.625***

(-15.534) (-13.526)

GDP per capita
— — — -0.051*** -0.048***

(-11.975) (-11.161)
Obs 426,786 426,786 419,486 442,236 391,355
Adj-𝑅2 0.559 0.557 0.626 0.617 0.625
Year-month FE Yes Yes Yes Yes Yes
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Table 3: Summary statistics of behavioral biases
This table reports the summary statistics of investor-level behavioral biases. We report the
number of observations, sample means, standard deviations, and several percentiles for
initial commission rate (in basis points) and the behavioral bias variables. The behavioral
biasmeasures are computed using the full sample. Lottery, Extrapolation, and Rank effect
are reported in percentage points. A composite bias measure is constructed by averaging
the discretized percentile ranks (ranging from1 for the lowest to 100 for the highest) of the
six behavioral bias variables. The last row presents summary statistics for the composite
bias measure. See Appendix IA.1 for the detailed definitions of these biases.

Variables NoObs Mean Std. 10th 25th Median 75th 90th

Initial rate 453,757 19.833 11.022 3.000 9.900 28.000 30.000 30.000
Disposition effect 458,312 0.739 0.212 0.500 0.631 0.781 0.897 0.964
Lottery 459,592 16.878 16.339 0.000 5.451 13.773 23.424 35.559
Underdiversification 481,545 -0.716 0.564 -1.480 -1.075 -0.660 -0.248 -0.000
Local bias 450,205 0.099 0.441 -0.207 -0.083 0.033 0.183 0.409
Extrapolation 459,592 10.071 14.098 -5.486 1.817 9.477 17.587 26.370
Rank effect 237,148 5.098 23.698 -19.231 -3.030 5.533 14.074 28.938
Composite bias 457,549 53.336 15.920 36.200 43.500 51.500 60.400 71.167

61



Table 4: Regressions of behavioral biases on the initial commission rate
This table reports results from linear regressions of investor biases on their initial com-
mission rate. The biases are computed using data from month 𝑡 + 2 to the end of our
sample, with 𝑡 being the account opening month). See Appendix IA.1 for the detailed
definitions of these biases. Initial rate is represented in percentage points. Portfolio size is
the natural logarithm of the total asset value at the end of the month immediately after
the account opening, i.e., month 𝑡 + 1 for investors who opened their accounts in month 𝑡.
Age denotes the investor’s age (in years) as of the account opening date. Male is a dummy
that equals 1 for men and 0 for women. In all regressions, we include year-month fixed
effects and branch fixed effects. Standard errors are clustered by year-month. Statistical
significance at the 10%, 5%, and 1% levels is indicated by *, **, and ***, respectively.

(1) (2) (3) (4) (5) (6) (7)
Disposition

effect Turnover Lottery Under
diversifi.

Local
bias

Extrapo
lation

Rank
effect

Panel A: No control

Initial rate
0.083*** -5.698*** 9.140*** 0.477*** -0.011 0.203 1.852***
(8.762) (-10.886) (12.131) (20.161) (-0.968) (0.359) (2.649)

Obs 425,026 441,473 426,209 440,725 419,002 426,209 230,522
Adj-𝑅2 0.040 0.061 0.026 0.022 0.040 0.039 0.001
Year-month FE Yes Yes Yes Yes Yes Yes Yes
Branch FE Yes Yes Yes Yes Yes Yes Yes

Panel B: With controls

Initial rate
0.092*** -6.651*** 8.229*** 0.393*** -0.009 0.060 2.318***
(9.182) (-14.622) (12.830) (13.899) (-0.816) (0.100) (3.283)

Portfolio size
-0.001*** -0.249*** -0.299*** -0.025*** -0.002*** 0.085** 0.005
(-5.026) (-8.718) (-27.621) (-16.219) (-8.192) (2.176) (0.224)

Age
0.001*** -0.038*** -0.016*** -0.005*** 0.000*** -0.030*** 0.040***

(13.344) (-4.114) (-4.565) (-16.560) (3.495) (-4.400) (7.061)

Male
-0.036*** 2.157*** 0.050 0.045*** -0.004*** -0.502*** -0.629***

(-28.614) (11.511) (0.980) (15.577) (-3.286) (-8.937) (-7.762)
Obs 406,197 419,353 406,221 418,703 406,221 406,221 222,702
Adj-𝑅2 0.044 0.054 0.030 0.057 0.041 0.025 0.002
Year-month FE Yes Yes Yes Yes Yes Yes Yes
Branch FE Yes Yes Yes Yes Yes Yes Yes
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Table 5: Panel regressions of commission rates dispersion on the number of brokers in
a city
This table reports the results from panel regressions of various commission rate distribu-
tion variables on the logarithm of the number of brokers in a city. The dispersion variables
are defined as per Fig. 7. In all regressions, we include year-quarter fixed effects and city
fixed effects. Standard errors are clustered by city. Statistical significance at the 10%, 5%,
and 1% levels is indicated by *, **, and ***, respectively.

(1) (2) (3) (4) (5) (6)

𝑃10
𝑀𝑒𝑎𝑛

𝑃25
𝑀𝑒𝑎𝑛

𝑃75
𝑀𝑒𝑎𝑛

𝑃90
𝑀𝑒𝑎𝑛

𝑃90 − 𝑃10
𝑀𝑒𝑎𝑛

𝑆𝑡𝑑
𝑀𝑒𝑎𝑛

𝑙𝑜𝑔(𝑁𝐵𝑟𝑜𝑘𝑒𝑟𝑠)
-0.376*** -0.206*** 0.252*** 0.247*** 0.624*** 0.150***
(-3.997) (-7.233) (3.932) (4.519) (6.261) (3.238)

Obs 2,642 2,642 2,642 2,642 2,642 2,642
Adj-𝑅2 0.361 0.327 0.119 0.219 0.306 0.443
Year-quarter FE Yes Yes Yes Yes Yes Yes
City FE Yes Yes Yes Yes Yes Yes
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Table 6: Difference-in-differences analyses of dispersion
This table reports results from the following difference-in-differences regressions of the
dispersion of commission rates: 𝑌𝑖𝑡 = 𝛽 𝑇𝑟𝑒𝑎𝑡𝑖 ∗ 𝑃𝑜𝑠𝑡𝑡 + 𝛾cohort(𝑖) + 𝜆branch(𝑖) + 𝛿event(𝑡) + 𝜖𝑖𝑡,
where the dependent variable is a measure of the dispersion of commission rates. We
consider two measures: (1) the standard deviation of the commission rates divided by the
mean commission rates; (2) the difference between the 90th and the 10th percentiles of
the commission rates, also divided by the mean commission rates. The dispersion mea-
sures are calculated at the branch-quarter level based on new investors, defined as those
opening accounts in that branch and quarter. 𝑇𝑟𝑒𝑎𝑡𝑖 equals one for treated branches and
zero otherwise. 𝑃𝑜𝑠𝑡𝑡 equals zero for the pre-event quarters and one otherwise. We in-
clude cohort, branch, and event-time fixed effects in the regression. Standard errors are
clustered by branch. Statistical significance at the 10%, 5%, and 1% levels is indicated by
*, **, and ***, respectively.

(1) (2) (3) (4)

Std/Mean Std/Mean 𝑃90 − 𝑃10
𝑀𝑒𝑎𝑛

𝑃90 − 𝑃10
𝑀𝑒𝑎𝑛

Treat×Post
0.178*** — 0.206*** —
(2.641) (2.806)

Treat×𝑇−4
— 0.226 — 0.140

(1.427) (1.181)

Treat×𝑇−3
— 0.044 — 0.057

(0.381) (0.564)

Treat×𝑇−2
— 0.101 — 0.142

(0.826) (1.099)

Treat×𝑇0
— 0.154* — 0.243**

(1.694) (2.017)

Treat×𝑇1
— 0.160* — 0.178*

(1.686) (1.805)

Treat×𝑇2
— 0.324*** — 0.255**

(3.085) (2.309)

Treat×𝑇3
— 0.326*** — 0.364***

(3.221) (2.868)
Obs 1,282 1,282 1,282 1,282
Adj-𝑅2 0.392 0.396 0.419 0.420
Cohort FE Yes Yes Yes Yes
Branch FE Yes Yes Yes Yes
Event-time FE Yes Yes Yes Yes
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Table 7: Parameter estimates fromMSM
This table reports parameter estimates from method of simulated moments. The estima-
tion procedure is detailed in Section IA.4.

Parameter Meaning Estimates

𝛼 Rate of investor attention 0.1213

𝑀𝐶𝑡 Marginal cost at time 𝑡 See Fig. IA.5a

𝜋̃𝑘𝑡 Perceived prior at each branch-quarter
pair (𝑘, 𝑡)

See Fig. 9a and IA.5a

𝜅𝑘 Naive investor’s base search cost See Fig. 9b

𝑚 Load of trading volume in naive in-
vestor’s search cost

0.7655

𝑡0 Intensity of initial interaction 0.1599

𝜎 Rate of learning on investor type 0.2880
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IA.1 Definition of Investor Biases

In this appendix, we provide details about how to compute themeasures of investor biases

that we consider in this paper.

A. The Disposition Effect

The first bias we consider is the disposition effect — the tendency to sell stocks that

earn capital gains rather than stocks that incur capital losses — which is perhaps the most

robust empirical finding on investor trading (Shefrin and Statman, 1985; Odean, 1998).

To examine the disposition effect, we first construct a holding sample that contains ob-

servations for all investor-stock-day triples. Following the literature (Seru et al., 2010;

Ben-David and Hirshleifer, 2012), we count every purchase of a stock as the beginning of

a new position, and a position ends on the date the investor liquidates all of her holdings.

Investor-days on which an investor does not trade are included in the analysis. Purchases

and sales are aggregated on a daily basis for each investor-stock. Those days on which a

positionwas sold (including partial sales) are defined as selling days. We restrict our anal-

yses to common stocks and exclude positions for which we do not have information on

the purchase price (value-weighted average price), which primarily arise if investors pur-

chased stocks before the start of our sample period. We calculate holding-period returns

after adjusting for stock splits and dividends. Information on stock prices and distribu-

tion comes from the China Stock Market and Accounting Research Database (CSMAR).

On day 𝑡 when an investor can sell a stock, it is considered at a gain if the stock’s purchase

price is lower than the closing price on day 𝑡−1. We then calculate the proportion of gains

realized (PGR) and the proportion of losses realized (PLR) based on the investor-stock-day

sample. The disposition effect is defined as PGR/(PGR+PLR).

B. Lottery preference

We calculate each investor’s lottery preference using the value-weighted percentage of

lottery stocks an investor buys, where lottery stocks are defined following Kumar (2009).

Specifically, at the end of each month t, across all domestically listed Chinese stocks,

across all domestically listed Chinese stocks, those with a stock price at the end of month

𝑡 − 1 below the median, idiosyncratic volatility higher than the median, and idiosyncratic
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skewness higher than the median are classified as lottery stocks. We calculate idiosyn-

cratic volatility and idiosyncratic skewness using daily data from the past six months.

Idiosyncratic volatility is the variance of the residuals obtained by fitting a one-factor

model, where the factor is the market excess return. Idiosyncratic skewness is the scaled

measure of the third moment of the residuals obtained by fitting a two-factor model to

daily stock returns, where the two factors are excess market returns and squared excess

market returns (Harvey and Siddique, 2000).

C. Underdiversification

For an investor, we count the number of stocks in her portfolio every day and use the

time-series average as our measure of diversification. For all other bias measures, a higher

value is associatedwith a stronger bias. To ease exposition, we use the negative value of the

natural logarithm of the average number of stocks as our measure of underdiversification.

D. Local bias

It is well documented that investors tend to buy stocks geographically close to them.

Our measure of local bias is the benchmark-adjusted average distance between an in-

vestor’s residence city and the headquarters of the stocks they bought. We assume that

an investor lives in the city where her brokerage branch is located, as Chinese investors

typically open an account near where they reside (Feng and Seasholes, 2004). We first cal-

culate the value-weighted average distance (in kilometers) between an investor and her

purchased stocks. The benchmark is the market capitalization-weighted average distance

between this investor’s city and the headquarters of all the listed stocks. The informa-

tion about the firm headquarters is from CSMAR. Our local bias measure is defined as

𝐿𝑜𝑔(1 + 𝑏𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒) − 𝐿𝑜𝑔(1 + 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒). Investors for whom the bench-

mark distance is longer than the average distance are more likely to exhibit local bias.

E. Extrapolation

Investors tend to buy stocks with abnormally high past returns (Barber and Odean,

2013). Our extrapolation measure is calculated as volume-weighted average stock excess

returns, where the excess return of a stock is calculated as the return on the stock over the

120 trading days preceding the purchase minus the market return over the same period.

F. The rank effect
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The “rank effect” refers to the fact that investors have a greater tendency to sell their

best and worst positions when ranked by holding-period returns (Hartzmark, 2015). We

estimate the rank effect at the individual level using the following regression:

𝑆𝑒𝑙𝑙𝑖,𝑘,𝑡 = 𝜑𝑖 + 𝛾𝑖 ∗ 𝐸𝑥𝑡𝑟𝑒𝑚𝑒𝑖,𝑘,𝑡−1 + 𝜖𝑖,𝑘,𝑡, (IA.1)

where 𝑆𝑒𝑙𝑙𝑖,𝑘,𝑡 is a dummy variable that equals 1 if investor 𝑖 sells stock 𝑘 (fully or par-

tially) on day 𝑡 and 0 otherwise; 𝐸𝑥𝑡𝑟𝑒𝑚𝑒𝑖,𝑘,𝑡−1 is a dummy variable that takes the value

of one if stock 𝑘 has the highest or lowest return in investor 𝑖’s portfolio on day 𝑡 − 1 and

zero otherwise. Following (Hartzmark, 2015), we restrict the sample to investor-days in

which the investor sold at least one stock and there are at least five stocks in the investor’s

portfolio. A higher value of ̂𝛾𝑖 indicates a higher rank effect.
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IA.2 Endogenous Search

This section attempts to endogenize investors’ reserve price from a model of search costs.

We model investor’s problem every time investors pay attention to commissions either in

the entry stage or the trading stage. Investors evaluate the broker’s offer with imperfect

dynamic foresight. They assume that they would hold this offer in their trading in all

future periods. With no implication for trading, the disutility from commissions is

𝑢(𝑝, 𝑞) = 
∞

𝑡=0
𝑒−𝜌𝑡(−𝑝𝑞)𝑑𝑡 = −𝑞𝜌𝑝.

Following Stahl (1989), we suppose smart investors have search costs 𝜅𝑠 = 0, and naive

investors have search costs 𝜅𝑑 > 0. Moreover, investors with larger trading volume are

often richer and have a higher opportunity cost for search, so we further parameterize

𝜅𝑑 = 𝜅𝑞𝑚, with 𝑚 ∈ [0, 1] being a constant to be determined later.

Given an observed price 𝑧, the investor will weigh the expected surplus against its

exogenous search cost to decide if it continues to search, i.e.,


𝑧

𝜙(1)

𝑞
𝜌 (𝑧 − 𝑝)𝑑𝐺𝑖(𝑝) = 𝜅𝑖 ⟺ 𝑧 = 𝔼𝑝∼𝐺𝑖 [𝑝|𝑝 ≤ 𝑧] + 𝜌𝜅𝑖

𝑞 . (IA.2)

This generates a unique reserve price 𝑧 = 𝑟𝑖, 𝑖 = 𝑠, 𝑑. Consumer 𝑖 would continue to search

if 𝑧 > 𝑟𝑖 and stop searching if 𝑧 < 𝑟𝑖. With 𝜅𝑠 = 0, smart investors continue to search with

probability one. Meanwhile, brokers would never respond with a price higher than naive

investors’ reserve price. So for any 𝑝 ≤ 𝑟𝑑, 𝔼𝑝∼𝐺𝑑 [𝑝|𝑝 ≤ 𝑧] = 𝔼𝑝∼𝐺𝑑 [𝑝] = 𝔼𝜋∼𝐹𝑑 [𝜙(𝜋; 𝑟
𝑑)],

and the reserve price of naive investors 𝑟𝑑 should satisfy

𝑟𝑑 = 𝔼𝜋∼𝐹𝑑 [𝜙(𝜋; 𝑟
𝑑)] + 𝜌𝜅𝑑

𝑞 (IA.3)

= 𝑀𝐶 + (𝑟𝑑 −𝑀𝐶)𝔼𝜋∼𝐹𝑑 [𝜇(𝜋)] +
𝜌𝜅
𝑞1−𝑚 . (IA.4)

This gives

(𝑟𝑑 −𝑀𝐶)⒧1 − 𝔼𝜋∼𝐹𝑑 [𝜇(𝜋)]⒭ =
𝜌𝜅
𝑞1−𝑚 .
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Notice that𝔼𝜋∼𝐹𝑑 [𝜇(𝜋)] = ∫
1
0 𝜇(𝜋)𝑓𝑑(𝜋)𝑑𝜋 < ∫

1
0 𝑓𝑑(𝜋)𝑑𝜋 = 1, so we can rewrite the equation

as

𝑟𝑑 = 𝑀𝐶 + 𝜌
1 − 𝔼𝜋∼𝐹𝑑 [𝜇(𝜋)]

⋅ 𝜅
𝑞1−𝑚 ≡ 𝑀𝐶 + 𝐴𝜅

𝑞1−𝑚 ,

where 𝐴 = 𝜌
1−𝔼𝜋∼𝐹𝑑 [𝜇(𝜋)]

is a constant that does not depend on 𝑀𝐶 or 𝑟𝑑 since 𝜇(𝜋) and 𝑓𝑠(𝜋)

both don’t depend on them. This functional form justifies our parametrization of reserve

price in Section 4.

IA.3 Proofs

Proof of Proposition 4.1:

Lemma 3.1.1: The value function 𝑣 is convex on (0, 1), i.e., 𝑣′′(𝜋) ≥ 0.

Proof of Lemma3.1.1: Let𝑄(𝜋) = 2𝜎2(𝜌+𝛼)
𝜋2(1−𝜋)2 ≥ 0,𝑅(𝜋) = 𝛼(1−𝜋+𝜋𝐹𝑛

𝑠 (𝜋))(𝑣(𝜋𝐴)+ 𝜇(𝜋)
𝜌+𝛼 ) ≥ 0

since 𝑣(𝜋𝐴) + 𝜇(𝜋)
𝜌+𝛼 = 𝑉(𝜙(𝜋),𝑀𝐶,𝜋𝐴)

(𝑟𝑑−𝑀𝐶)𝑞 ≥ 0. We can then write Eq. (9) as a Dirichlet problem

−𝑣′′(𝜋) + 𝑄(𝜋)𝑣 = 𝑅(𝜋).

We first define a boundary filter 𝜓 that satisfies 𝜓′′(𝜋) = 𝑄(𝜋)𝜓 and 𝜓(0) = 𝑣(0), 𝜓(1) =

𝑣(1). The one-dimensional minimum principle guarantees that 𝜓(𝜋) ≥ 0 since 𝜓(0) ≥

𝜓(1) ≥ 0. Since 𝑄(𝜋) ≥ 0, we know 𝜓′′(𝜋) ≥ 0.

Now let 𝑤 = 𝑣 − 𝜓. We have 𝑤(0) = 𝑤(1) = 0, and

−𝑤′′(𝜋) + 𝑄(𝜋)𝑤 = 𝑅(𝜋).

We can then use a Green function representation to characterize 𝑤. The local operator

ℒ[𝑢] ∶= −𝑢′′+𝑄𝑢 has a Green function𝐺(𝜋, 𝑠) > 0which is 𝒞2 off the diagonal and satisfies

for each fixed 𝑠, ℒ𝜋𝐺(𝜋, 𝑠) = 𝛿(𝜋 − 𝑠). Since 𝑤 solves ℒ[𝑤] = 𝑅, we can write

𝑤(𝜋) = 
1

0
𝐺(𝜋, 𝑠)𝑅(𝑠)𝑑𝑠,
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whose second derivative is

𝑤′′(𝜋) = 
1

0
𝐺𝜋𝜋(𝜋, 𝑠)𝑅(𝑠)𝑑𝑠.

It is also known that the Green function can be written as

𝐺(𝜋, 𝑠) =
⎧⎪⎪⎪
⎨⎪⎪⎪
⎩

𝑔1(𝜋)𝑔2(𝑠)/𝑊̂ if 𝜋 < 𝑠,

𝑔1(𝑠)𝑔2(𝜋)/𝑊̂ if 𝜋 > 𝑠,

where 𝑔1, 𝑔2 both solve the homogeneous equation −𝑔 ′′ + 𝑄(𝜋)𝑔 = 0. Therefore, 𝐺𝜋𝜋 =

𝑄(𝜋)𝐺(𝜋, 𝑠) ≥ 0, so 𝑤′′(𝜋) ≥ 0.

Since we have shown that 𝜓′′(𝜋) ≥ 0, so 𝑣′′(𝜋) = 𝜓′′(𝜋) + 𝑤′′(𝜋) ≥ 0. 𝑣 is convex.

Lemma 3.1.2: Let

𝑇(𝜋) = 𝜇(𝜋)
𝜌 + 𝛼 + 𝑣(𝜋𝐴) + (1 − 𝜋𝐴)𝑣′(𝜋𝐴),

then 𝑇(𝜋) ≥ 0 for any 𝜋 ∈ [0, 1].

Proof of Lemma 3.1.2: We first notice that 𝑇(0) ≥ 0. This is because 𝜇(𝜋) ≤ 𝜇(0) = 1

for any 𝜋, so 𝜇′(0) ≤ 0, which means that 𝑇(0) ≥ 0. Also 𝑇(1) = 𝜇(1)
𝜌 ≥ 0.

Suppose there exists 𝜋 ∈ [0, 1] such that 𝑇(𝜋) < 0. We let 𝜋∗ = inf{𝜋 ∶ 𝑇(𝜋) ≤ 0}. This

means that 𝑇(𝜋) ≥ 0 for any 𝜋 ≤ 𝜋∗, 𝑇(𝜋∗) = 𝜇′(𝜋∗) = 0, and 𝑇 ′(𝜋∗) < 0. Now compute the

derivative of 𝑇 at 𝜋∗:

𝑇 ′(𝜋∗) = 𝜇′(𝜋)
𝜌 + 𝛼 + 𝑣′(𝜋𝐴)𝜋′

𝐴(𝜋) + (1 − 𝜋𝐴)𝑣′′(𝜋𝐴)𝜋′
𝐴(𝜋) − 𝜋′

𝐴(𝜋)𝑣′(𝜋𝐴)

= (1 − 𝜋𝐴)𝑣′′(𝜋𝐴)𝜋′
𝐴(𝜋) ≥ 0

since 𝜋𝐴 < 1, 𝑣′′(𝜋𝐴) ≥ 0 by Lemma 3.1.1, and 𝜋′
𝐴(𝜋) ≥ 0 by definition of 𝜋𝐴. This leads to

a contradiction. So 𝑇(𝜋) ≥ 0 for any 𝜋.

Proof of Proposition: From Eq. (10), we have

𝜇′(𝜋) = −𝜇(𝜋)𝑇(𝜋).
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Since 𝑇(𝜋) ≥ 0, and 𝜇(0) ≥ 𝜇(1) ≥ 0, it follows that 𝜇′(𝜋) ≤ 0. This proves that the pricing

rule 𝜙(𝜋) = 𝑀𝐶 + (𝑟𝑑 −𝑀𝐶)𝜇(𝜋) is decreasing in 𝜋.

We have shown that 𝜋𝑡 = 𝑒𝑥𝑡
1+𝑒𝑥𝑡 , where 𝑥𝑡 follows a normal distribution conditional

each investor type. Notice that 𝔼[𝑥𝑡|𝑖 = 𝑠] > 𝔼[𝑥𝑡|𝑖 = 𝑑] and 𝑉𝑎𝑟[𝑥𝑡|𝑖 = 𝑠] = 𝑉𝑎𝑟[𝑥𝑡|𝑖 = 𝑑]

for any 𝑡 > −𝑡0, we have 𝐹𝑠 has first-order stochastic dominance over 𝐹𝑑. Since 𝜙 is a

monotonically decreasing function and 𝐺𝑖(𝜙(𝜋)) = 1 − 𝐹𝑖(𝜋), we obtain 𝐺𝑑 has first-order

stochastic dominance over 𝐺𝑠.

Proof of Proposition 4.2:

We have already shown 𝜇(𝜋) is also decreasing in 𝜋. Since 𝑣(1) = 1
𝜌𝜇(1) ≥ 0, we have

𝜇(1) ≥ 0, which means that 𝜇(𝜋) ≥ 0 for any 𝜋 ∈ [0, 1] by monotonicity.

Suppose there exists 𝜋 ∈ [0, 1) such that 𝜇(𝜋) = 0, then let 𝜋0 = inf{𝜋 ∶ 𝜇(𝜋) = 0}.

Since 𝜇 is non-increasing and 𝜇(𝜋) ≥ 0, we have 𝜇(𝜋) = 𝜇′(𝜋) = 0 for any 𝜋 ∈ [𝜋0, 1].

Plug this into Eq. (10), we have 𝑇(𝜋) = 𝑣(𝜋𝐴) + (1 − 𝜋𝐴)𝑣′(𝜋𝐴) = 0 for any 𝜋 ∈ [𝜋0, 1] or

𝜋𝐴 ∈ [𝜋𝐴(𝜋0), 1]. This means that 𝑣(𝜋) = 𝑐(1 − 𝜋) for 𝜋 ∈ [𝜋𝐴(𝜋0), 𝜋0] and a constant 𝑐, so

𝑣′′(𝜋) = 0. If 𝑐 ≠ 0, then (𝜌 + 𝛼)(1 − 𝜋) = 𝛼(1 − 𝜋 + 𝜋𝐹𝑠(𝜋)𝑛)(1 − 𝜋𝐴) = 𝛼(1 − 𝜋), so 𝜌 = 0,

which is a contradiction.

If 𝑐 = 0, then 𝑣(𝜋) = 0 for 𝜋 ∈ [𝜋𝐴(𝜋0), 1]. Now consider 𝜋1 ∈ (𝜋𝐴(𝜋0), 𝜋0), then 𝑣(𝜋1) =

𝑣′(𝜋1) = 𝑣′′(𝜋1) = 0, 𝜇(𝜋1) > 0. Plug this back to Eq. (9), we have 𝑣(𝜋𝐴(𝜋1)) + 𝜇(𝜋1)
𝜌+𝛼 = 0,

which means that 𝑣(𝜋𝐴(𝜋1)) < 0. Since 𝑣(𝜋𝐴(𝜋0)) = 0, there exists 𝜋2 ∈ [𝜋𝐴(𝜋0), 𝜋1] such

that 𝑣(𝜋𝐴(𝜋2)) < 0 and 𝑣′(𝜋𝐴(𝜋2)) < 0. Similarly, we still have 𝑣(𝜋𝐴(𝜋2)) + 𝜇(𝜋2)
𝜌+𝛼 = 0. Plug

this to 𝐸𝑞. (10), we get 𝑇(𝜋2) = 𝑣′(𝜋𝐴(𝜋2))(1 − 𝜋𝐴(𝜋2)) < 0. However, we have proved that

𝑇(𝜋) ≥ 0, so this leads to another contradiction.

Therefore, we conclude that 𝜇(𝜋) > 0, and thus 𝜙(𝜋; 𝑟𝑑) > 𝑀𝐶 𝜋 ∈ [0, 1). Lastly,

notice that 𝑟𝑠 is neither involved in the broker nor in the investor’s problem, so 𝑟𝑠 does

not affect any outcomes. Moreover, if 𝑟𝑑(𝑞) is a decreasing function as we parameterized

𝑟𝑑(𝑞) = 𝑀𝐶 + 𝜅
𝑞1−𝑚 , then 𝜙(𝜋) is also decreasing with 𝑞.
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Proof of Proposition 4.4:

Suppose the distribution of belief conditional on investor type at time 𝑡 is 𝜋𝑖𝑡 ∼ 𝐹𝑖𝑡. We

have shown that 𝜋𝑖𝑡 = 𝑒𝑥𝑖𝑡
1+𝑒𝑥𝑖𝑡 = 𝑙𝑜𝑔𝑖𝑡(𝑥𝑖𝑡), and 𝑥𝑖𝑡 follows a normal distribution for each

𝑖 = 𝑠, 𝑑.

As a primer, monotone functions preserve a one-to-one mapping between quantiles.

This means that the 𝜏 − 𝑡ℎ of smart investors pricing

𝑝𝑠 = 𝜙(𝜋̄𝑠𝑡) = 𝜙(𝑙𝑜𝑔𝑖𝑡( ̄𝑥𝑠𝑡)) = 𝜙 ⒧𝑙𝑜𝑔𝑖𝑡 ⒧𝑥−𝑡0 +
𝑡 + 𝑡0
2𝜎2 ⒭⒭ ,

𝑝𝑑 = 𝜙(𝜋̄𝑑𝑡) = 𝜙(𝑙𝑜𝑔𝑖𝑡( ̄𝑥𝑑𝑡)) = 𝜙 ⒧𝑙𝑜𝑔𝑖𝑡 ⒧𝑥−𝑡0 −
𝑡 + 𝑡0
2𝜎2 ⒭⒭ ,

where 𝜋̄𝑖𝑡, ̄𝑥𝑖𝑡 are the median of 𝜋 and 𝑥 at time 𝑡 for investor type 𝑖. With 𝜙 a decreasing

function and 𝑙𝑜𝑔 𝑖𝑡 an increasing function, 𝑝𝑠 is decreasing in 𝑡, and 𝑝𝑑 is increasing in 𝑡.

Therefore, 𝑝𝑠(𝑡) − 𝑝𝑑(𝑡) is increasing in 𝑡.

Proof of Proposition 4.5:

By the fundamental theorem of calculus, we have

𝜇(𝜋) − 𝜇(0) = 
𝜋

0
𝜇′(𝑥)𝑑𝑥 = −

𝜋

0
(𝜌 + 𝛼)𝐻(𝑥)𝑇(𝑥)𝑑𝑥.

Since both 𝑣 and𝜇 are bounded in [0, 1], 𝑇 is bounded in [0, 1]. We can let𝑀 = sup𝜋∈[0,1]{𝑇(𝜋)}.

So 𝜇(𝜋) ≥ 1 −𝑀 ∫
𝜋
0 𝐻(𝑥)𝑑𝑥. Notice that

𝐻(𝑥) = 𝑛𝐹𝑛−1
𝑠 (𝑥) 𝑥𝑓𝑠(𝑥)

1 − 𝑥 + 𝑥𝐹𝑛
𝑠 (𝑥)

≤ 𝑛𝐹𝑛−1
𝑠 (𝑥) 𝑓𝑠(𝑥).

Also notice that 𝐹𝑠(𝑥) ≤ 𝐹𝑠(𝜋) < 𝐹𝑠(1) = 1. Let ̄𝑓𝑠 = sup𝑥∈[0,1] 𝑓𝑠(𝑥) and ̃𝐹𝑠 = − ln𝐹𝑠(𝜋) > 0,

so we have

lim
𝑛→∞

𝑛𝐹𝑠(𝜋)𝑛−1 = lim
𝑛→∞

𝑛
𝑒 ̃𝐹𝑠𝑛

= lim
𝑛→∞

1
̃𝐹𝑠𝑒 ̃𝐹𝑠𝑛

= 0

by l’Hôpital’s rule. By definition of limit, for any 𝜖 > 0, we know there exists𝑁𝜖 such that

for any 𝑛 > 𝑁𝜖, 𝑛𝐹𝑠(𝜋)𝑛−1 < 𝜖
̄𝑓𝑠𝑀

, which means that 𝑛𝐹𝑠(𝑥)𝑛−1 < 𝜖
̄𝑓𝑠𝑀

for any 𝑥 ∈ [0, 𝜋] since
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𝐹𝑠 is increasing. Therefore, we have

𝜇(𝜋) ≥ 1 −𝑀
𝜋

0
𝐻(𝑥)𝑑𝑥

≥ 1 −𝑀 ̄𝑓𝑠 
𝜋

0
𝑛𝐹𝑛−1

𝑠 (𝑥)𝑑𝑥

≥ 1 −𝑀 ̄𝑓𝑠𝜋
𝜖
̄𝑓𝑠𝑀

≥ 1 − 𝜖.

In conclusion, we proved that for any 𝜖 > 0, there exists 𝑁𝜖 such that for any 𝑛 > 𝑁𝜖,

0 ≤ 1 − 𝜇(𝜋) < 𝜖. So 𝜇(𝜋) converges point-wise to 1 for 𝜋 ∈ [0, 1).

IA.4 Estimation Details

1. We set the annual discount rate 𝜌 = 0.0995 following Gormsen and Huber (2025).¹

We measure 𝜆𝑜𝑢𝑡 = 0.0046 using public data from Shenzhen Stock Exchange. Thus,

̃𝜌 = 𝜌 + 𝜆𝑜𝑢𝑡 = 0.1041 in our analysis.

2. We calibrate 𝜆𝑜𝑢𝑡 using data from Shenzhen Stock Exchange (2017). Page 473 of

the report documents each year’s total number of investors and new investors. We

estimate the investors’ exit rate by taking the average for 𝑡 = 2007, 2008, ...2017

Exiting Investors𝑡 = New Investors𝑡 + All Investors𝑡−1 − All Investors𝑡,

𝜆𝑜𝑢𝑡 = 1
11

2017


𝑡=2007

Exiting Investors𝑡
All Investors𝑡

.

3. We measure 𝑛𝑘𝑡 directly from our data as the average number of competing brokers

in each prefecture over time.

4. We measure 𝛼̂ as the average attention frequency in our data, defined as the average

number of times each investor’s commission rate is updated. For example, if the

¹The discount rate is not identified inmost dynamicmodels. We therefore follow the literature and calibrate
its value using existing evidence. While comparable data from China are unavailable, we approximate
brokers’ discount rates using the average discount rate for Japanese firms, measured directly from earnings
call.
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commission rate is updated twice per year for the average investor, then 𝛼 = 2.

5. From this point on, we focus on the subsample where the commission rate was up-

dated. We first estimate 𝑀𝐶𝑡 by taking 𝑞 → ∞ in Eq. (1), which implies that

𝑀𝐶𝑡 = lim
𝑞→∞

𝑟𝑑𝑘𝑡(𝑞) = lim
𝑞→∞

𝜙𝑡(𝜋|𝑞).

We approximate this limit by selecting, in each quarter 𝑡 across all branches, the

investors with the top 10% trading volume and taking the mean of the lowest 10%

of their commission rates as our estimate of 𝑀𝐶𝑡.

6. Note that the reserve price of naive investors is defined for those deemed naive, i.e.,

𝑟𝑑(𝑞) = 𝜙(𝜋 = 0|𝑞). For each quarter 𝑡 and branch 𝑘, we proxy for 𝜙(𝜋 = 0|𝑞) by

the highest 10% of commission rates within each trading volume bin. This yields

estimates of naive investors’ reserve prices at the quarter-branch-volume level, 𝑟𝑑𝑘𝑡(𝑞).

7. Define 𝜅̄𝑘 = 𝐴𝑘𝜅𝑘.² We estimate two parameters 𝜅̄𝑘 and 𝑚 for each branch using

Eq. (1):

𝑟𝑑𝑘𝑡(𝑞) − 𝑀𝐶𝑡 =
𝜅̄𝑘

𝑞1−𝑚 .

Take logs, we obtain

ln(𝑟𝑑𝑘𝑡(𝑞) − 𝑀𝐶𝑡) = ln(𝜅̄𝑘) − (1 − 𝑚) ln 𝑞.

This is a linear model with ln(𝑟𝑑𝑘𝑡(𝑞)−𝑀𝐶𝑡) as the dependent variable and ln(𝑞) as the

independent variable. The slope term (1 − 𝑚) is a constant, but the intercept term

ln(𝜅̄𝑘) may vary across locations.

We employ a within-estimator to estimate 𝜅̄𝑘 and𝑚. We first demean both ln(𝑟𝑑𝑘𝑡(𝑞)−

𝑀𝐶𝑡) and ln(𝑞) at each branch 𝑘, so that they are mean-zero at the branch level.

We then run a linear regression of the demeaned ln(𝑟𝑑𝑘𝑡 − 𝑀𝐶𝑡) on demeaned ln(𝑞)

without constant, pooling data across all quarters, to recover the −(1 − 𝑚) and thus

²Note that 𝐴𝑘 =
𝜌

1−𝔼𝜋∼𝐹𝑑 [𝜇𝑘 (𝜋)]
depends on the parameter 𝜇𝑘 , which varies across branches.
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the constant 𝑚. Finally, we estimate

ln( ̄𝜅𝑘) = 𝔼𝑘[ln(𝑟𝑑𝑘𝑡(𝑞) − 𝑀𝐶𝑡)] + (1 − 𝑚̂)𝔼𝑘[ln(𝑞)]. ∀𝑘

This is equivalent to matching the following moments:

∀𝑘, 𝔼 ln(𝑟𝑑𝑘𝑡(𝑞) − 𝑀𝐶𝑡) − ln(𝜅̄𝑘) + (1 − 𝑚) ln(𝑞) = 0.

𝔼⒧ln(𝑟𝑑𝑘𝑡(𝑞) − 𝑀𝐶𝑡) − 𝔼𝑘[ln(𝑟𝑑𝑘𝑡(𝑞) − 𝑀𝐶𝑡)] + (1 − 𝑚)[ln(𝑞) − 𝔼𝑘[ln(𝑞)]]⒭

×⒧ln(𝑞) − 𝔼𝑘[ln(𝑞)]⒭ = 0.

8. With the estimated 𝜅̄𝑘 and𝑀𝐶𝑡, we compute the empirical markup for each investor

𝑖 in quarter 𝑡 as
𝜇𝑘𝑡(𝜋𝑖𝑡) =

𝑝𝑖𝑡 −𝑀𝐶𝑡

𝑟𝑑𝑘𝑡(𝑞𝑖𝑡) − 𝑀𝐶𝑡
= 𝑝𝑖𝑡 −𝑀𝐶𝑡

𝜅̄𝑘/𝑞1−𝑚
.

9. We then guess a pair of values (𝑡0, 𝜎) as the outer loop of the subsequent estimation.

These parameters are ultimately calibrated to match the variance of initial commis-

sion rates and the covariance of the commission rate variance and account age.

10. We iterate over each branch-quarter pair (𝑘, 𝑡) , guessing a value of 𝜋̃𝑘𝑡 as the inner

loop. Given 𝜋̃𝑘𝑡 and the empirical 𝑛𝑘𝑡, we simulate the policy function 𝜇𝑘𝑡 for each

branch. Using this function, we further simulate |𝐼| investors in branch-quarter

(𝑘, 𝑡) and compute the theoretical average markup of initial commissions, 𝜇̂𝑘𝑡. We

then search for the 𝜋̃𝑘𝑡 that equates the theoretical and empirical means:

1
|𝐼| 

𝑖∈𝐼𝑘,𝑡

𝜇𝑘𝑡(𝜋𝑖𝑡) = 𝜇̄𝑘𝑡.

11. Given the estimated 𝜋̃𝑘𝑡 from the inner loop, we recalculate the policy function 𝜇𝑘𝑡.

We then simulate |𝐼| individuals in each market, each entering at time 𝑡, and track

their commission paths over the next ℎ quarters. We compute the theoretical average

of standard deviation of 𝜇 among all investors who entered at time 𝑡 with age ℎ,

12



denoted 𝜎𝑡ℎ. Finally, we regress 𝜎𝑡ℎ on ℎ to obtain 𝛾ℎ
0 and 𝛾ℎ

1 .

12. Meanwhile, we measure 𝜎̂𝑡ℎ, the standard deviation of𝜇𝑘𝑡(𝜋𝑖𝑡) from data at each time

𝑡 for each account age ℎ. We then regress 𝜎̂𝑡ℎ on ℎ to obtain 𝛾̂ℎ
0 and 𝛾̂ℎ

1 . The outer

loop searches over (𝑡0, 𝜎) to find the values that satisfy

𝛾ℎ
0 = 𝛾̂ℎ

0 , 𝛾ℎ
1 = 𝛾̂ℎ

1 .

13. Finally, we recover the baseline search cost 𝜅𝑘 by computing themarket environment

parameter at each branch 𝐴𝑘 =
𝜌

1−𝔼𝜋∼𝐹𝑑 [𝜇𝑘(𝜋)]
and divide it from ̄𝜅𝑘

𝜅𝑘 = ̄𝜅𝑘/𝐴𝑘.

We also recover the smart entrant fraction parameter 𝜋̄𝑘𝑡 from brokers’ perceived

prior 𝜋̃𝑘𝑡 from

𝜋̄𝑘𝑡 =
𝜋̃𝑘𝑡

1 + 𝑛𝑘𝑡
𝑛𝑘𝑡+1

𝛼
𝜆𝑜𝑢𝑡 (1 − 𝜋̃𝑘𝑡)

.

IA.5 Additional Tables and Figures
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Table IA.1: Extensive and intensive margin analyses of initial commission rates
This table examines the relationship between the initial commission rate and investor
characteristics, including age, gender, portfolio size, and the per capita GDP (in thousand
Yuan) of their city of residence, using linear regression. The dependent variable Discount
dummy is a dummy that equals 1 if and only if the initial commission rate is strictly lower
than the regulatory cap (i.e., 30 bps). The dependent variableDiscount size is defined as the
difference between the regulatory cap (i.e., 30 bps) and the actual initial commission rate.
In the lower panel, we only include observations with 𝐷𝑖𝑠𝑐𝑜𝑢𝑛𝑡 𝑠𝑖𝑧𝑒 > 0. Age denotes the
investor’s age (in years) as of the account opening date. Male is a dummy that equals 1 for
men and 0 for women. Portfolio size is the natural logarithm of the total asset value at the
end of the month immediately after the account opening, i.e., month 𝑡 + 1 for investors
who opened their accounts in month 𝑡. In all regressions, we include year-month fixed
effects. Standard errors are clustered by year-month. Statistical significance at the 10%,
5%, and 1% levels is indicated by *, **, and ***, respectively.

(1) (2) (3) (4) (5)
Panel A: Extensive margin

Discount
dummy

Discount
dummy

Discount
dummy

Discount
dummy

Discount
dummy

Age
0.063*** — — — 0.019
(3.257) (0.919)

Male
— -0.644*** — — -0.441***

(-3.368) (-2.695)

Portfolio size
— — 1.695*** — 1.309***

(11.321) (11.366)

GDP per capita
— — — 0.126*** 0.126***

(9.505) (8.867)
Obs 426,793 426,793 419,492 442,243 391,361
Adj-𝑅2 0.553 0.553 0.596 0.572 0.591
Year-month FE Yes Yes Yes Yes Yes

(1) (2) (3) (4) (5)
Panel B: Intensive margin

Discount
size

Discount
size

Discount
size

Discount
size

Discount
size

Age
0.067*** — — — 0.032***

(12.351) (8.939)

Male
— -0.255*** — — -0.107

(-3.047) (-1.424)

Portfolio size
— — 0.819*** — 0.653***

(13.291) (10.562)

GDP per capita
— — — 0.063*** 0.061***

(12.892) (11.510)
Obs 229,211 229,211 232,812 243,776 205,755
Adj-𝑅2 0.313 0.305 0.390 0.424 0.442
Year-month FE Yes Yes Yes Yes Yes
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Table IA.2: Regressions of Behavioral Biases on the Initial Commission Rate
This table is the counterpart of Table 4. All settings are the same as those in Table 4 except
that we measure the biases using data in the first year after account opening.

(1) (2) (3) (4) (5) (6) (7)
DispEff Turnover Lottery UnderDiver LocalBias Extrapola Rank

Panel A: No control

Initial rate
0.075*** -7.091*** 11.193*** 0.498*** 0.033* -0.574 2.440*
(6.816) (-11.886) (16.416) (15.887) (1.908) (-0.720) (1.898)

Obs 371,539 412,258 387,260 417,482 380,106 387,260 148,610
Adj-𝑅2 0.020 0.077 0.038 0.036 0.025 0.070 0.002

Panel B: With controls

Initial rate
0.085*** -10.188*** 8.880*** 0.194*** 0.012 0.704 2.614*
(7.705) (-17.131) (12.113) (5.963) (0.648) (0.786) (1.869)

Portfolio size
0.000 -0.477*** -0.313*** -0.052*** -0.005*** 0.327*** -0.026
(0.231) (-11.689) (-14.980) (-27.079) (-12.028) (6.287) (-0.561)

Age
0.001*** -0.043*** -0.034*** -0.004*** 0.001*** -0.026*** 0.017**

(10.238) (-8.088) (-6.483) (-13.559) (7.290) (-3.414) (2.081)

Male
-0.033*** 2.002*** 0.171*** 0.024*** -0.006*** -0.157 -0.687***

(-23.277) (8.670) (2.987) (5.351) (-3.987) (-1.626) (-4.675)
Obs 353,059 390,490 367,577 395,543 367,577 367,577 141,246
Adj-𝑅2 0.024 0.082 0.040 0.101 0.027 0.063 0.002
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Table IA.3: Regressions of Behavioral Biases on the Initial Commission Rate
This table is the counterpart of Table 4. All settings are the same as those in Table 4 except
that we measure the biases using data in the first two years after account opening.

(1) (2) (3) (4) (5) (6) (7)
DispEff Turnover Lottery UnderDiver LocalBias Extrapola Rank

Panel A: No control

Initial rate
0.068*** -7.048*** 10.738*** 0.464*** 0.006 0.054 2.908***
(6.207) (-11.032) (17.357) (15.046) (0.410) (0.086) (3.134)

Obs 395,919 425,270 404,778 426,680 397,571 404,778 175,307
Adj-𝑅2 0.027 0.062 0.043 0.032 0.028 0.059 0.001

Panel B: With controls

Initial rate
0.077*** -9.362*** 8.785*** 0.227*** -0.005 0.824 3.224***
(6.816) (-15.745) (13.586) (7.248) (-0.338) (1.171) (3.247)

Portfolio size
-0.000* -0.366*** -0.300*** -0.042*** -0.004*** 0.235*** -0.048
(-1.679) (-12.316) (-23.533) (-27.677) (-11.621) (5.600) (-1.395)

Age
0.001*** -0.040*** -0.026*** -0.004*** 0.000*** -0.022*** 0.031***

(11.971) (-5.530) (-6.454) (-15.805) (4.725) (-2.716) (4.426)

Male
-0.034*** 2.023*** 0.195*** 0.033*** -0.006*** -0.316*** -0.730***

(-23.130) (9.576) (3.863) (8.564) (-4.269) (-5.140) (-5.770)
Obs 377,219 403,310 384,907 404,680 384,907 384,907 167,589
Adj-𝑅2 0.031 0.060 0.045 0.088 0.029 0.050 0.002
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Table IA.4: Behavioral biases and the regulatory cap
This table reports results from linear regressions of investor biases on their initial com-
mission rate. The biases are computed using data from month 𝑡 + 2 to the end of our
sample, with 𝑡 being the account opening month). See Appendix IA.1 for the detailed
definitions of these biases. Discount dummy is a dummy that equals 1 if and only if the
initial commission rate is strictly lower than the regulatory cap (i.e., 30 bps). Discount
size (in percentage points) is defined as the gap between the regulatory cap and the ini-
tial commission rate. Portfolio size is the natural logarithm of the total asset value at the
end of the month immediately after the account opening, i.e., month 𝑡 + 1 for investors
who opened their accounts in month 𝑡. Age denotes the investor’s age (in years) as of the
account opening date. Male is a dummy that equals 1 for men and 0 for women. In all
regressions, we include year-month fixed effects and branch fixed effects. Standard errors
are clustered by year-month. Statistical significance at the 10%, 5%, and 1% levels is in-
dicated by *, **, and ***, respectively.

(1) (2) (3) (4) (5) (6) (7)
Disposition

effect Turnover Lottery Under
diversifi.

Local
bias

Extrapo
lation

Rank
effect

Panel A: Regressions on Discount dummy

Discount dummy
-0.013*** 0.987*** -0.758*** -0.040*** -0.002 0.302** -0.383***
(-9.000) (6.825) (-5.711) (-5.301) (-0.703) (2.483) (-2.658)

Portfolio size
-0.001*** -0.127*** -0.264*** -0.019*** -0.001*** 0.061** -0.008

(-10.984) (-7.477) (-31.454) (-18.787) (-6.280) (2.548) (-0.405)

Age
0.001*** -0.042*** -0.020*** -0.005*** 0.000*** -0.029*** 0.040***

(13.440) (-4.458) (-5.682) (-17.416) (3.170) (-4.655) (7.440)

Male
-0.036*** 2.160*** 0.062 0.046*** -0.004*** -0.502*** -0.627***

(-28.216) (11.375) (1.221) (15.957) (-3.280) (-9.001) (-7.734)
Obs 406,198 419,355 406,222 418,705 406,222 406,222 222,703
Adj-𝑅2 0.044 0.050 0.028 0.048 0.041 0.025 0.002
Year-month FE Yes Yes Yes Yes Yes Yes Yes
Branch FE Yes Yes Yes Yes Yes Yes Yes

Panel B: Regressions on Discount size (conditional on 𝐷𝑖𝑠𝑐𝑜𝑢𝑛𝑡 𝑠𝑖𝑧𝑒 > 0)

Discount size
-0.129*** 8.745*** -12.271*** -0.564*** -0.051*** -0.465 -2.508**
(-8.247) (7.666) (-17.211) (-15.481) (-2.744) (-0.715) (-2.473)

Portfolio size
-0.001*** -0.155*** -0.254*** -0.018*** -0.002*** 0.071** 0.001
(-9.218) (-6.658) (-21.412) (-12.029) (-5.307) (2.130) (0.041)

Age
0.001*** -0.054*** -0.031*** -0.005*** 0.000*** -0.044*** 0.042***
(7.283) (-4.806) (-8.731) (-17.477) (2.960) (-5.844) (5.077)

Male
-0.037*** 2.729*** 0.115* 0.050*** -0.005*** -0.305*** -0.822***

(-19.915) (12.057) (1.842) (12.435) (-3.153) (-5.147) (-8.176)
Obs 216,286 224,615 217,346 224,245 217,346 217,346 116,469
Adj-𝑅2 0.038 0.035 0.026 0.061 0.052 0.027 0.002
Year-month FE Yes Yes Yes Yes Yes Yes Yes
Branch FE Yes Yes Yes Yes Yes Yes Yes
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Table IA.5: Sophistication and commission renegotiation
This table reports results of the relationship between investor sophistication and com-
mission renegotiation. Columns (1) and (2) examine the renegotiation probability (i.e.,
extensive margin), and columns (3) and (4) examine the magnitudes of commission rate
reduction conditional on renegotiation (i.e., intensive margin). In columns (1) and (2), the
dependent variable is 𝐼𝐶ℎ𝑎𝑛𝑔𝑒, which equals one if investor 𝑖 received a rate cut in month 𝑡,
and zero otherwise. In columns (3) and (4), the dependent variable is the negative value
of relative percentage changes in commission rates. Specifically, we report the results
based on the following regression: 𝑌𝑖𝑡 = 𝛽 𝑆𝑚𝑎𝑟𝑡𝑖𝑡 + 𝛾 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠 + 𝜖𝑖𝑡. For each cohort of
investors (defined as investors who renegotiate their rates in the same month), we sort
them into two groups (more sophisticated and less sophisticated) by the median value of
their composite bias measure, defined as per Table 2. 𝑆𝑚𝑎𝑟𝑡 equals one for more sophis-
ticated investors and zero otherwise. We sort observations into 30 one-bp bins based on
their pre-change rates and include bin fixed effects in all regressions. Control variables
include the logarithm of lagged portfolio size and the logarithm of lagged turnover value.
Standard errors are clustered by time (year-month). Statistical significance at the 10%,
5%, and 1% levels is indicated by *, **, and ***, respectively.

(1) (2) (3) (4)

𝐼𝐶ℎ𝑎𝑛𝑔𝑒 𝐼𝐶ℎ𝑎𝑛𝑔𝑒
−𝐶ℎ𝑎𝑛𝑔𝑒
Pre-rate

−𝐶ℎ𝑎𝑛𝑔𝑒
Pre-rate

Smart
0.128*** 0.023*** 1.355*** 0.762***

(12.574) (3.011) (13.179) (8.268)

Asset𝑡−1
— 0.077*** — 1.209***

(6.803) (18.297)

Turnover𝑡−1
— 0.086*** — 0.249***

(8.767) (4.485)
Obs 25,010,847 25,010,847 352,672 352,672
Adj-𝑅2 0.264 0.268 0.369 0.382
Bin FE Yes Yes Yes No
Time FE Yes Yes Yes Yes
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Figure IA.1: Ratio between average commission rates by investor group
This figure shows the evolution of commission rates by investor groups. For each cohort
of investors (defined as investors who open their accounts in the same month), we sort
them into two groups by the median value of their composite bias measure, defined as
per Table 3. We report the ratio between the two groups’ average commission rates.
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Figure IA.2: Commission rate cuts in renegotiation by sophistication
For each case of rate renegotiation, we record its pre-change rate. We then group all ob-
servations into 30 bins (each with length of 1 bp) according to the level of their pre-change
rates. For each cohort of investors (defined as investors who renegotiate their rates in the
samemonth), we sort them into two groups (more sophisticated and less sophisticated) by
the median value of their composite bias measure, defined as per Table 2. In each bin of
pre-change rate, we run a regression of changes in commission rates on the Smart dummy
(1 for more sophisticated, 0 for others) with year-month fixed effect. This figure plots the
estimated values ̂𝛽 together with their associated %95 confidence intervals for each bin
of pre-change commission rates. The confidence intervals are computed using standard
errors clustered by year-month. The dependent variable is the negative value of relative
percentage change.
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Figure IA.3: Proportion of account closing by sophistication
We report the proportion of account closing for each quintile of sophistication measured
by the composite bias measure. Four samples are considered. The first is the full sam-
ple. The second incorporates those with average portfolio size no less than 1000 CNY
during a three-month period before account closing. Similarly, the third and the forth
samples consist of investors whose pre-closing portfolio size is no less than 10,000 CNY
and 100,000 CNY, respectively.
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Figure IA.4: Numerical solutions of value function and policy function
This figure shows numerical solutions of value function and policy function with baseline
parameters 𝜌 = 0.0995, 𝜆𝑜𝑢𝑡 = 0.0046, 𝛼 = 0.1213, 𝑡0 = 0.1599, 𝜎 = 0.2880, 𝜋̃ = 0.7488,
and 𝑛 = 1. 𝑣 and 𝜋 are solved simultaneously by a shooting algorithm that makes an
initial guess of 𝑣′(0).
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Figure IA.5: Time trend of estimated parameters
Panel (a) displays the estimated marginal cost (in basis points, left axis), 𝜋̃𝑡 (right axis),
cross-sectional means of the estimated perceived prior 𝜋̃𝑘𝑡, and 𝜋̄𝑡 (right axis), cross-
sectional means of the estimated smart entrant fraction 𝜋̄𝑘𝑡. Panel (b) depicts the time-
series measurement of the monthly cross-branch average number of brokers located in
the host city.
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Figure IA.6: Smart entrant fraction versus population density and number of brokers
This figure presents scatter plots of 𝜋̄𝑘, time-series means of the estimated smart entrant
fraction 𝜋̄𝑘𝑡 against two explanatory variables: (1) the logarithm of population density of
branch 𝑘’s host city and, (2) the logarithm of GDP per capita of the host city. The solid
line in each plot represents the OLS fit of the sample. We report the estimated slope ̂𝛽,
the associated 𝑡-value, and the adjusted 𝑅2 in the title of each plot.
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Figure IA.7: Competition effect on average markup
The left plots display average markup levels across all investors at 𝑇 = 0, 2, 4 as initial
belief 𝜋̃ and number of competitors 𝑛 changes. The right plots display average markup
levels across all investors at 𝑇 = 1, 3, 5 as initial belief 𝜋̃ and number of competitors 𝑛
changes.
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Panel A: All investors
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Panel C: Naïve investors
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Figure IA.8: Competition effect on average profit per account
The left plot in each panel displays lifetime net profit per account as initial belief 𝜋̃ and
number of competitors 𝑛 changes. The right plot in each panel shows the corresponding
partial derivative with respect to 𝑛. The top-left panel demonstrates non-monotonicity
over 𝜋̃ because smart investors mechanically trade more frequently than naive ones; in
our simulation, greater trading by smart investors raises total broker profits.
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Panel A: All investors
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Panel B: Smart investors

0

1

2

0

3

4

5

5

0.2 100.4 0.6 150.8 1 20

0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

0

-0.6

-0.5

-0.4

0

-0.3

-0.2

-0.1

5

0

0.2 100.4 0.6 150.8 201

-0.6

-0.5

-0.4

-0.3

-0.2

-0.1

0

Panel C: Naïve investors

0

14

16

18

0

20

5

22

24

0.2 100.4 0.6 150.8 201

14

16

18

20

22

24

0

-0.5

0

0

5

0.5

0.2 100.4 0.6 150.8 201

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

Figure IA.9: Competition effect on average markup at 𝑇 = 5
The left plot in each panel displays average markup levels at 𝑇 = 5 as initial belief 𝜋̃ and
number of competitors 𝑛 changes. The right plot in each panel shows the corresponding
partial derivative with respect to 𝑛.
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Figure IA.10: Competition effect on smart investors’ average markup
The left plots display average markup levels across smart investors at 𝑇 = 0, 2, 4 as initial
belief 𝜋̃ and number of competitors 𝑛 changes. The right plots display average markup
levels across smart investors at 𝑇 = 1, 3, 5 as perceived prior 𝜋̃ and number of competitors
𝑛 changes.
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Figure IA.11: Competition effect on naïve investors’ average markup
The left plots display average markup levels across naïve investors at 𝑇 = 0, 2, 4 as initial
belief 𝜋̃ and number of competitors 𝑛 changes. The right plots display average markup
levels across naïve investors at 𝑇 = 1, 3, 5 as perceived prior 𝜋̃ and number of competitors
𝑛 changes.
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Figure IA.12: Actual and optimal competition levels across branches by profit
Panel (a) of this figure shows the optimal number of competitors that minimize the av-
erage lifetime profit for different values of 𝜋̃ for all investors, smart investors, and naive
investors. For each branch 𝑘, the optimal number of competitors are theminimumpoint 𝑛̂
when the associated 𝜋̃ is closest to the 𝜋̃𝑘 that minimizes the average lifetime profit. Panel
(b) of this figure shows the actual and optimal number of competitors that minimize the
average lifetime profit for all investors across all branches. We use a logarithmic scale for
the 𝑦-axis to improve clarity. The 𝑥-axis represents the perceived prior 𝜋̃𝑘 for branch 𝑘
calculated as the time-series mean of the estimated 𝜋̃𝑘𝑡. The actual number of competitors
is calculated as the time-series average of end-of-quarter figures.
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(a) Average commission rate from simulation
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(b) Effects of varying investor composition, marginal cost, and number of brokers

Figure IA.13: Decomposition of the downward trend in commission fees (smart in-
vestors)
Panel (a) of this figure simulates the average commission rate for new entrants over the
sample period, using the estimated parameters reported in Table 7. Panel (b) decomposes
this decline into contributions from changes in investor composition, marginal cost, and
the number of brokers. Each component in Panel (b) is simulated by varying one factor
at a time while holding the others fixed at their values estimated for the first quarter of
2007.

31



2007Q4 2009Q4 2011Q4 2013Q4 2015Q4 2017Q4
20

25

30

35

40

45

C
o
m

m
is

s
io

n
 r

a
te

 (
b
p
s
)

Average commission rate

(a) Average commission rate from simulation
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(b) Effects of varying investor composition, marginal cost, and number of brokers

Figure IA.14: Decomposition of the downward trend in commission fees (naïve in-
vestors)
Panel (a) of this figure simulates the average commission rate for new entrants over the
sample period, using the estimated parameters reported in Table 7. Panel (b) decomposes
this decline into contributions from changes in investor composition, marginal cost, and
the number of brokers. Each component in Panel (b) is simulated by varying one factor
at a time while holding the others fixed at their values estimated for the first quarter of
2007.

32


	TitlePage
	Introduction
	Institutional Background and Descriptive Analysis
	The Chinese Stock Brokerage Market
	Data and Descriptive Analysis
	The Trend in China and the U.S.

	Stylized Facts
	Dispersion of Commission Rates
	Naivete-based Discrimination
	Evolution of Commission Fees

	Model
	Model Setup
	Information Structure
	Broker's Problem
	Equilibrium

	Model Implications
	Brokers' Pricing Strategies
	Impact of Broker Learning
	Impact of Competition


	Empirical Analysis
	Descriptive Evidence
	Causal Evidence

	Quantitative Analysis
	Estimation
	Decomposing the Trend
	Counterfactual Analysis
	The Incumbent's Information Advantage
	Optimal Competition
	Investor Education


	Conclusion

	Tables and Figures
	Internet Appendix
	Definition of Investor Biases
	Endogenous Search
	Proofs
	Estimation Details
	Additional Tables and Figures


