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1. Introduction

Financial advisers in the United States manage $28 tril-
lion of assets for their clients. The relationships between
these advisers—numbering over 760,000 in our data—and
their millions of clients are critical for supporting the eco-
nomic activity generated by these investments. Trust is in-
herent in these relationships, although the literature has
yet to distinguish between whom clients trust (Gennaioli
et al., 2015; Gurun et al.,, 2018; Kostovetsky, 2016). Is it the
advisory firm that creates advertisements and develops a
brand name that prompts clients to walk into a branch? Or
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is it the adviser who develops an intimate financial coun-
seling relationship with the client? From the client’s per-
spective, choosing an adviser or advisory firm is no differ-
ent from choosing a lawyer or a surgeon. Some clients care
more about the adviser than the firm, or the surgeon than
the hospital, or the lawyer than the law firm. In these in-
dustries, where asymmetric information abounds and the
potential for client harm is large, the ability to foster per-
sonal relationships with clients has important implications
for employees, firms, clients, and ultimately, the industry’s
competitive landscape.

If clients trust their advisers more than their advisory
firms, then advisers will have considerable power within
their firms, since it is their relationships with clients that
constitute the firm’s primary asset (Lavetti et al., 2019).
Without constraints on their mobility, advisers can move
to a competing firm, perhaps taking many of their clients
with them and essentially walking out the door with the
firm’s assets.

To reduce this power imbalance, firms often use non-
compete agreements (NCAs) to legally constrain their em-
ployees’ mobility.! In the presence of the trust relationship,
however, these agreements not only restrict the adviser’s
mobility, but to some extent also lock in clients to the firm
where their adviser is employed.?

In this paper, we investigate the importance of client
relationships in the financial advisory industry. We show
empirically that these relationships guide adviser employ-
ment decisions, that a large portion of client assets fol-
low advisers when they move, and that firms’ decisions
to discipline advisers are influenced by their amount of
control over these relationships. We then study how the
power dynamic between firms and their employees in-
duced by these relationships affects clients, firms, and the
structure of the financial advisory industry more generally.
We conclude that the effects are far-reaching, impacting
the prevalence of adviser misconduct, fee rates, and indus-
try competition.

To assess the importance of client relationships in the
financial advisory industry, we need a source of variation
in their transferability between firms. For this we rely on
the 2004 creation of the Protocol for Broker Recruiting
(hereafter, “the protocol”) by three major brokerage firms,
with the encouragement of the Financial Industry Regula-
tory Authority (FINRA). The stated purpose of the agree-
ment was to “further clients’ interests of privacy and free-
dom of choice in connection with the movement of their
Registered Representatives between firms,” although it was
also seen as a way to reduce the litigation expenses that
had historically been regularly incurred when an adviser
would switch firms.? The protocol established a set of rules

T We refer to non-compete agreements, but include also non-solicit
agreements, which allow employees to move to competing firms, but not
to solicit former clients to move their business. NCAs are also known as
non-compete clauses, or covenants not to compete.

2 Throughout the paper, we use the term “advisers” to refer to both
registered investment advisers and registered representatives employed at
broker-dealers, who may or may not also be registered investment advis-
ers.

3 The complete text of the 1,200-word agreement is available at http:
//www.thebrokerprotocol.com/index.php/authors/read- the-protocol.
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governing adviser departures. Specifically, it allowed an ad-
viser to take client lists and contact information to their
new employer without fear of legal action—effectively un-
locking clients from firms.

Importantly for the purposes of our identification strat-
egy, the shield from litigation provided by the protocol ap-
plies only when both the previous and new employers are
signatories to the protocol. Moreover, the protocol agree-
ment was not restricted to its original signatories; since its
inception, over 1500 financial firms have joined in a stag-
gered fashion, and very few have exited.

We combine complete records of all firms joining and
leaving the protocol with detailed information on all reg-
istered brokers and investment adviser representatives to
construct a staggered panel of firm entry into, and exit
from, the broker protocol. We then exploit within-firm
time series variation in the transferability of client rela-
tionships induced by variation in membership in the pro-
tocol. Together, these data provide us with a very rich set-
ting in which to study the importance of client relation-
ships in the financial advisory industry.

We begin our empirical analysis by assessing the impor-
tance of client relationships to advisers. Typically, advisers
are compensated as a percentage of their annual “produc-
tion,” defined as the commissions and fees generated from
the clients they service, and this compensation rate can
vary across investment advisers. The ability to take clients
when moving to another firm is therefore important to ad-
viser compensation, so protocol entry should affect advis-
ers’ employment decisions. We find that while the entry
into the protocol is not associated with a significant change
in the overall likelihood of an adviser’s departure, there
is a substantial shift in the firms that advisers move to.
Specifically, the probability of leaving for another firm in
the protocol increases by approximately 50%. This effect is
offset by a decline in the probability of going to a nonpro-
tocol firm. These results provide strong evidence that the
transferability of client relationships is indeed a major fac-
tor in adviser employment decisions.

If clients trust advisers, then when advisers change
firms their clients should follow, inducing a “relationship-
based flow.” This particular flow mechanism is distinct
from those previously studied, such as flows due to past
performance (Lynch and Musto, 2003; Huang et al., 2007),
expense ratios (Sirri and Tufano, 1998; Bergstresser et al.,
2009) or brokers’ incentives (Christoffersen et al., 2013).
Available data does not allow direct observation of each
adviser’s book of business, but we do observe each firm'’s
assets under management (AUM) each year, and are there-
fore able to relate changes in this value to adviser moves.
We show that an adviser leaving one protocol member
firm to join another brings substantially more assets than
if he were to join a firm that is outside the protocol. Our
lower bound estimates suggest that, unconstrained, the av-
erage adviser takes about 40% of her clients when she
changes firms. This value has not been previously esti-
mated in the literature, and could be of interest to mar-
ket participants, especially in the context of litigation. The
estimated elasticity using changes in number of accounts
instead of AUM is nearly identical.
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From a revealed preference perspective, evidence of
relationship-based flows suggests that relaxing constraints
on the transferability client relationships—what we term
“unlocking clients”—makes both advisers and clients better
off. However, as noted above, asymmetric information per-
meates the financial advisory industry, so there is a poten-
tial for advisers to take advantage of their clients. Putting
clients in unsuitable or high-fee products, shirking by ne-
glecting their advisory duties, or moving clients to higher
fee firms are just a few ways that advisers could exploit
their clients’ trust. Unlocking clients can also weaken firm
governance: it tips the balance of power from firms to ad-
visers, which could make firms laxer with respect to pun-
ishing advisers when they engage in misconduct to prevent
a decline in assets.*

We therefore test whether firms are less likely to
discipline their advisers following protocol adoption and
whether this leads to increased adviser misconduct at
member firms. We find that following protocol adoption,
firms become more reluctant to fire advisers after they en-
gage in bad behavior. For the sample of advisers working
at large firms, engaging in misconduct increases the prob-
ability of being fired by about 23%, but that this discipline
is effectively undone when firms join the protocol. We also
find that protocol adoption is associated with an increase
in the propensity to engage in misconduct by about 40%.
Together, these findings support the notion that firms are
indeed reluctant to fire employees once they have entered
the protocol for fear of losing the assets of those advisers’
clients and that this leads to a higher incidence of misbe-
havior by advisers.

We next estimate the dynamics of fees following pro-
tocol adoption. Firms may increase fees to compensate for
the possibility of losing assets to adviser departures or be-
cause they realize that the trust underlying relationship-
based flows can be easily exploited. Alternatively, firms can
decrease their fees to attract new clients to compensate
for the loss of AUM that follows adviser departures. For a
small sample of brokerage firms, we find that firms do not
significantly change their fees in the first year of protocol
membership, but in the second year fees go up by about
13% from pre-adoption levels. After three years, fees re-
main about 18% higher than pre-adoption fee levels. These
findings, along with those on higher misconduct rates, call
into question whether unlocking clients makes them better
off.

What is the effect of unlocking clients on firms? If all
firms charged the same fees for identical products, then
advisers moving within the protocol member firms should
just be a zero sum game. Therefore, to answer this ques-
tion, we need to think about which firms should gain from
joining and which should lose. Prior to the protocol, legal
settlements between the former and new employer were
the norm when advisers moved clients between firms.
The new employer would pay the former some percent-
age of the adviser’s annual production. The large broker-
age houses that initiated the protocol along with those that

4 A recent literature has found that rates of adviser misconduct are per-
sistent within firms, suggesting that some advisory firms do a poor job of
disciplining misconduct (Egan et al., 2019).
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joined in the early years likely anticipated that the agree-
ment would lead to zero net flows, and reduced legal costs.
They likely did not anticipate the growth of the protocol to
include smaller firms. For these firms, the protocol was an
opportunity. The status quo legal settlement process made
it extremely difficult for small firms to poach employees
from larger firms since they did not have the resources
to settle up. Protocol adoption made poaching from large
firms “free.” With this in mind, we analyze firm outcomes
by splitting the sample between large and small firms.

Our empirical findings are largely consistent with these
arguments. Adoption of the broker protocol matters much
more for smaller firms. Smaller firms see abnormal ad-
viser growth from within the industry of about 8.5% in
the year they join the protocol. This is driven by poach-
ing advisers from other member firms. Substantial growth
only lasts during the first two years, suggesting that small
firms strategically join the protocol to poach advisers and
grow their client base. Large firms, by contrast, see no net
growth in the number of advisers upon adoption of the
protocol, but the long-term effects of protocol adoption for
these firms is a decline in advisers. We see similar pat-
terns when investigating the impact of unlocking clients on
revenue. For small firms, revenue increases by about 27%
upon adoption of the protocol and remains persistently
higher. Large firms, however, see a temporary increase of
about 7% in the first year, which fades away by the sec-
ond year. These results indicate that if clients were fully
unlocked from firms, the financial advisory industry would
become less concentrated, allowing small firms to compete
with larger firms.

Tempering the benefit of increased competition, we also
find that misconduct rates at small firms increase by more
than at larger firms following protocol adoption and re-
main persistently high. An advisers with a large client base
at a small firm will wield much more power than at a
large firm since her book of business constitutes a larger
percentage of firm assets at the small firm. In a sense the
“relationship assets” in small firms are much more concen-
trated, making them less willing to discipline large advis-
ers.’

Our findings contribute to the literature that explores
incentives and behavior of financial advisers, who play
an influential role in determining their clients’ asset
choices (Mullainathan et al., 2012; Foerster et al., 2017),
despite a failure to deliver tangible benefits (Bergstresser
et al, 2009; Chalmers and Reuter, 2020). We extend
this literature by highlighting the fundamental impor-
tance of the relationships between advisers and their
clients in this industry. Charoenwong et al. (2017),
Dimmock et al. (2018) and Egan et al. (2019) study
misconduct in this industry, whereas Clifford and
Gerken (2019) investigate the effect of the broker protocol
on investment in human capital. We show that signif-
icant adviser power can lead to higher fees, laxer firm
governance, and increased adviser misconduct.

> This idea is similar to Israelsen and Yonker (2017), who show that
firms with concentrated human capital experience large declines in firm
value when “key” employees depart.
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Our findings are also related to the growing literature
on the importance of trust in the financial advisory in-
dustry (Gennaioli et al., 2015; Gurun et al, 2018; Ger-
mann et al., 2018; Kostovetsky, 2016). We provide the first
estimate of the percentage of assets an adviser can ex-
pect to take when switching firms, which is direct evi-
dence of the importance of trust-based relationships be-
tween clients and advisers. Unlike Gurun et al. (2018), who
show the impact on asset flows from clients losing trust
in regulators, we show that client trust in advisers—rather
than advisory firms—shapes asset flows in the financial ad-
visory market. From this perspective, our study comple-
ments Kostovetsky (2016), who studies mutual fund flows
around management-company ownership changes, finding
evidence that clients also place trust in firms.

Finally, our paper is related to the broad litera-
ture in labor economics on the use of NCAs in vari-
ous industries and how it affects human capital mobility.
Starr et al. (2018) find that 18% of employees report be-
ing bound by non-compete agreements—including 20% of
employees with less than a high school education—while
38% of employees report having signed a non-compete
agreement at some point in the past.® Studies have gen-
erally found that NCAs are an impediment to this mobility
(Stuart and Sorenson, 2003; Marx et al., 2009; Marx, 2011),
and therefore can affect the growth of both industries and
geographic regions (Rosegrant and Lampe, 1992; Saxenian,
1996; Franco and Filson, 2006; Klepper, 2002; Klepper and
Sleeper, 2005). With the exception of Lavetti et al. (2019),
who use a survey of physicians in five states, this litera-
ture has relied on state-level variation in enforcement of
NCAs. We contribute to this literature by providing the first
large-scale evidence of the effects of NCAs on labor mo-
bility and bargaining power using firm-level variation in
NCAs. In contrast to previous studies, our design allows us
to control for geographic differences in local labor market
conditions that could be correlated with NCA enforcement.

2. Empirical methodology

We are interested in estimating the importance of client
relationships in the financial advisory industry. To do this,
we need variation in advisers’ ability to move clients when
they switch firms. For this purpose, we construct a stag-
gered panel of firm entry and exit into the broker protocol,
which relaxed the enforcement of NCAs for advisers mov-
ing within member firms, allowing clients to freely follow
their advisers to some firms, but not others.

Importantly, there are very few barriers to protocol
membership. Firms entering the protocol must only file a
joinder agreement and notify the Securities Industry and
Financial Markets Association (SIFMA) of their entry. Leav-
ing is also easy, requiring only written notification ten days
prior to exit. This ease of entry and exit alleviates the con-
cern that certain types of firms are systematically excluded

6 Greenhouse (2014) provides examples of non-compete agreements
in a surprising range of jobs, including summer camp counselors, event
planners, and yoga instructors. In 2016, the sandwich chain Jimmy Johns
agreed to stop requiring NCAs with its employees as part of a settlement
with the New York attorney general's office.
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and that characteristics of those excluded firms could drive
our findings.

One challenge to estimating causal effects using the
broker protocol as our source of variation is that firms
are likely to join the protocol strategically. Indeed, our re-
sults show that this is likely the case. In the analysis that
follows, we show that adviser turnover increases signifi-
cantly in the year a firm joins the protocol, and remains
high in the year following protocol membership, but then
converges to pre-membership levels, suggesting that firms
enter the protocol to poach advisers (see Fig. 2). In the
Internet Appendix, we identify characteristics that predict
a firm’s decision to join the protocol, namely firm size,
past growth, being a registered investment adviser (RIA),
and the amount of competition among local advisers (Ta-
ble 1A.1).

We must therefore consider two potential sources of
endogeneity: omitted factors and reverse causality. First
we consider omitted factors that predict protocol member-
ship but cannot be included in the model; these could be
be static or time-varying at the level of the firm, branch,
or local labor market. We address this concern in three
ways. First, we include firm-branch fixed effects in our
adviser-level regressions, which allows us to control for
any time-invariant, firm- and branch-level omitted vari-
ables that could drive protocol adoption. Second, we in-
clude county-year fixed effects to remove the effect of any
time series trends that could be due to changing local eco-
nomic conditions or the increasing number of firms enter-
ing the protocol across geographies, for example. The in-
clusion of these fixed effects rules out the possibility that
either static or time-varying omitted variables at the local
level influence our estimates. Third, while we control for
observable firm and branch characteristics that could vary
through time, this cannot account for time-varying omit-
ted firm and branch characteristics that could drive proto-
col entry. For example, a firm can adopt a more aggressive
corporate strategy that includes aggressive recruiting. This
strategy could simultaneously affect many firm-level poli-
cies, as well as leading to the firm’s decision to join the
protocol. Such changes in firm policies would be correlated
with protocol adoption, but are not a result of protocol
adoption. We deal with this by exploiting several facts: (i)
protocol adoption is a firm-level decision that applies to all
firm branches regardless of their location, (ii) many firms
have branches in different states, and (iii) there is sub-
stantial heterogeneity in the level of enforcement of NCAs
by state. Therefore, looking within a firm, protocol entry
should have stronger effects on branches located in states
that have stronger NCA enforcement. Throughout the anal-
ysis we test this hypothesis.

The second possible source of endogeneity is reverse
causality. When regressing adviser turnover on proto-
col membership, for example, it is difficult to determine
whether firms join the protocol because they seek to poach
advisers, or whether joining the protocol causes turnover
to increase. We argue that while this source of endogene-
ity is certainly present at the firm level, firm entry into
the protocol acts as an exogenous positive shock to the
transferability of client relationships, essentially transform-
ing what were once firm-specific assets to general assets
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that advisers can take with them if they leave. This is es-
pecially true for advisers at large firms. We therefore con-
duct all of our analysis both with the full sample of obser-
vations as well as a subset of advisers who work for large
firms, with the assumption that advisers at large firms do
not likely influence the decisions of management to join
the broker protocol.

3. Data and sample construction

In this section, we discuss the four main data sources
utilized in the study and how we use them to construct
the adviser-level and firm-level data sets used in our anal-
ysis.

3.1. Financial adviser data

Data on financial advisers are extracted from FINRA’s
web server, which provides consolidated data from its Bro-
kerCheck web site and the Security and Exchange Com-
mission’s Investment Adviser Public Disclosure (IAPD) web
site. These data include information on all registered repre-
sentatives (brokers) and investment adviser representatives
(investment advisers). Following Egan et al. (2019), we re-
fer to these two groups collectively as “financial advisers.”
Data extracted from this source include the histories of
broker and investment adviser registrations with firms, lo-
cations of employment, customer complaints and dispute
resolutions, and industry examinations. The data are simi-
lar to that used in the main analysis of Egan et al. (2019),
but also include advisers working for registered investment
advisers that are not also broker-dealers.

3.2. Registered investment adviser data

Data on registered investment advisory firms are from
Part 1A of SEC Form ADV, the Uniform Application for In-
vestment Advisor Registration, which we obtained through
a series of Freedom of Information Act (FOIA) requests.
The SEC granted us all electronic filings made since the
electronic filing mandate began in 2001, through the first
quarter of 2017. These data include detailed information
about investment advisory firms, including their owners,
their clients, and any criminal behavior. Importantly, in-
vestment advisory firms are required to update their filings
annually, including assets under management (AUM). Us-
ing these data, we follow Gurun et al. (2018) in construct-
ing an advisory firm-year panel data set.

3.3. Broker-dealer data

Broker-dealers are identified using Form BD, which is
filed by all registered broker-dealers. The data were ob-
tained through a FOIA request to the SEC and are aug-
mented with additional information from the SEC’s web
site listing active broker-dealers by month, dating back to
2007.7

7 www.sec.gov/help/foiadocsbdfoiahtm.html.
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3.4. Broker protocol data

Entry and exit dates to the broker protocol are col-
lected from a web site maintained by the law firm Carlile,
Patchen, and Murphy, LLP.2 The site includes a directory of
all firms that have ever entered the broker protocol, and
provides legal names of firms, their dates of entry and exit,
and contact information. We match these firms to FINRA’s
unique firm-level CRD identifier by matching legal names
of these entities to those in the SEC and FINRA databases.
This matching is extremely precise because the protocol
web site uses legal names of firms.

As of the end of 2016, there were 1515 unique firms
that had joined the broker protocol. Of these, we are able
to identify the CRD for 1325 firms, or 87.5% of the initial
sample. Most firms that we are unable to match appear to
be banks or trusts and are therefore not included in the
adviser data. Of the matched firms, 1166 (88.0%) had at
least one adviser employed in the year prior to joining the
protocol. (The remainder are firms that were established
and joined the protocol prior to commencing operations or
having any registered advisers.)

Table 1 reports firm entry and exit by year into the pro-
tocol. The table shows that by December 2016, only 39 of
the 1166 firms that had entered the protocol had subse-
quently left. Entry by number of firms peaked at 214 in
the aftermath of the financial crisis, in 2009. Looking at the
number of advisers added to the protocol, the two highest
years were 2004 and 2009, each with over 57,000 advisers
joining. The table also shows that in the early years of the
protocol entry was dominated by large broker-dealers, but
that smaller registered investment advisers have made up
the majority of entrants since 2010. For example, the aver-
age firm joining in 2004 had 14,323 advisers, while at the
end of our sample period this number had declined to just
32.

Our analysis uses only the period of 2007 onward be-
cause of a possible survivorship bias present in our data
prior to 2007, which we discuss in detail below. The table
shows that our sample includes 99% of the staggered firm
entries, 100% of the exits, and 207,791 advisers that were
employed when their firms joined the protocol, which is
72% of the population.

Fig. 1 shows the percentage of firms and advisers in the
protocol by year. Panel A of the figure shows that protocol
membership by firm has steadily increased over the period.
By the end of 2016, 6.3% of firms with more than one ad-
viser were party to the protocol. These rates are slightly
higher for broker-dealer firms than for non-broker-dealer
firms. Turning to the number of financial advisers em-
ployed at firms in the protocol, Panel B of the figure shows
that by the end of 2016, 38.9% of advisers were employed
by firms in the protocol. A much larger proportion of ad-
visers employed by broker-dealers than those employed by
non-broker-dealers were covered (43.3% vs. 12.6%).

8 www.thebrokerprotocol.com.
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Table 1
Entry and exit in the broker protocol.
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The table shows the number of firms and advisers that entered or exited the broker protocol each year. The number of advisers is the total number
of advisers registered with the firm as of the end of the calendar year prior to the entry or exit year. The table also reports the percentage of
entering or exiting firms that are registered broker dealers and the percentage of advisers who work for registered broker dealers. Also reported
are the total number of entries/exits (“Total”) and the total number covered for our sample period (“Sample total”), as well as the percentage of

the total covered by our sample, which begins in 2007.

Year Entry Exit
Number % BD Number % BD

Firms Advisers Adv./ Firm Firms Advisers Firms Advisers Adv./ Firm Firms Advisers
2004 4 57,290 14,323 100 100
2005 1 432 432 100 100
2006 10 23,178 2318 90 100
2007 18 17,968 998 67 97
2008 71 26,769 377 46 100
2009 214 57,596 269 44 99
2010 135 15,196 113 29 96 3 133 44 0 0
2011 119 12,530 105 27 98 5 48 10 20 35
2012 110 11,127 101 23 84 9 1302 145 22 41
2013 91 6632 73 14 91 5 447 89 40 91
2014 134 43,659 326 17 98 5 70 14 0 0
2015 124 11,932 96 20 96 7 283 40 29 86
2016 135 4382 32 15 84 5 28 6 0 0
Total 1166 288,691 28.39 97.80 39 2311 18 52
Sample 1151 207,791 27.54 96.94 39 2311 18 52
% total 99 72 100 100

3.5. Additional data sources

We obtain data on fee-based assets and fee revenue
for a subset of large broker-dealers from InvestmentNews’
B-D Data Center.” These data, which cover approximately
75 broker-dealers per year from 2004 to 2016, are com-
piled from annual surveys of independent broker-dealers.
We obtain annual data on revenue for broker-dealers from
Audit Analytics’ Broker-Dealer Financial and Operational
Combined Uniform Single (FOCUS) Report, which collects
data from SEC Form X-17A-5 filings, and contains informa-
tion on the financial and operating conditions of broker-
dealers. We summarize these data in Tables IA.7 and IA.8
of the Internet Appendix, respectively. We also construct
a measure of state-level NCA enforceability, “Absence of
NCA enforcement,” based on data presented in Table 1 of
Stuart and Sorenson (2003).

3.6. Sample construction

We construct a data set covering advisers beginning in
2003, but show in the Appendix that the data are free of
survivorship bias concerns only beginning in August 2007.
Our main tests using these data are therefore conducted
with annual panel data from the end of 2007 until the end
of 2016. This final survivorship-bias-free sample includes
5,902,522 employee-year observations. We run robustness
tests using all available data back to the beginning in 2003,
but acknowledge that a possible survivorship bias exists in
this extended sample.

Summary statistics for the adviser panel are displayed
in Panel A of Table 2. Also shown are the subsamples based
on whether the adviser is employed by a firm that is a

9 http://www.investmentnews.com.
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member of the protocol during the year or not. The ta-
ble shows that, for 33% of the employee-year observations,
advisers work for firms in the protocol. Most financial ad-
visers work for broker-dealers (97%). The average financial
adviser has 12 years of experience and advisers at firms
in the protocol have about three more years of experi-
ence, on average, than advisers at firms not in the pro-
tocol. The unconditional probability of an adviser leaving
for another firm during the year is 0.092. We decompose
adviser movements by whether their destination firm is a
protocol member. Not surprisingly, the majority of moves
are to nonprotocol firms (79%), since there are many more
of them.

We construct a misconduct indicator variable following
Egan et al. (2019). During our sample, advisers engage in
misconduct 0.5% of the time, which is slightly less than
the 0.6% reported in Table 1 of Egan et al. (2019). Ad-
visers employed by protocol member firms appear to be
about 75% more likely to engage in misconduct. We also
calculate “Past misconduct,” which indicates if an adviser
has ever engaged in misconduct in the past. Its average
is 6.8%, matching the 7% reported by Egan et al. (2019).
More generally, our summary statistics closely match those
of Egan et al. (2019).

We construct a firm-level sample by collapsing the
adviser-level data each year. This gives us 133,519 firm-
year observations from 2007 until 2016, for about 13,350
firms per year. In 4% of the firm-years, firms are members
of the broker protocol and in 31% firms are broker-dealers.
The average firm has 59 advisers, but this distribution is
highly skewed with a median of only four. Moreover, bro-
ker protocol members have many more advisers than firms
that are not members. Within industry turnover, defined as
the average of the percentage of advisers leaving the firm
for other firms and the percentage of advisers joining the
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Fig. 1. Percentage of firms and advisers in the protocol by year. The figure shows the percentage of financial firms that are members of the broker protocol
(Panel A) and advisers who are employed by members of the broker protocol (Panel B) by year for all firms that employ at least two financial advisers
between 2004 and 2016. These percentages are also decomposed into firms (employers) that are not broker-dealers and firms that are broker-dealers. The
survivorship-bias-free sample begins in August of 2007. Advisers who retire prior to August 2007 are missing from the sample.

firm from other firms, is about 6.5% for the average firm,
and is predominately driven by turnover with firms that
are not in the protocol. At least one misconduct event oc-
curs at firms at a rate of nearly 8% per year and, as pre-
viously noted, it is much less frequent among nonprotocol
firms.

Our asset flow tests are limited to firms that are reg-
istered investment advisers with the SEC. The RIA sample
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indicator reveals that firms in about 33.7% (44,995 firm-
years) of the firm-years also file Form ADV and report
AUM. The average firm has $2.2 billion in AUM and 1625
client accounts, but the median AUM is much smaller at
$236 million and 450 client accounts. Firms in the proto-
col manage roughly twice as many assets as those that are
not. The average asset and account growth rates are around
7%.
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Table 2
Summary statistics.
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The table displays summary statistics for variables used in the analysis. Reported in Panel A are summary statistics for the survivorship-bias-free
adviser-level panel of advisers who work for employers that employ at least two financial advisers, which includes 5,902,522 adviser-year observa-
tions from the end of 2007 through the end of 2016. Reported in Panel B are summary statistics for the firm-level panel of all firms that employee
at least two financial advisers, which includes 133,519 firm-year observations from the end of 2007 through the end of 2016. All variables are de-
fined in Tables A.1 and A.2 of the Appendix. Also reported are means of the sample split by whether the employer (adviser-panel) or the firm is a
member of the broker protocol at the end of the calendar year and the significance levels of univariate t-tests testing the differences in these means.
t-statistics are computed using robust standard errors, clustered by firm. Significance levels are denoted by c, b, and a, which correspond to 10%, 5%,
and 1% levels, respectively. Data on AUM is available only for firms that register as investment advisers with the SEC. For about 37% of the firm-year

observations, the firm is registered as an investment adviser.

Not in protocol  In protocol
Mean Median St. dev. 1st per. 99th per. mean mean
Panel A: Adviser level
firm in protocol 0.328 0.000 0.469 0.000 1.000 0.000 1.000
Years experience 12.070 10.000 9.653 0.000 40.000 10.979 14.3062
Log (years experience) 2.206 2.398 0.970 0.000 3.714 2.110 2.4022
Registered investment adviser 0.390 0.000 0.488 0.000 1.000 0.284 0.6082
Registered representative 0.994 1.000 0.079 1.000 1.000 0.991 0.9992
Gen. sec. rep. (7) 0.669 1.000 0.470 0.000 1.000 0.584 0.8462
Inv. co. prod. rep. (6) 0.378 0.000 0.485 0.000 1.000 0.459 0.2132
Gen. sec. principal (24) 0.139 0.000 0.346 0.000 1.000 0.139 0.138
Number of other qual. 0.469 0.000 0.860 0.000 4.000 0.393 0.6252
Past misconduct 0.068 0.000 0.251 0.000 1.000 0.055 0.0952
Absence of NCA enforcement 0.200 0.000 0.400 0.000 1.000 0.190 0.220°
Leave for another firm (%) 9.221 0.000 28.933 0.000 100.000 9.116 9.438
Leave to a protocol firm (%) 3.444 0.000 18.236 0.000 100.000 1.878 6.654?
Leave to a nonprotocol firm (%) 5.777 0.000 23.331 0.000 100.000 7.237 2.7832
Forced turnover (%) 2.968 0.000 16.969 0.000 100.000 3.329 22272
Misconduct indicator 0.005 0.000 0.070 0.000 0.000 0.004 0.0072
Broker-dealer indicator 0.970 1.000 0.170 0.000 1.000 0.958 0.9962
Panel B: Firm level
Firm in protocol 0.040 0.000 0.195 0.000 1.000 0.000 1.000
Number of advisers 60.097 4.000 670.821 1.000 877.000 42.499 485.0652
Log (number of advisers) 1.810 1.386 1.358 0.000 6.777 1.761 2.996*
Within industry turnover 6.534 0.000 12.444 0.000 60.000 6.411 9.5082
Turnover with firms in protocol 0.967 0.000 2.985 0.000 16.667 0.875 3.2012
Turnover with firms not in protocol 5.567 0.000 11.353 0.000 52.632 5.536 6.3072
%A in advisers 3.947 0.000 24916  -50.000 100.000 3.825 6.875%
%A in advisers outside industry 1.178 0.000 16.096 -50.000 57.143 1.196 0.745 b
%A in advisers within industry 2.769 0.000 17.841 -50.000 78.495 2.629 6.1312
%A in advisers with protocol firms 0.626 0.000 5350 -14.286 33.333 0.524 3.0822
%A in advisers with firms not in protocol 2.143 0.000 16.505 -50.000 66.667 2.105 3.0492
% advisers join from outside the industry 6.088 0.000 15.159 0.000 66.667 6.110 5.540?
% advisers join from within industry 7.919 0.000 18.421 0.000 100.000 7.726 12.5742
% advisers join from protocol firms 1.280 0.000 5.098 0.000 33.333 1.137 4.742?
% advisers leave to go outside the industry 4910 0.000 10.642 0.000 50.000 4914 4,796
% advisers leave within industry 5.150 0.000 11.380 0.000 50.000 5.096 6.442?
% advisers leave for protocol firms 0.654 0.000 2.479 0.000 14.286 0.613 1.660°
Misconduct dummy 0.077 0.000 0.267 0.000 1.000 0.068 0.3062
Broker dealer indicator 0.311 0.000 0.463 0.000 1.000 0.310 0.347°
RIA indicator 0.337 0.000 0.473 0.000 1.000 0.330 0.5162
AUM ($ millions) 2,217.889  236.219  8,784.918 11.736  68,754.900 3,729.877 7,601.002
Log (AUM) 5.761 5.465 1.690 2.463 11.313 5.727 6.2952
ALog (AUM) 0.074 0.082 0.312 -1.180 1.276 0.069 0.143?
Number of accounts (thousands) 1.625 0.450 4,763 0.002 34.323 20.750 27.199
Log (Accts) -0.942 -0.799 1.815 -6.215 3.825 -1.028 0.3912
ALog (Accts) 0.070 0.041 0.371 -1.345 1.609 0.066 0.124?

4. Results

In the following sections, we test the importance of
client relationships in the financial advisory industry. We
begin with advisers by testing whether unlocking clients
affects their employment decisions (Section 4.1). Next we
focus on clients by asking, when unlocked, what per-
centage of client assets follow their advisers when ad-
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visers switch firms (Section 4.2). For firms, we estimate
how unlocking clients affects their willingness to disci-
pline advisers for bad behavior since unlocking clients
transfers bargaining power to advisers (Section 4.3). We
then test whether laxer monitoring by firms leads to in-
creased financial misconduct (Section 4.4). The dynamics
of fees after firms unlock their clients are then explored
(Section 4.5). Finally, we ask which firms are the winners
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and losers from unlocking clients, and what are the impli-
cations for the industry (Section 4.6).

4.1. Adviser employment decisions

We begin by estimating the effect of unlocking clients
on advisers’ decisions to move to another firm (“turnover”).

4.1.1. Adviser-level analysis

We estimate the following linear probability model us-
ing our annual adviser-employer matched panel from 2007
through 2016:

Turnover;;cri1 = ®j¢ + Yer + Bp(Firm in protocol);;,

+I"Controls; + €;;., (1)

where Turnoverj; .1 is an indicator that is one if indi-
vidual j’s employment at firm i in a branch located in
county ¢ ends during year t+ 1. (Firm in the protocol);
is an indicator variable that is one if firm i is in the bro-
ker protocol by the end of year ¢, and «;. and y; are
branch (firm-county) and county-year fixed effects, respec-
tively. Control variables include the log of the number of
advisers employed at firm i at the end of year t, the log of
the number of years of experience of adviser j by the end
of year t, and a series of dummy variables indicating the
exams/qualifications of the financial advisers, which follow
the definitions used in Egan et al. (2019).!° The variable of
interest is “Firm in protocol.” If unlocking clients increases
the propensity of advisers to leave their firms, then the es-
timate of B, should be significantly positive.

We estimate regression (1) using three alternative defi-
nitions of turnover. First, we use “Leave for another firm,”
an indicator variable that is one if an adviser leaves one
firm and joins another. We further decompose this vari-
able into two categories: whether the firm that the adviser
joins is a member of the protocol or not, creating the in-
dicator variables “Leave to a protocol firm” and “Leave to a
nonprotocol firm.”

Since all advisers in a firm are treated simul-
taneously, our empirical design could have what
Abadie et al. (2017) call an “assignment” problem. We
address this by clustering standard errors by firm through-
out the analysis."! Sampling problems are not an issue in
our study since the “sample” includes the population of
financial advisers.

Panel A of Table 3 shows the regression results for
these three turnover variables. In column 1, the estimate
of B, is indistinguishable from zero, indicating that unlock-
ing clients does not increase advisers’ propensity to switch
firms. However, the evidence in columns 2 and 3 shows
that unlocking clients redirects advisers toward other pro-
tocol firms and away from nonprotocol firms. The estimate
of Bp in column 2 is 181, indicating that once advisers’

10 One exception is that we include a dummy variable, “investment ad-
viser,” that indicates whether the adviser is currently registered as an in-
vestment adviser. Egan et al. (2019), instead use data on exams passed to
infer registration as an investment adviser.

1T Two-way clustering by firm and year is not appropriate, since we only
have nine years of data. Standard advice is that there should be at least
50 clusters to make clustering the standard errors appropriate.
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firms join the protocol, those advisers are 1.8% more likely
to leave for another protocol firm. The unconditional prob-
ability of leaving to join a firm in the protocol is 3.5%, so
the economic magnitude of this effect is substantial, in-
creasing the probability by over 50%. The estimate in col-
umn 3 indicates that the probability that advisers leave
to join nonprotocol firms following their firm joining the
protocol declines by about 2.0%. These results are con-
sistent with adviser-client relationships affecting advisers’
employment decisions.'?

To further the argument of causality, in columns 4
through 7 of the table we test whether the effects of un-
locking clients due to the relaxation of NCAs are stronger
in branches that are located in states that enforce NCAs.
To do this, we estimate regression (1) separately for ad-
visers working at branches located in states that enforce
NCAs and for those working in states that do not. We then
test whether f, is larger in magnitude for the sample of
advisers working in states that enforce NCAs. If advisers
are aware of the state-level enforceability of these agree-
ments, then the protocol should have more of an effect
on turnover in states that enforce NCAs. Of course, bro-
ker protocol can still influence adviser mobility in states
where NCAs are not influenced if advisers are unaware of
the strength of enforceability in their states.

The coefficient estimates indicate that the effects of the
protocol are stronger in states that actually enforce NCAs.
The estimates of B, in column 4 are roughly twice the
size of those in column 5 and theses differences are sig-
nificantly different from zero at the 10% level. Similarly,
the decrease in the probability of advisers leaving for firms
that are not in the protocol following protocol membership
is larger in magnitude for advisers working in states that
enforce NCAs. The estimate of f, is —2.14 in column 6 of
Panel A, while the coefficient in column 7 is —1.52. This
difference is significant at the 10% level.

Panel B shows the results when the sample is restricted
to advisers who work for large firms (those with 100 ad-
visers or more). The sample averages about 590 of these
firms per year, which is about the 96th percentile of firm
size. These results are less susceptible to reverse causality
since individual advisers are less likely to be able to influ-
ence their firms’ decisions to join the protocol. The results
confirm that unlocking clients affects adviser employment
decisions.

4.1.2. Firm-level analysis

We next estimate the dynamics of firm-level turnover
and adviser growth following unlocking clients. To ensure
that our findings are not driven by outliers, all dependent
variables are winsorized at the 1st and 99th percentiles.
Specifically, we estimate:

Turnover/Growth;
= o + ¥t + Bp,o(Firm joins protocol);
+Bp,1 (Firm joins protocol); ;1

12 Table IA.3 in the Internet Appendix shows the effect of the inclusion
of various fixed effects in our model. Branch fixed effects explain the most
variation and have largest effect on the magnitude of the estimates of 8.
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Table 3

Adviser turnover.

The table displays regression results from linear probability models estimated using OLS (Eq. (1) in the text) of various turnover measures in the next year
on “Firm in protocol,” which is an indicator variable that is one if the financial adviser is employed by a firm that is a member of the broker protocol as
of the end of the calendar year. The table reports the results using two samples. In Panel A, the analysis uses the entire adviser-level sample described in
Panel A of Table 2. In Panel B, the sample is restricted to employees who are employed by firms with at least 100 advisers. Only coefficient estimates on
“Firm in protocol” are displayed in Panel B, but the same control variables used in Panel A are included in the models. The dependent variable in column 1
is “Leave for another firm,” which is an indicator variable that is one if the adviser who departs in year t + 1 joins another firm by August of 2017 (the time
of download for our data). We further decompose this variables by whether the firm that the adviser joins is a member of the protocol or not, creating
the indicator variables “Leave for a protocol firm” and “Leave for a nonprotocol firm.” Columns 4 through 7 show regression results for subsamples of
advisers split by state-level NCA enforcement. We categorize state-level enforcement of NCAs based on the variable “Absence of NCA enforcement,” which
is @ dummy variable that indicates that the state where the adviser works does not enforce non-compete agreements. This variable is based on Table 1
of Stuart and Sorenson (2003) and used in Samila and Sorenson (2011). We categorize states that do not enforce NCAs as those where “Absence of NCA
enforcement”=1 and those that do enforce NCAs as states where “Absence of NCA enforcement”=0. All models include firm-county and county-year fixed
effects. County is based on the primary branch where the adviser works. t-statistics are computed using robust standard errors (reported in parentheses),
clustered by firm. Using the same robust standard error estimation we also reporth,yes - ,Bp,ng and the associated standard errors. Significance levels are
denoted by ¢, b, and a, which correspond to 10%, 5%, and 1% levels, respectively.

Leave for Leave for a Leave for a Leave for a Leave for a Leave for a Leave for a
another protocol nonprotocol protocol protocol nonprotocol nonprotocol
firm firm firm firm firm firm firm

Sample State enforces NCAs?
Full Full Full Yes No Yes No
(1) (2) (3) (4) (5) (6) (7)

Panel A: All advisers

Firm in protocol -0.183 1.8122 -1.9952 2.0232 1.062°¢ -2.1352 -1.5232
(0.885) (0.592) (0.502) (0.636) (0.596) (0.537) (0.489)
Log (number of advisers) 3.359¢ 2.204 1.155 1.957 3.360 1.139 1.231¢
(1.896) (1.673) (0.882) (1.583) (2.132) (0.996) (0.667)
Log (years experience) -1.6282 -0.5692 -1.0592 -0.5452 -0.6682 -1.0562 -1.0702
(0.201) (0.125) (0.114) (0.119) (0.152) (0.115) (0.126)
Investment adviser 0.253 0.819 P -0.5662 0.7202 1.178° -0.5042 -0.8172
(0.361) (0.320) (0.129) (0.264) (0.546) (0.138) (0.159)
Gen. sec. rep. (7) 3.300° 1.3922 1.9072 1.290? 1.8192 1.8952 1.9632
(0.215) (0.137) (0.160) (0.107) (0.292) (0.163) (0.209)
Inv. co. prod. rep. (6) -0.251 -0.096 -0.155 0.016 -0.472 -0.133 -0.246
(0.323) (0.210) (0.193) (0.163) (0.372) (0.208) (0.177)
Gen. sec. principal (24) -0.675" -0.399° -0.276° -0.361° -0.567° -0.259> -0.348"
(0.268) (0.200) (0.123) (0.180) (0.289) (0.125) (0.155)
Number of other qual. 0.2272 0.119¢ 0.1082 0.119¢ 0.126 0.100° 0.1412
(0.084) (0.064) (0.039) (0.062) (0.078) (0.041) (0.046)
County-Year FE Y Y Y Y Y Y Y
Firm-county FE Y Y Y Y Y Y Y
Mean of the dep. var. 9.169 3.482 5.687 3.441 3.863 5.790 5.349
Adj-R? 0.10 0.11 0.09 0.11 0.12 0.09 0.10
Observations 5,891,188 5,891,188 5,891,188 4,712,699 1,178,489 4,712,699 1,178,489
Boyes — Bono 0.961° -0.612¢
(0.534) (0.369)

Panel B: Sample advisers working at firms with at least 100 advisers

Firm in protocol 0.007 1.7402 -1.7332 1.9722 0.892 -1.8732 -1.256°
(0.947) (0.664) (0.543) (0.707) (0.695) (0.585) (0.499)
Controls Y Y Y Y Y Y Y
County-year FE Y Y Y Y Y Y Y
Firm-county FE Y Y Y Y Y Y Y
Mean of the dep. var. 8.996 3.673 5.323 3.584 4.063 5.407 5.010
Adj-R2 0.10 0.1 0.09 0.1 0.12 0.08 0.09
Observations 5,221,183 5,221,183 5,221,183 4,180,975 1,040,208 4,180,975 1,040,208
Bo.yes — Bpno 1.080¢ -0.617
(0.608) (0.395)
+ Bp2(Firm joins protocol);; estimates the change in turnover s periods after proto-
+ Bp.—2 (Firm joins protocol); _;_» col adoption relative to the firm’s average turnover prior

to joining the broker protocol. For instance, B, captures

+ I Controlsic_; + €ic. (2) abnormal turnover in the first year of membership. The

parameter B, ., captures the average abnormal turnover

where o; and y; are firm and year fixed effects and after three or more years of protocol membership. The

(Firm joins protocol);, is an indicator variable that is one lagged log number of advisers is included to control for
if firm i joins the broker protocol in year t. Therefore, ;s firm size.
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Fig. 2. Adviser turnover: Firm-level dynamics. The figure plots the coefficient estimates and their 10% confidence intervals of the B,.’s from Eq. (2),
which is a linear probability model with firm and year fixed effects, that regresses various measures of turnover on lags of “Join protocol.” Therefore, the
coefficient estimates on these indicator variables measure the changes in turnover relative to average turnover prior to a firm joining the broker protocol.
The analysis uses the entire firm-level sample described in Panel B of Table 2. The dependent variables are within-industry turnover (Panel A), turnover
with firms in the protocol and turnover with firms not in the protocol (Panel B), A in advisers within industry (Panel C), and %A in advisers with protocol
firms and %A in advisers with nonprotocol firms (Panel D), where definitions follow those in Table A.2. Confidence intervals are computed using robust

standard errors, clustered by firm.

The estimates of the B,,’s from the regressions are
plotted in Fig. 2.3 In addition, adviser growth is decom-

13 Coefficient estimates and their standard errors are displayed in the
Internet Appendix in Table [A.2.
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posed into % join and % leave. The endogenous entry of
firms into the protocol is evident in the figures. In Pan-
els A and C, we see that within industry turnover and ad-
viser growth spike in the year that a firm joins the pro-
tocol, but subsequently reverts to levels observed prior to
membership. Panels B and D show that it is the turnover
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Fig. 2. Continued

with other firms in the protocol that drives this the first
year spike, consistent with firms entering the protocol to
poach advisers. Also consistent with this is that there is
no initial effect on turnover with firms that are not proto-
col members. Abnormal turnover and adviser growth with
protocol firms remains abnormally high for the first years
of membership. Turnover with nonprotocol firms does not
decline abnormally until the second year of membership,
but it remains persistently low thereafter. Adviser growth
with nonprotocol firms remains flat through the entire pe-
riod.

4.2. Relationship-based flows

The results from the previous section are consistent
with advisers placing importance on the client relation-
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ship. While unlocking clients does not increase adviser
propensity to change firms, it does affect the firms that
advisers move to. This suggests that clients move with ad-
visers when they switch firms. In this section, we formally
test whether clients follow advisers. Finding positive evi-
dence of these relationship-based flows would be consis-
tent with some clients valuing their relationships with ad-
visers more than with their advisory firms.

To test this, we estimate the following fixed effects OLS
regression model:

Alog(AUM),
= + ¥t + Bno(¥Ainadv. outside industry); ;
+ Ban(%Ainadv. withinindustry); ,
+ Bn,p(%Ainadv. with protocol firms); ,
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+ Bp.oProtocol;; x (%Ainadv. outside industry); ,

+ BpnProtocol;; x (%Ainadv. withinindustry);,

+ Bp.pProtocol; ¢ x (%Ainadv. with protocol firms); .
+ Bp(Firmin protocol); , + I''Controls;;_1 + €;r,  (3)

where Alog(AUM);, is the change in the log of AUM of
firm i during year t, (Firm in protocol);; is an indicator
variable if firm i is a member of the broker protocol by
the end of year t, and o; and y; are firm and year fixed
effects, respectively.

The %A in adv. variables are various decompositions
of the percentage change in the number of advisers at
firm i during year t. “4A in adv. within industry” is the
percentage change in advisers to and from other firms
in our sample. Therefore, it is the difference between
advisers joining from other firms and advisers leaving for
other firms, regardless of whether those firms are protocol
members. “%4A in adv. outside industry” is the percentage
change in advisers entering or leaving our sample. This
includes the difference between advisers who enter our
sample for the first time and those that leave the pro-
fession (i.e., they never show up in our data again) and
also the difference between advisers joining after being
unemployed for at least a year and those leaving and being
unemployed for at least a year. These two components
sum to the total percentage change in advisers at the
firm during the year, so %A in adv,;;=%A in adv. outside
industry; (+%A in adv. within industry;,, where the scaling
factor in all measures is the number of advisers at the end
of year t — 1. We separate these components because we
hypothesize that advisers moving to or from other firms
in the industry are more likely to move assets with them
than are rookie advisers, or those who leave the industry.
This leads to the prediction that Bnn > Bn.o.

Finally, “4A in adv. within industry” can be decom-
posed into advisers moving between protocol- and nonpro-
tocol firms. “%4A in adv. with protocol firms” is the differ-
ence between the percentage of advisers joining from pro-
tocol member firms and those leaving for protocol member
firms. As before, the scaling factor is the total number of
advisers at the end of year t — 1. Constructing our variables
this way allows us to test for differences in the elasticities
of AUM to advisers for those joining from or leaving for
protocol and nonprotocol firms.

In regression (3), the coefficients B, Bn.n, and Bnn +
Bn.p capture the elasticities of AUM for nonprotocol firms
with respect to outside industry advisers, nonprotocol ad-
visers, and protocol advisers, respectively. The coefficients
Bp.o» Bp.n, and By, capture the incremental effect on those
elasticities due to firms being in the protocol.

Recall that in order for financial advisers to move as-
sets from one firm to another without legal repercussions,
both firms must be members of the protocol. Therefore,
our main hypothesis is that changes in AUM should be
most sensitive to the changes in advisers at protocol firms
moving to and from other protocol firms, or B, > 0. In
addition, there is no reason to believe that the change in
AUM should be any more sensitive to changes in nonproto-
col advisers or changes in advisers from outside the indus-
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try if the firm is a protocol member, implying that 8,, =0
and By, =0.

We estimate various forms of regression (3) using a
firm-level annual panel data set constructed from elec-
tronic filings of Form ADV, as described in Section 3.2. In
Table 2, we showed that this sample covers roughly 34%
of firm-year observations in the sample. This decline in
sample size is due to the fact that not all firms that em-
ploy financial advisory firms are RIAs, which are required
to make regular filings with the SEC.

Table 4 shows the results of our tests. In column 1, we
include only the “%A in advisers” as our variable of inter-
est in order to test the general contemporaneous relation-
ship between changes in AUM and changes in advisers. The
coefficient estimate is 0.107, which implies that a 1% in-
crease in the number of financial advisers at the average
firm is associated with about a 10.7 basis point increase in
AUM. In column 2, we decompose the change in advisers
between outside and inside the industry changes and fur-
ther decompose inside industry changes into changes with
protocol members and non-members. The estimates show
that changes within the industry are associated with much
larger changes in AUM. A 1% increase in advisers leaving
the industry is associated with about a 4 bps decrease in
AUM. The same change in advisers leaving for nonproto-
col (protocol) firms within the industry leads to a decrease
of about 14 (27) bps. Not only do the estimates show that
larger changes in AUM are associated with within industry
changes in advisers, but they also show that advisers leav-
ing for protocol firms take roughly double the amount of
assets with them relative to advisers leaving for firms out-
side the protocol. This difference is statistically significant.

In column 3, we estimate the full version of
Eq. (3). Consistent with our hypotheses, we find that
Bpp=0.185>0 and we fail to reject the hypotheses
that Bpo=0 and By, =0. These findings indicate that
changes in AUM are particularly sensitive to changes in
advisers with protocol members, especially when the
firm itself is a protocol member. Our estimate of the
change in AUM for a 1% increase in the number of ad-
visers leaving a protocol firm for firms in the protocol is
143 +12.4+3.9+6.9+18.5=56.0 bps. In other words,
an adviser leaving a protocol member firm for another
protocol member firm takes, on average, clients with
assets worth about half of the average assets of the firm’s
existing advisers. It is possible that some of this outflow
is due to factors other than advisers taking clients with
them, but the 18.5 bps due to protocol-to-protocol firm
turnover likely represents a lower bound of the size of the
effect, as there is no reason to believe that assets would
fall by more for firms in the protocol than those outside
it when their advisers leave for protocol firms, other than
that between protocol members clients are unlocked.

The regressions estimated in columns 4 through 6 use
the change in the natural log of the number of accounts
managed by the RIA. While the number of accounts is dif-
ferent from the number of clients, Form ADV does not re-
port continuous values for client counts and the number
of accounts is a better predictor of the number of clients
than is AUM. The estimates using accounts tell a similar
story to those using AUM. The only difference is that our
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Table 4

Relationship-based flows.

Panel A of the table displays regression results from fixed effect OLS regressions (Eq. (3) in the text) of changes in log (AUM) (columns 1 to
3) and changes in log(number of accounts) (columns 4 to 6) on contemporaneous changes in the percentage of advisers employed by the firm
(%A in advisers) in column 1. In column 2, we decompose the percentage change in managers, by whether they are leaving or joining from
outside the industry (%A in advisers outside industry) or within the industry (%A in advisers within industry), which includes moves to both
protocol and nonprotocol firms. We add an additional variable that captures the incremental effect of the protocol, the percentage change in
advisers to and from other firms that are members of the broker protocol (4A in advisers with protocol firms). In column 3, we interact these
measures of percentage changes in advisers with “Firm in protocol,” which is an indicator variable that is one if the firm is a member of the
broker protocol as of the end of the previous calendar year. The analysis in Panel B follows the same pattern, but decomposes each % net
change by including separate variables for the percentage of advisers joining and leaving firms. The analysis uses the firm-year observations
from the sample described in Panel B of Table 2, which consists of Registered Investment Advisers with the SEC (about 37% of the sample). All
continuous variables are winsorized at the 1st and 99th percentiles to remove the effects of outliers. All models include firm and year fixed
effects. t-statistics are computed using robust standard errors (reported in parentheses), clustered by firm. Significance levels are denoted by c,
b, and a, which correspond to 10%, 5%, and 1% levels, respectively.

Dependent variable: Alog(AUM) Alog(Accts)
(1) (2) (3) (4) (5) (6)
Panel A
%A in advisers 0.1072 0.1252
(0.007) (0.009)
%A in advisers outside industry 0.0372 0.040? 0.059? 0.059?2
(0.009) (0.010) (0.012) (0.013)
%A in advisers within industry 0.145?2 0.1432 0.1592 0.1552
(0.011) (0.011) (0.014) (0.014)
%A in advisers with protocol firms 0.1512 0.1242 0.1612 0.1432
(0.029) (0.030) (0.039) (0.041)
Firm in protocol 0.0392 0.063?2
(0.014) (0.018)
Firm in protocol x
%A outside industry -0.070 -0.006
(0.043) (0.066)
%A in advisers within industry 0.069 0.118¢
(0.056) (0.067)
%A in advisers with protocol firms 0.185¢ 0.060
(0.112) (0.132)
Lagged log(AUM) | log(Acct) -0.254° -0.2532 -0.2542 -0.3067 -0.3052 -0.3067
(0.007) (0.007) (0.007) (0.011) (0.011) (0.011)
Year FE Y Y Y Y Y Y
Firm FE Y Y Y Y Y Y
Adj-R? 0.38 0.39 0.39 0.25 0.25 0.25
Observations 43,980 43,980 43,974 43,980 43,980 43,974
Panel B
% advisers join 0.085? 0.1132
(0.008) (0.010)
% advisers leave -0.196° -0.1732
(0.014) (0.017)
% advisers join from outside the industry 0.027b 0.030? 0.0492 0.0492
(0.010) (0.011) (0.014) (0.014)
% advisers join from within industry 0.1072 0.1042 0.1412 0.1362
(0.013) (0.013) (0.016) (0.016)
% advisers join from protocol firms 0.1832 0.1692 0.175? 0.1692
(0.031) (0.031) (0.043) (0.044)
% advisers leave to go outside the industry -0.0952 -0.0962 -0.1022 -0.1042
(0.018) (0.019) (0.022) (0.023)
% advisers leave within industry -0.2742 -0.2702 -0.2242 -0.2202
(0.020) (0.021) (0.026) (0.027)
% advisers leave for protocol firms -0.175Y -0.110 -0.185 -0.120
(0.072) (0.073) (0.093) (0.096)
Firm in protocol 0.049?2 0.0642
(0.016) (0.021)
Firm in protocol x
% advisers join from outside the industry -0.066 0.032
(0.049) (0.077)
% advisers join from within industry 0.089 0.143b
(0.059) (0.069)
% advisers join from protocol firms 0.028 -0.051
(0.036) (0.050)

(continued on next page)
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Dependent variable: Alog(AUM) Alog(Accts)
(1) (2) (3) (4) (5) (6)
% advisers leave to go outside the industry 0.057 0.101
(0.091) (0.111)
% advisers leave within industry -0.079 -0.099
(0.089) (0.142)
% advisers leave for protocol firms -0.393P -0.403¢
(0.161) (0.218)
Lagged log(AUM) | log(Acct) -0.2542 -0.2532 -0.254° -0.306° -0.3052 -0.306°
(0.007) (0.007) (0.007) (0.011) (0.011) (0.011)
Year FE Y Y Y Y Y Y
Firm FE Y Y Y Y Y Y
Adj-R? 0.38 0.39 0.39 0.25 0.25 0.25
Observations 43,980 43,980 43,974 43,980 43,980 43,974

test of the coefficient of interest, By p, is not statistically
different from zero. AUM fluctuates both with investment
performance and flows, while the number of accounts de-
pends only on flows. Indeed, these values in our sample
have a correlation of only 0.41. Given this, the fact that our
results are consistent across these measures adds to our
confidence that we are capturing the common component
that drives both, namely client flows.

In Panel B of the table, we decompose each of our mea-
sures of the percentage change in advisers into the per-
centage of advisers joining and leaving, and run regres-
sions analogous to those in Panel A. We do this because
we suspect that coefficient estimates on advisers leaving
their firms will be much more precise since the average
adviser’s book of business at their current firm is likely
more reflective of their actual book than at the firm to
which they move.!*

The estimates in Panel B show that this is indeed the
case. For the most part, the estimates on the coefficients
on the “% advisers leave” variables support our main hy-
potheses. The estimate of Bp , using AUM in column 3 is
—0.39 and in column 6, using the number of accounts, it
is —0.40. Both are similar and statistically different from
zero. The coefficient estimates indicate that a 1% increase
in advisers leaving for protocol firms from a protocol firm
will lead to a decrease in AUM of 80 bps (= -26.9 — 11 +
49 -79-39.1) and a decrease in the number of accounts
of 77 bps (= -21.9 - 11.7 + 6.7 — 9.8 — 39.9). Of these de-
creases, we can safely say that half are due to advisers tak-
ing clients with them when they switch firms.

In summary, we estimate that when advisers move,
that they take about 40% of their book of business with
them. This supports the notion that a substantial portion
of clients place trust in their advisers over the trust they
have in their advisory firms. This has implications for the
power dynamic between firms and advisers.

4 Suppose an adviser works at a firm with $100 million in AUM that
has ten advisers. On average, each adviser manages $10 million. If the ad-
viser leaves, taking $5 million with her to a new firm, then we would
estimate that a 10% decrease in advisers leads to a 5% decrease in AUM.
If the adviser joins a firm with the same AUM]/adviser ratio, then we
would get a similar estimate on our coefficient “% advisers join,” but if the
new firm has a greater (smaller) AUM/adviser ratio the coefficient will be
smaller (greater), thereby introducing noise to our estimates.
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4.3. Disciplining advisers

In the previous section, we showed that unlocking
clients leads to a substantial number of clients following
their advisers when they switch firms. We therefore ask
whether this makes firms reluctant to fire advisers, even
when the advisers engage in bad behavior. (Egan et al.,
2019), p. 235 find a large presence of repeat offenders
among financial advisers and conclude that “this result im-
plies that neither market forces nor regulators fully pre-
vent such advisers from providing services in the future.”
In other words, clients are ineffective at disciplining “bad”
advisers through asset transfers. This is likely drisxsven by
information asymmetries. One way firms can mitigate this
market imperfection is by disciplining advisers themselves.
To test whether unlocking clients reduces firms’ incentives
to do so, we modify regression (1) to include an indicator
variable that is one if the adviser engages in misconduct
during year t (“Misconduct”), and the interaction of “Mis-
conduct” with whether the firm is a member of the pro-
tocol. Our dependent variable is forced turnover, which is
defined as turnover in which the adviser is subsequently
unemployed for at least 90 days, on the assumption that
few individuals would choose to be unemployed for that
long. Formally, we estimate:

Turnover;; 1
= Qjc + Yer + Bm(Misconduct) ;¢
+ Bp(Firm in protocol); ;,
+ Bp.m(Firm in protocol);;, x (Misconduct);,

+ I''Controls;; + € ;. (4)
where definitions of all variables follow those previously
described. B, measures turnover sensitivity to miscon-
duct, which should be positive, at least in egregious cases
of misconduct. B, measures the difference in turnover
propensity for firms once they join the protocol. If firms
fear relationship-based outflows, then they may be more
reluctant to fire advisers following protocol entry, imply-
ing that this coefficient could be negative. By, captures
the difference in turnover sensitivity to misconduct at-
tributable to firms being protocol members.

The results are presented in Table 5 for the full sam-
ple and the sample of advisers who work for firms with at
least 100 advisers. Following the earlier adviser-level anal-
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Table 5

Turnover sensitivity to misconduct.

The table displays regression results from linear probability models estimated using OLS (Eq. (4) in the text) of forced
turnover in the next year on “Misconduct,” which is an indicator variable if the adviser engaged in misconduct, as
defined by Egan et al. (2019), during the year; “Firm in protocol,” which is an indicator variable that is one if the
financial adviser is employed by a firm that is member of the broker protocol as of the end of the calendar year;
and the interaction of the two. The dependent variable is an indicator variable that is one if the adviser joins another
firm after 90 days of being unemployed. The table reports the results using two large samples and two subsamples
of each. In columns 1 through 3, the analysis uses the entire adviser-level sample described in Panel A of Table 2. In
columns 4 through 6, the results are reported for the sample of advisers employed by firms with at least 100 advis-
ers. Each of these samples is split by state-level NCA enforcement using the variable “Absence of NCA enforcement,”
as outlined in Table 3. All models include firm-county and county-year fixed effects. t-statistics are computed using
robust standard errors (reported in parentheses), clustered by firm. Using the same robust standard error estimation
we also reportﬁpxmyes - Bpxm,no (the difference between the coefficient estimates on the interaction term of “Firm in
the protocol” and “Misconduct” between the “yes” and “no” samples.) and the associated standard errors. Significance
levels are denoted by c, b, and a, which correspond to 10%, 5%, and 1% levels, respectively.
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Sample Full sample > 100 advisers
State enforces NCAs? State enforces NCAs?

All Yes No All Yes No
(1) (2) (3) (4) (5) (6)
Misconduct 0.458P 0.585? -0.009 0.640? 0.7462 0.274
(0.183) (0.187) (0.397) (0.211) (0.206) (0.460)
Firm in protocol -0.324¢ -0.296¢ -0.422¢ -0.240 -0.195 -0.401
(0.176) (0.174) (0.246) (0.175) (0.170) (0.252)
Firm in protocol x Misconduct -0.544" -0.7932 0.304 -0.677° -0.8992 0.052
(0.241) (0.247) (0.532) (0.263) (0.262) (0.583)
Log (number of advisers) 0.396 0.342 0.6442 0.087 -0.006 0.528¢
(0.327) (0.369) (0.239) (0.381) (0.425) (0.313)
Log (years experience) -0.699? -0.6722 -0.806° -0.7482 -0.7152 -0.880°
(0.078) (0.078) (0.090) (0.083) (0.084) (0.095)
Investment adviser -0.9292 -0.8782 -1.1362 -0.865? -0.8192 -1.059?
(0.092) (0.095) (0.116) (0.097) (0.099) (0.121)
Gen. sec. rep. (7) 0.180¢ 0.107 0.4842 0.017 -0.052 0.307°
(0.103) (0.108) (0.124) (0.111) (0.116) (0.134)
Inv. co. prod. rep. (6) -0.5292 -0.5242 -0.5492 -0.654° -0.6412 -0.7012
(0.160) (0.170) (0.146) (0.178) (0.188) (0.164)
Gen. sec. principal (24) 0.205" 0.213° 0.162 0.328?2 0.3222 0.339°
(0.100) (0.097) (0.130) (0.112) (0.108) (0.151)
Number of other qual. -0.014 -0.032 0.064¢ -0.008 -0.026 0.070¢
(0.029) (0.030) (0.035) (0.033) (0.034) (0.039)
Mean of the dep. var. 2.97 3.00 2.82 2.78 2.82 2.64
County-Year FE Y Y Y Y Y Y
Firm-county FE Y Y Y Y Y Y
Adj-R? 0.03 0.03 0.03 0.02 0.02 0.02
Observations 5891,188 4,712,699 1,178,489 5,221,183 4,180,975 1,040,208
B\pxm‘yes - ﬁpxmno ']~097b -0.951
(0.559) (0.599)

ysis on turnover, both of these samples are further split by
state-level NCA enforcement, and we test whether protocol
membership has a larger impact on turnover sensitivity to
misconduct in states that enforce NCAs.

The results from the full sample (column 1), indicate
that engaging in misconduct increases the probability of
being fired by 46 bps, which is about a 15% increase in the
unconditional probability of forced turnover. In the same
sample, being a member of the protocol essentially undoes
this discipline. The estimate of By m is —0.54 and is signif-
icant at the 5% significance level.

Splitting the sample between advisers who work in
states that do and do not enforce NCAs (columns 2 and 3),
we find that advisers who work in states that enforce NCAs
are more likely to be fired for engaging in misconduct, but
advisers at firms that relax the enforcement of NCAs by be-
ing members of the protocol are not more likely to be fired
for engaging in misconduct. This suggests that both state-
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level enforcement of NCAs and firm-level enforcement are
important to the balance of power between firms and ad-
visers. In the sample of advisers who work in states that
do not enforce NCAs, we find that engaging in misconduct
does not increase the probability of being fired irrespective
of whether the advisers’ firm is a protocol member or not.

Focusing on the sample of advisers working for firms
with at least 100 advisers, we find similar results. In gen-
eral, these results are consistent with firms being more re-
luctant to fire employees once they unlock clients for fear
of losing AUM.

4.4. Misconduct

Since firms are less likely to discipline their advis-
ers for misconduct, it is natural to ask whether this af-
fects the propensity of advisers to engage in miscon-
duct. We therefore test whether adviser misconduct in-



U.G. Gurun, N. Stoffman and S.E. Yonker

Table 6
Adviser misconduct.

Journal of Financial Economics 141 (2021) 1218-1243

The table displays regression results from linear probability models estimated using OLS of a measure of adviser mis-
conduct on “Firm in protocol.” The analysis uses the adviser-level data described in Panel A of Table 2 and the de-
pendent variable is “Misconduct” multiplied by 100. “Misconduct” is an indicator variable that is one if the adviser
engaged in misconduct during the year, as defined by Egan et al. (2019). The results are reported for two different fixed
effect models for the full sample and the samples financial advisers working for firms with at least 100 advisers. The
models estimated in columns 1 and 2 include county-year and firm-county fixed effects and those in columns 3 and 4
include county-year and financial adviser fixed effects. t-statistics are computed using robust standard errors (reported
in parentheses), clustered by firm. Significance levels are denoted by c, b, and a, which correspond to 10%, 5%, and 1%

levels, respectively.

Sample All > 100 advisers All > 100 advisers
(1) (2) 3) (4)
Firm in protocol 0.104 0.131¢ 0.148 0.1952
(0.070) (0.078) (0.059) (0.068)
Past misconduct 13132 1.1972
(0.068) (0.077)
Log (number of advisers) 0.037 0.064 -0.1312 -0.1572
(0.047) (0.061) (0.011) (0.019)
Log (years experience) 0.1332 0.1312 0.3652 0.396?
(0.013) (0.014) (0.049) (0.056)
Investment adviser 0.3442 0.3512 -0.048 -0.019
(0.033) (0.035) (0.031) (0.030)
Gen. sec. rep. (7) 0.1072 0.082? 0.1942 0.1762
(0.023) (0.026) (0.043) (0.047)
Inv. co. prod. rep. (6) 0.029 0.010 0.062 0.006
(0.019) (0.019) (0.099) (0.107)
Gen. sec. principal (24) -0.035¢ -0.0802 0.0972 0.095°
(0.018) (0.019) (0.036) (0.041)
Number of other qual. 0.013¢ 0.011 -0.069? -0.0812
(0.007) (0.007) (0.016) (0.016)
County-Year FE Y Y Y Y
Firm-county FE Y Y N N
Adviser FE N N Y Y
Mean of the dep. var. 0.494 0.472 0.494 0.472
Adj-R? 0.03 0.03 0.05 0.04
Observations 5,862,497 5,197,696 5,706,560 5,043,769

creases once firms unlock clients by joining the protocol.
We regress “Misconduct,” an indicator variable described
in Section 4.3, on “Firm in protocol,” controls, and two dif-
ferent specifications of fixed effects. In the first specifica-
tion, we include firm-county and county-year fixed effects.
Egan et al. (2019) show that advisers’ past misconduct is
a strong predictor of future misconduct, so we add “Past
misconduct” as a control in these regressions. In the sec-
ond specification, we include adviser fixed effects, instead
of firm-county. Adviser fixed effects could be important to
include to control for any time-invariant, unobservable, in-
dividual characteristics of managers.

The results of these tests are presented in Table 6. In
columns 1 and 2 of the table, which uses the model with
firm-county and county-year fixed effects, the coefficient
estimates on “Firm in protocol” are both positive, but only
significantly statistically different from zero in the sam-
ple of advisers working for large firms (t-statistics of 1.5
and 1.7). Once adviser fixed effects are included in the
model, the coefficient estimates on “Firm in protocol” be-
come both statistically and economically significant. The
estimate in column 4, which is calculated using the sample
of advisers working for employers with at least 100 advis-
ers, indicates that the probability that an adviser engages
in misconduct increases by 20 bps once his employer joins
the protocol. Compared to an unconditional probability of
misconduct of 47 bps, this is an increase in likelihood of
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over 40%. We confirm the robustness of our results to var-
ious subsamples as well as extending the sample period
back to 2003; these results are presented in Table IA.6 of
the Internet Appendix. In all models that include adviser
fixed effects, our inferences are unchanged.'

4.5. Fee rates

In this section, we investigate the dynamics of advi-
sory fees following protocol adoption. Firms can increase
their fees to compensate for the increased probability of
relationship-based outflows or because they seek to ex-
ploit relationship-based inflows. Alternatively, firms can
lower fees to attract relationship-based inflows from ad-
visers seeking lower rates for their clients.

A broker-dealer can generate revenue from two main
sources, commissions and fees. Because a commission-

15 Clifford and Gerken (2019) investigate the relationship between advis-
ers receiving customer complaints and broker protocol membership and
find a weak negative relationship (10% significance level). Unlike the mis-
conduct measure of Egan et al. (2019), their measure includes complaints
that were dismissed, withdrawn, or are still pending. Since we are inter-
ested in adviser malfeasance we do not include disclosures where the ad-
viser is exonerated. In untabulated tests, we find no significant relation-
ship between protocol membership and total customer complaints, but
weak evidence that frivolous customer complaints decrease with protocol
membership.
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Fig. 3. Fee rates. The figure plots the coefficient estimates and their 10% confidence intervals of the B,’s from Eq. (2), which is a linear regression model
with firm and year fixed effects, that regresses “fee rates” on lags of “Join protocol.” Therefore, the coefficient estimates on these indicator variables
measure the changes in fees rates relative to their average prior to a firm joining the broker protocol. The analysis uses the sample of firms covered by the
InvestmentNews annual independent B-D surveys from 2004 to 2016 with complete data as outlined in Section 3.5 of the text. The dependent variable is
“Fee rate,” which is the fee revenues divided by the fee-based AUM. Confidence intervals are computed using robust standard errors, clustered by firm.

based broker derives his income from selling particular in-
vestment products (such as mutual funds), a potential con-
flict of interest can arise between brokerages and their
clients. For instance, Mullainathan et al. (2012) find that
some advisers in the United States steer investors from
well-diversified portfolios to high-fee mutual funds. Such
opportunistic behavior has also been found in other fi-
nancial products (Anagol et al.,, 2017) and other countries
(Bhattacharya et al., 2012; Hackethal et al., 2012). A bro-
kerage fee, on the other hand, is a flat rate that customers
pay brokers to manage money regardless of the type of in-
vestment the client has in her portfolio. This flat rate is
generally expressed as a percentage of AUM.

To test our hypotheses, we use broker-dealer revenue
breakdown information from the B-D Data Center main-
tained on the InvestmentNews web site. As discussed in
Section 3.5, our data set covers 2004 to 2016 and con-
tains approximately 75 large broker-dealers per year. For
each of these firms, we observe both the total revenue and
fee revenue, as well as the total assets under management
that generated the fees. From these, we calculate the “Fee
rate”, i.e., Fee rate = Fee revenues / Fee-based AUM. Ta-
ble IA.7 in the Internet Appendix displays summary statis-
tics of this sample. It shows that it is composed of large
broker-dealers and the average fee rate is 1.0%.

We calculate how firms adjust their fee rates in re-
sponse to unlocking clients by estimating Eq. (2) with fee
rate as the dependent variable. The model includes firm
and year fixed effects, so the coefficients on the §,’s cap-
ture the abnormal changes in the fee rate since prior to
protocol adoption. Fig. 3 plots the coefficients’ estimates on
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the Bp’s and their 10% confidence intervals. It shows that
in the year of protocol adoption fee rates do not increase
significantly. However, in the second year rates increase
about 14 bps and by year three they increase another 4 bps
to 18 bps, where they remain significantly higher. Com-
pared to the average fee rate of 100 basis points, the in-
crease is not only statistically significant, but also econom-
ically large. These results suggest that unlocking clients led
to higher fees, at least at large broker-dealers.

4.6. Winners and losers to unlocking clients

We next investigate the effect of unlocking clients on
firms. If all firms within the protocol charge the same fees
for identical products, then advisers moving from firm to
firm is zero sum game. In fact, this was likely the expec-
tation of the originators and early adopters of the proto-
col: that net relationship flows with other large broker-
ages would be small, but that litigation costs would de-
cline. As time went on, however, small firms began joining
the protocol, as we show in Table 1. These firms stood to
gain from the protocol because it protected them from pro-
hibitively large settlement payouts that they would have
had to make if they poached advisers from larger firms
in the absence of the agreement. We therefore suspect
that small firms are the ultimate beneficiaries of unlocking
clients.

We split the sample between small (fewer than 100 ad-
visers) and large (100 or more advisers) firms and explore
the firm-level dynamics around protocol adoption on ad-
viser growth, revenue, and misconduct. To do this, we es-
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Fig. 4. Firm-level outcomes by firm size. The figure plots the coefficient estimates and their 10% confidence intervals of the B,,’s from Eq. (2), similar to
Figs. 2 and 3 for samples of small (less than 100 advisers) and large firms (100 or more advisers). The dependent variables are within industry turnover
(Panel A), the natural log of total revenue (Panel B), and a firm level misconduct dummy (Panel C), where definitions follow those in Table A.2. The analysis
and Panels A and C uses the entire firm-level sample described in Panel B of Table 2, split by firm size. The analysis in Panel B uses the sample of broker-
dealers covered by the FOCUS data, as described in Section 3.5 and summarized in Table IA.8 in the Internet Appendix. Confidence intervals are computed

using robust standard errors, clustered by firm.

timate Eq. (2) with these alternative dependent variables.
Fig. 4 plots the coefficient estimates and their 10% confi-
dence bounds. The data on revenue is from FOCUS reports
and is only available for broker-dealers. These data are de-
scribed in Section 3.5 and summary statistics are provided
in Table IA.8 in the Internet Appendix.

In Panel A, the dependent variable is “4A in advis-
ers within industry.” The figure shows that small firms
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saw massive growth in the first two years following
protocol adoption. In the first year, small firms, on av-
erage, grew their advisory teams through poaching by
over 8%. During the second year of protocol membership,
they grew another 3%. In subsequent years, their growth
was almost 2% above pre-adoption levels, but not signifi-
cantly different from zero. Large firms, on the other hand,
saw no abnormal growth in the initial years of proto-
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Fig. 4. Continued

col adoption and by the fourth year these firms began to
shrink.

Estimates of changes in revenue, displayed in Panel B,
tell a similar story. Small firms saw dramatic increases in
revenue following protocol adoption. In the first year of
protocol adoption, the revenue of small firms increased by
27%, on average, and this increase remained fairly steady
over time. Large firms saw a more muted response. Rev-
enue increased by only 7% in the first year.

In Panel C we also see that the prevalence of miscon-
duct spikes among small firms after unlocking clients, but
not among large firms. This may not be surprising. For
small firms, each adviser’s relationships represent a larger
proportion of the firms’ total assets. In other words, the
relationship assets are much more concentrated for small
firms. Therefore, losing one adviser is much more costly
to a small firm than a large firm. This makes small firms
less likely to discipline advisers for bad behavior, similar
to the idea of key human capital put forth by Israelsen and
Yonker (2017).16

Together, these results suggest that if all clients were
unlocked in the industry, small firms would be the benefi-
ciaries, although it is not clear whether this is good or bad
for clients.

5. Robustness
5.1. Subsample analysis
To check the robustness of the results, we replicate all

adviser-level results (Tables 3, 5, and 6) for three different

16 In unreported results, we confirm that unlocking clients leads to laxer
discipline among small firms by replicating the analysis in Table 5 for the
sample of firms with fewer than 100 advisers.
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subsamples. The results are displayed in the Internet Ap-
pendix in Tables IA.4, IA.5, and IA.6, respectively.

First, we limit the sample to advisers who are brokers.
Several studies of financial advisers (i.e. Egan et al. (2019);
Clifford and Gerken (2019)) exclude those who are invest-
ment advisers, but not brokers from their samples. To en-
sure that our results are not driven by these advisers, we
exclude them. In general, the main results are unchanged.
This is not that surprising since the majority of financial
advisers are registered brokers.

Next, we estimate our results for the subsample of ad-
visers who work for only one firm. When advisers are reg-
istered with multiple firms simultaneously, a choice must
be made about which firm is the main employer. Again, we
do our best by basing our choice on the initial registration
date, but other choices could be made. The main results
do not materially change when limiting the analysis to this
sample.

Finally, we reproduce the results for the extended sam-
ple from 2003 to 2016, acknowledging that this sample
could have a survivorship bias. This bias is particularly im-
portant for analysis including forced turnover and miscon-
duct, since advisers who are either fired or engage in mis-
conduct are likely to disappear from the sample. Indeed,
both the turnover sensitivity to misconduct and miscon-
duct results are weaker in this sample. However, the re-
sults on turnover are in line with the main analysis.

5.2. Binary choice models
As an alternative to the linear probability models used
to estimate the results displayed in Tables 3, 5, and 6, we

estimate our results using binary choice models, but leave
the results untabulated.!” Because maximum likelihood es-

17 These results are available upon request.
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Fig. 5. Protocol withdrawal and adviser exits. The figure plots the percentage of 2017 annual turnover occurring each business day of the year for Morgan
Stanley (blue) and UBS Financial Services (orange). On October 24, 2017, Morgan Stanley submitted a letter indicating that it would like to withdrawal
from the broker protocol. UBS followed suit on November 20, 2017. It takes ten days for the withdrawal to take effect. Therefore, the last days that Morgan
Stanley and UBS Financial Services were members of the broker protocol were November 2, 2017 and November 30, 2017, respectively. Those dates are
indicated on the graph above. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

timation of nonlinear binary choice models has computa-
tional difficulties when the number of fixed effects is large,
we first estimate our results using both probit models and
linear probability models omitting fixed effects from the
models. We find that both models give consistent results
across all of our results.

Stammann et al. (2016) develop a package in R,
called “bife,” that can handle one dimension of high-
dimensionality fixed effects. They call their estimator a
“bias-corrected logit estimator.” We reestimate the results
using this estimator, which allows us to include branch
fixed effects in our specifications. Since we cannot also in-
clude county-year fixed effects, we include yearly fixed ef-
fects to absorb general economic conditions. All specifica-
tions include the control variables included in our base-
line models. Again, we find that all of our earlier results
hold. Finally, we include adviser fixed effects in the mis-
conduct regressions analogous to those in Table 6, col-
umn 3. We find that the coefficient on “Firm in the pro-
tocol” is positive, but not statistically different from zero
(p-value= 0.23). We conclude that our results are robust
to estimation using binary choice models.
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5.3. Out-of-sample evidence: protocol withdrawals and
adviser exits

As an out-of-sample test of the impact of unlocking
clients on adviser turnover decisions, we take advantage of
two recent events that followed our initial data collection.
In October and November of 2017, two major financial ad-
visory firms exited the broker protocol. To withdraw from
the broker protocol firms, must submit a letter of their in-
tent, but the actual withdrawal does not become effective
for ten business days. We therefore examine whether an
abnormal percentage of advisers leave these firms during
the nine-day window after the withdrawal submission, but
prior to the withdrawal taking effect.

Fig. 5 plots the percentage of 2017 annual turnover oc-
curring each business day of the year (daily number of
advisers leaving the firm scaled by total number advis-
ers leaving the firm during 2017) for Morgan Stanley and
UBS Financial Services. Morgan Stanley submitted its with-
drawal notice on October 24, 2017 and UBS followed suit
on November 20, 2017. Because of the ten-day grace pe-
riod, the last days that Morgan Stanley and UBS Finan-
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cial Services were members of the broker protocol were
November 2, 2017 and November 30, 2017, respectively.
These dates are indicated in Fig. 5. The average percentage
of annual turnover per day is 0.39% (=1/257) during 2017.
On the final days that Morgan Stanley and UBS were mem-
bers of the protocol, they experienced 5.73% and 9.92%, re-
spectively, of their daily attrition for the entire year. That
is, on November 2, 62 advisers left Morgan Stanley and on
November 30, 94 advisers left UBS. While we do not con-
duct formal statistical tests, note that the standard devia-
tion of daily turnover for Morgan Stanley and UBS in 2017
was 0.48% and 0.73%, respectively. This indicates that exits
were over ten standard deviations from the mean for both
brokerages on their last days in the broker protocol and in
both cases they were the maximum for the year. It is also
worth noting that, of those advisers who left either Mor-
gan Stanley or UBS on those dates, only two (1.3%) joined
firms that were not members of the broker protocol.

6. Conclusion

We demonstrate the importance of client relationships
in the financial advisory industry. Our evidence shows that
these relationships are critical for clients, advisers, and
their firms. They drive advisers’ employment decisions: ad-
visers are much more likely to move to firms to which they
can freely transfer their clients. Clients value their relation-
ships with their advisers, and follow them to new firms.
When unconstrained, advisers move about 40% of client
assets with them when they switch firms. These relation-
ships are also important to firms, which become less will-
ing to discipline their advisers for misconduct, for fear of
experiencing relationship-based outflows.

An important question is what would be the impli-
cation if all clients in the industry were unlocked. How
would this affect advisers, clients, firms, and the industry?
While we cannot provide a definitive answer, our results
give us some clues.

We believe that advisers would stand to gain the most,
since they would effectively gain control of a portion of the
revenue-generating assets of firms. Unfortunately, we do
not observe adviser preferences or wages, but, by revealed
preference, advisers would not voluntarily move to another
firm unless it makes them better off. Increases in adviser
welfare could come through higher wages, better product
offerings to clients, or more favorable working conditions.

What about clients? Again, by revealed preference, we
suspect that clients believe that they would be better off.
After all, why else would they follow their advisers? How-
ever, two of our empirical findings question whether that's
really the case. First, we find that the lax monitoring of
firms induced by unlocking clients leads to a greater in-
cidence of adviser misconduct. Second, we show that fol-
lowing protocol entry, firms raise their fees permanently
by about 18 bps, albeit for a small sample of large broker-
dealers. Again, our assessment is limited by data. We do
not observe the actual products into which clients are al-
located, nor do we observe the relevance of clients’ allo-
cations to their goals and objectives. The finding that mis-
conduct increases following protocol adoption is somewhat
informative, since, as Egan et al. (2019) report, 21% of client
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complaints are related to the suitability of their invest-
ments.

We conclude that unlocking clients would likely bene-
fit small firms over large. We show that protocol adoption
affected small firms dramatically more than large firms.
It enabled small firms to freely poach advisers from large
firms and to gain clients’ assets. Essentially, a policy of un-
locking clients would level the playing field among firms. A
blanket policy could alter the competitive landscape within
the industry.

Some legislators in Washington have also expressed
concern that NCAs are used by firms to suppress the wages
of lower level employees.'® Theory suggests that employee
compensation should be greater in the absence of NCAs
because of the creditable threat of employees moving to
competitors. While we cannot directly observe compensa-
tion data, our results suggest that the relaxation of NCA
enforcement leads to a significant increase in the bargain-
ing power of financial advisers. Future research could ex-
plore more directly the effects of NCAs on compensation
in other industries.

Appendix
A.1. Verifying the survivorship-bias-free sample

We use historical brokerage and investment adviser
registration dates for advisers to construct a survivorship-
bias-free adviser-firm-year panel data set. Data from the
SEC’s IAPD web site provides historical beginning and end-
ing investment adviser registration dates, while FINRA’s
BrokerCheck web site provides beginning and ending reg-
istered representative (broker) registration dates. Financial
advisers can be dually registered, or registered only as a
broker or investment adviser. When constructing the em-
ployment spells, we use the union of dates spanned by
broker and investment registrations to determine the dates
of employment of dually registered financial advisers with
their firms.

We downloaded these data in July 2017, after an update
to FINRA’s web site Terms of Use explicitly provided per-
mission for researchers to download the data for academic
purposes.'® The FINRA web site states that it maintains in-
formation on the web site for brokers who have been reg-
istered within the last ten years, or possibly longer,?? indi-
cating that we can have confidence that our sample is free
of possible survivorship bias beginning in 2007.

To verify this, we calculate the last year that each fi-
nancial adviser is included in the data. Panel A of Fig. A.1
shows the distribution of these final years. Almost none
of the advisers file their final deregistration prior to 2007,
which is ten years prior to when we collected the data.?!
It therefore appears that FINRA deletes entire adviser his-
tories from the publicly available data once they have

18 See, for  example,  https://www.c-span.org/video/?c4796572/
sen-van-hollen-questions-ftc-chair-joseph-simons.

19 See item 5 of FINRA BrokerCheck Terms of Use, modified July 17, 2017.
20 See www.finra.org/investors/about-brokercheck.

21 The figure does not include 2017. About 68% of advisers in the sample
are still registered in 2017.


https://www.c-span.org/video/?c4796572/sen-van-hollen-questions-ftc-chair-joseph-simons
http://www.finra.org/investors/about-brokercheck
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Fig. A.1. Distribution of advisers’ final years and months. Panel A of the figure displays the distribution of the advisers’ final years of registration for data
extracted from the BrokerCheck and IAPD web sites in July of 2017 for the years 2003 to 2017. The year 2017 is not included in the graph, but accounts
for 68% of the observations. Panel B shows the distribution of final months for 2007 and for the years 2003-2016, excluding 2007.

been de-registered for ten years. Panel B provides addi-
tional support for this claim by comparing the distribution
of an adviser’s final month of registration in 2007 to all
other years. The typical distribution is fairly even across
all months, although there’s an uptick in December. But,
in 2007 the sample is completely different: there are al-
most no final de-registrations until July in that year, which
is precisely ten years before we downloaded the data.

In light of this evidence, we conclude that our data are
free of survivorship bias only during the period beginning
in August, 2007.

A.2. Additional information on sample construction

One complication in constructing the employee-
employer matched data set is that the data provide
registration dates, rather than actual employment dates.
An adviser could, for example, de-register but stay with

1240

a firm in a nonadvisory role. This is unlikely to be much
of an issue, however, because the cost of maintaining reg-
istration is low relative to the potential benefits, so even
if financial advisers move into different roles, they will
most likely keep their registrations active. Nevertheless,
we assume that an adviser is continually employed with a
firm if his registration ends but then begins again at the
same firm within 365 days, provided that the adviser has
not registered with another firm during the intervening
period. We also remove registrations lasting less than two
weeks.

A second complication is that many financial advisers
are registered simultaneously with multiple firms. In our
sample, 91.9% of advisers-year observations are from ad-
visers registered with one firm, while the corresponding
numbers for those registered at two firms is 7.7%. The re-
maining 0.4% of observations represents advisers simulta-
neously registered at more than two firms. In cases of mul-
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Finally, we limit our sample to firms with at least two

advisers located within the United States, since we are in-

terested in the effects of non-compete agreements.

tiple employment, we assume that the primary employer
is the firm with which the adviser has been registered the
longest. We provide evidence of robustness to this assump-
tion by showing that our main results hold when focusing
only on observations for advisers who work for a single

employer.

Table A1

Adviser-level variable definitions.

A.3. Variable definitions

Adviser-level variables

Definition

Source

Firm in protocol

Log (number of advisers)
Log (years experience)
Investment adviser

Sec. agent st. law (63)
Gen. sec. rep. (7)

Inv. co. prod. rep. (6)
Gen. sec. principal (24)
Number of other qual.

Past misconduct

Absence of NCA enforcement

Leave for another firm

Leave for a protocol firm

Adviser-level variables
Leave for a nonprotocol firm

Forced turnover

Misconduct indicator

Broker-dealer indicator

Primary employer

An indicator variable that is one if any of the adviser’s employers are
members of the protocol as of the end of the calendar year.

Log of the total number of advisers employed by the adviser’s
primary employer at the end of the calendar year.

Log of the number of years since the adviser is first registered as a
financial adviser at any firm.

An indicator variable that is one if the adviser is registered as an
investment adviser during the year.

An indicator variable that is one if the adviser passed the Series 63
exam by the end of the year.

An indicator variable that is one if the adviser passed the Series 7
exam by the end of the year.

An indicator variable that is one if the adviser passed the Series 6
exam by the end of the year.

An indicator variable that is one if the adviser passed the Series 24
exam by the end of the year.

The number of exams passed other than Series 6, 7, 24, 63, 65, or 66
by the end of the year.

An indicator variable that is one if the adviser has a misconduct
record as of the previous year, where misconduct is defined
according to Egan et al. (2019).

An indicator variable that is one if the state where the adviser works
does not enforce non-compete agreements.

An indicator variable that is one if the adviser leaves his/her firm
during the year and subsequently joins another firm in the data.

An indicator variable that is one if the adviser leaves his/her firm
during the year and subsequently joins a firm that is a member of
the protocol.

Definition

An indicator variable that is one if the adviser leaves his/her firm
during the year and subsequently joins a firm that is not a member
of the protocol.

An indicator variable that is one if “Leave for another firm” is one
and the number of days before joining another firm is greater than
90.

Following Egan et al. (2019), this is an indicator variable that is one
if any of the following disclosures appear for an adviser during the
year: Customer Dispute—Settled; Employment Separation After
Allegations; Regulatory—Final; Criminal—Final Disposition; Customer
Dispute—Award/Judgment; or Civil—Final. These six types of
disclosure are selected from a total of 23 categories.

An indicator variable that is one if the adviser’s primary employer is
a registered broker-dealer.

Employer who has employed the adviser the longest.

Broker protocol web site, IAPD,
BrokerCheck

IAPD, BrokerCheck

IAPD, BrokerCheck

IAPD

IAPD, BrokerCheck

IAPD, BrokerCheck

IAPD, BrokerCheck

IAPD, BrokerCheck

IAPD, BrokerCheck

IAPD, BrokerCheck

Table 1 of Stuart and
Sorenson (2003); Samila and
Sorenson (2011).

IAPD, BrokerCheck

Broker protocol web site, IAPD,
BrokerCheck

Source
Broker protocol web site, IAPD,

BrokerCheck

IAPD, BrokerCheck

IAPD, BrokerCheck

Form BD, IAPD, BrokerCheck

IAPD, BrokerCheck
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Table A.2

Firm-level variable definitions.
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Firm-level variables

Definition

Source

Firm in protocol
Log (number of advisers)

Within industry turnover

Turnover with firms in
protocol

Turnover with firms not in
protocol

%A in advisers
%A in advisers outside
industry

%A in advisers within
industry

%A in advisers with
protocol firms

Misconduct dummy
Broker dealer indicator
RIA indicator

ALog (AUM)

Log (AUM)
ALog (Accts)

Log (Accts)
Fee rate

Log (Revenue)

An indicator variable that is one if any of the firm is a member of
the protocol as of the end of the calendar year.

Log of the total number of advisers employed by the firm at the end
of the calendar year.

The average of the percentage of the firm’'s advisers leaving for other
firms and the percentage of the firm’s advisers joining from other
firms, where percentages are calculated based on the number of
advisers at the firm at the end of the previous calendar year.

The average of the percentage of the firm’'s advisers leaving for firms
in the protocol and the percentage of the firm’s advisers joining from
firms in the protocol, where percentages are calculated based on the
number of advisers at the firm at the end of the previous calendar
year.

The average of the percentage of the firm’s advisers leaving for firms
not in the protocol and the percentage of the firm's advisers joining
from firms not in the protocol, where percentages are calculated
based on the number of advisers at the firm at the end of the
previous calendar year.

The percent change in the total number of advisers at the firm.

The difference in the percentage of rookie advisers hired by the firm
(registering for the first time) and the percentage of the firm’'s
advisers leaving the industry (deregistering for the last time), where
percentages are scaled by the total number of advisers at the firm at
the end of the previous calendar year.

The difference in the percentage of advisers hired from other firms
within the industry by the firm and the percentage of the firm’s
advisers leaving for other firms in the industry, where percentages
are scaled by the total number of advisers at the firm at the end of
the previous calendar year.

The difference in the percentage of advisers hired from protocol
member firms and the percentage of the firm’s advisers leaving for
protocol member firms, where percentages are scaled by the total
number of advisers at the firm at the end of the previous calendar
year.

An indicator variable that is equal to one if any of the firm's advisers
engaged in misconduct, as defined by the “Misconduct indicator,”
during the calendar year.

An indicator variable that is one if firm is a registered broker-dealer.
An indicator variable that is on if the firm is a registered investment
adviser.

Change in the log of total assets under management from the end of
the previous fiscal year to the end of the current fiscal year.

Log of total assets under management at the end of the fiscal year.
Change in the log of total number of accounts from the end of the
previous fiscal year to the end of the current fiscal year.

Log of total number of accounts at the end of the fiscal year.

Fee revenues / fee-based AUM

Log of total revenue end of the fiscal year.

Broker protocol web site
IAPD, BrokerCheck

IAPD, BrokerCheck

IAPD, BrokerCheck

IAPD, BrokerCheck

IAPD, BrokerCheck
IAPD, BrokerCheck

IAPD, BrokerCheck

Broker protocol web site, IAPD,
BrokerCheck

IAPD, BrokerCheck

Form BD, IAPD, BrokerCheck
SEC Form ADV, IAPD, BrokerCheck

SEC Form ADV, Part 1a, Item 3F2c

SEC Form ADV, Part 1a, Item 3F2c
SEC Form ADV, Part 1a, Item 3F2f

SEC Form ADV, Part 1a, Item 3F2f
B-D Data Center maintained on
the InvestmentNews web site
Audit Analytics item
“pe_ended_rev”
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