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Abstract

This paper examines how public pension funds (PPFs) search for and hire as-

set managers. First, I extend a model where PPFs can choose asset managers

directly, through an informed consultant, or through a random consultant. The

model shows that as the consultant search cost decreases, the number of PPFs

who seek informed consultants increases, and the number of consultants who

choose to become informed increases. Second, I examine a dataset of asset man-

ager finalists and winners for mandates released by US PPFs between 2009 and

2018. The data show that previous finalists and winners are more likely to be

reselected in future mandates. However, finalists do not have an equal likelihood

of winning, and certain firms appear to be consistently selected as finalists, but

not as winners. The empirical findings confirm the central role of consultants,

but question the merit of the shortlisting process.
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Chapter 1

Introduction

Public pension funds (PPFs) are significant financial institutions. As of 2016, they

held $5.9 trillion in total assets globally (Hentov et al., 2018), their annual benefit payments

were over 1.5% of the US national GDP, and they supported over 10 million beneficiaries in

retirement (Lenney et al., 2019).

For PPFs, poor asset management has significant consequences on both its beneficia-

ries and society; the public bears the ultimate cost of inefficient management. Understanding

the relationships and factors that affect PPF investment behavior is important to standardize

and implement best practices across the industry.

Current literature on investment behavior groups institutional investors such as en-

dowments, sovereign wealth funds, fund-of-funds, and public pension funds together (Brown

et al., 2016). However, institutional investors have very different constraints and invest-

ment processes, and their individual behaviors should be studied. Literature on PPFs have

focused on their underfunded liabilities and their asset allocation choices (Andonov et al.,

2017). Though it is important to understand how PPFs allocate assets, there is a gap in the

literature on how PPFs execute their allocation goals.

This paper adds to the current literature by examining the search and hiring behavior

of PPFs in two parts. First, I extend the asset manager selection model by Gârleanu and

Pedersen (2018) to theoretically examine the relationships between PPFs, search consultants,

and asset managers. Gârleanu and Pedersen model the relationship between investors and

asset managers with two levels of friction: the investor’s cost of searching for informed asset
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managers and the asset manager’s cost of collecting information. I modify the model and

focus on PPFs as the sole investor, add in consultants as a competitive agent, and treat the

universe of asset managers as the security market.

Second, I empirically investigate what drives PPFs’ selection of finalists and winners.

I use a dataset of asset manager finalists and winners for mandates released by PPFs in the

US between 2009 and 2018. I combine this dataset with geographic information and generate

variables for previous relationships between PPFs, consultants, and asset managers. Speak-

ing with investment professionals from two different PPFs, I obtain qualitative information

on the asset manager selection and evaluation process.

The model shows that as the consultant search cost decreases, the number of PPFs

who seek informed consultants will increase, and a higher number of consultants will choose

to become informed. As the cost of obtaining asset manager information decreases, the

number of informed consultants will also increase. Informed search consultants help reduce

the friction between PPFs and asset managers by lowering the difficulty of due diligence tasks

that require time and cooperation between the two parties. Consultants also have greater

resources to execute the search process and are expected to have a better understanding of

the asset management industry compared to PPFs.

The empirical data show PPFs’ reliance on consultants, and suggest that decisions

made by consultants and PPFs are influenced by previous relationships with an asset man-

ager. Consultants and PPFs may select the same managers to be finalists and winners for

new mandates since they have already conducted due diligence on and built relationships

with these managers. However, the results show that while certain managers are consistently

selected as finalists, they are unlikely to actually win the mandates. The results also show

that not all managers in a final have an equal likelihood of winning. This suggests that man-

agers selected as finalists may not be the most suitable candidates, and are selected as acts

of tokenism or out of convenience based on previous relationships. Examining geographic

characteristics, the locations of firms have a small impact on who is selected as a finalist and

winner.

The remainder of the paper is organized as follows: in section 2, I present more

background on PPFs and their investment process. In section 3, I describe a basic model as
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an extension of Gârleanu and Pedersen’s (2018) work. In section 4, I discuss the data and

method used. In section 5, I describe the results and provide further analysis. In section 6, I

highlight limitations, future questions to explore, and conclude. The appendix will describe

in greater detail the search process of PPFs supported by qualitative data.
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Chapter 2

Background

2.1 Literature Review

This section provides an overview of current literature on PPFs and the asset manager

selection process. This section also provides a primer on the investment process of a PPF. A

more detailed description of PPFs and their investment process with qualitative information

from interviews can be found in Appendix B.

Most PPFs will retain a consultant to assist with their investment process (Goyal and

Wahal, 2008). The process typically begins with drafting an investment policy statement to

describe a PPF’s goals and constraints. Once broad asset allocations are established, PPFs

will put out a Request for Proposal (RFP). PPFs allocate fixed amounts of capital (called

“mandates”) across various asset classes, and asset managers will fill out RFPs in hopes of

winning a mandate. Usually there are several rounds where finalists selected through the

RFP will go through more screening and evaluation.

Factors such as asset manager size, style, and past performance all influence the

decision of hiring an asset manager (Busse et al., 2010). “Soft” information from in-person

meetings and past relationships are also known to strongly influence decisions (Brown et al.,

2016). In fact, Brown et al. (2016) found that relying on subjective judgements had merit,

and that returns for funds who relied on “soft” information were higher.

There is also extensive research on how various fund characteristics relate to fund

performance (Agarwal et al., 2015). Liang and Schwarz (2011) showed that asset manager
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fees are largely determined by the amount of assets under management (AUM), but that

manager performance is negatively correlated to size. Getmansky (2012) found a positive and

concave relationship between past returns and current fund flows. A manager’s geographic

location may also affect its ability to deliver alpha. Sialm et al. (2013) examined hedge

fund investments made by fund-of-funds (FoFs) and found that FoFs invested more with

hedge funds in the same geographic location, a phenomenon they call “home bias.” FoFs

with stronger home bias had stronger performance which Sialm et al. (2013) attributed to

better soft information obtained from developing local connections with reputable managers.

PPFs may be more subject to incentive misalignments relative to other institutional

investors (Lakonishok et al., 1992). One example of conflict comes from the compensation

and incentive structures of PPFs. If a public plan is overfunded, excess funds belong to the

plan, and there is little incentive for the management team to generate superior performance.

On the other hand, underfunded PPFs provide incentive to invest in risky assets since plans

have insured benefits with the Pension Benefit Guaranty Corporation. For federal, state,

or local government pension plans, trustees of the plan are often political appointees or

bureaucrats. Goyal and Wahal (2008) posit that PPFs use investment consultants because

public funds are more subject to “headline risk” – the probability that news stories, poor

fund performance, and bad publicity will cause adverse effects such as pay cuts or employee

terminations. However, despite how reliant PPFs are on consultants, Jenkinson et al. (2016)

found that consultant recommendations provided little financial value to PPFs.

2.2 PPF Investment Process

As briefly described, the investment process typically begins with drafting an invest-

ment policy statement to describe a PPF’s goals and constraints. Each pension fund has a

unique set of liabilities, liquidity needs, and expected cash flow based on benefit structures

and membership demographics. PPFs allocate mandates across asset classes, and once broad

asset allocations are established, PPFs will put out a Request for Proposal (RFP). The RFP

is a document that potential asset managers can fill out to bid for a mandate. This opens

competition amongst private companies making the process more democratic.
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Consultants play a critical role in executing and guiding the search process (Jenkinson

et al., 2016), and around 82% of PPF will retain a consultant (Goyal and Wahal, 2008).

Search consultants assist with drafting the RFP and developing the search criteria to identify

potential candidates. Speaking with public pension fund employees, they say that after RFP

submissions, it is a very dynamic process where consultants and PPFs will work together

to evaluate managers. There are usually several rounds where asset managers selected from

the RFP will be evaluated further with phone calls, meetings, and sometimes a pitch.

There is an important role for “soft information” such as the perceived capabilities of

relationship professionals, the usefulness of reports prepared by the fund manager, and the

effectiveness of presentations to consultants when determining the due diligence outcome

(Brown et al., 2016). Results by Brown et al. (2016) suggest that while levels of hard

information such as AUM and past performance were not a strong predictor of whether a

fund will be selected, levels of soft information were. They also found that relying on soft

information was useful and that selected funds outperformed the mean unselected fund (a

pooled number of funds deemed to have similar hard information as the selected fund) by

nearly 0.23% per month over 18 months.

A public fund’s manager selection process differs from other institutional investors

to ensure greater democratic oversight. While other institutional investors may find new

managers through previous relationships, prime brokers, and industry conferences (Brown et

al., 2016), my conversations with public fund employees emphasized the democratic process

of PPFs such as using RFPs, electing employees as board members, and being responsive to

public concerns. The interviewed employees also confirmed the need and use of consultants

during the search process. PPFs tend to rely heavily on search consultants since many do

not have the back-office resources and in-house knowledge to conduct an extensive asset

manager search themselves. These conversations motivate the focus on consultants in the

model and analysis.
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Chapter 3

Model

3.1 Public Pension Funds and Consultants

Gârleanu and Pedersen (2018) create a model for the interaction between investors

and asset managers with two levels of friction: the investor’s cost of searching for an informed

manager, and the manager’s cost of collecting information on assets. Their model (Figure

3.1) consists of investors and asset managers as competitive agents trading in a financial

market.

Figure 3.1 original model by Gârleanu and Pedersen (2018)

As an extension to their model, I focus on public pension funds (PPFs) as the sole

investor, add in consultants as competitive agents, and treat the universe of asset managers
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as the security market (Figure 3.2). In this economy, PPFs can search for an informed con-

sultant to assist with selecting an asset manager, randomly select a consultant to assist with

selecting an asset manager, or select an asset manager without a consultant.

Figure 3.2 focusing on PPFs and adding in consultants

All PPFs will trade some portion of their portfolio through asset managers. Some

PPFs will use consultants who act on a pension’s behalf in conducting the search for asset

managers. Consultants may either be informed and make an informed asset manager selec-

tion or uninformed and make a random asset manager selection. Some PPFs will not use a

consultant and will make a random asset manager selection.

In this model, I assume that PPFs will not seek to acquire information s about

asset managers at cost k during the asset manager search process, but instead will (i) make

an uninformed selection of an asset manager, (ii) spend search cost c to find an informed

consultant with fee f who will select a manager on the PPFs’ behalf, or (iii) pay no consultant

search cost for a random consultant with fee f who will select a manager on the PPFs’ behalf.

Consultant search cost c, consultant fee f , and cost of asset manager information k are all

exogenous variables in the model.

Specifically, the economy has Ā public pension funds. Let A be the number of PPFs

who use a consultant, let A1 be the number of PPFs who search for an informed consultant,

and let A2 be the number of PPFs who use a random search consultant. A1 + A2 = A, and

the number of PPFs who do not use a consultant is Ā− A.

PPFs may choose to use a consultant because consultants are more familiar with the
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asset management industry and have better back-office resources and in-house knowledge

to conduct an extensive asset manager search. While a PPF may conduct a search for an

asset manager every couple of years, search consultants conduct their search process more

frequently. This allows consultants to develop better search infrastructure, and increase their

efficiency in obtaining accurate signals on asset managers.

The economy has M̄ consulting firms, where M firms choose to pay k for signal s to

become informed. Informed consultants invest more time in their search and due diligence

process, and by using an informed consultant, a PPF is more likely to find good asset

managers. M̄ −M consultants will collect fees but select asset managers without additional

information.

Some PPFs may choose to not spend the time and energy to find an informed con-

sultant, and will randomly choose a search consultant to use. These PPFs will select an

informed consultant with probability pI = M
M̄

. Thus A2pI + A1 is the number of PPFs who

end up using informed consultants.

Like the original model, I assume all PPFs have constant absolute risk aversion

(CARA) utility over end-of-period consumption with risk-aversion parameter γ. Each PPF

is endowed with initial wealth W , and its utility function is defined to be: −1
γ
log(E(e−γW )).

3.2 Asset Manager Equilibrium

The following model description mirrors Gârleanu and Pedersen’s model. I treat

asset managers as the risky asset from the original model. Asset managers are available

in stochastic supply q. It is jointly normally distributed, and independent of the other

exogenous random variables. The mean supply is q̄.

Building off the equilibrium of informed and uninformed investors in the original

model, I denote the total number of PPFs making an informed consultant selection with I:

it is the sum of PPFs who search for an informed consultant and the number of pensions

who randomly select an informed consultant.

I = A1 + A2pI (3.1)
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Ā − I is the total number of uninformed PPFs. The asset managers selected by

uninformed consultants xu is a function of easily observable characteristics like AUM and

past performance included in the variable p. The asset managers selected by informed

investors xi is a function of both easily observable characteristics p and the additional signal

s. A market-clearing equilibrium supply q of asset managers is:

q = Ixi + (Ā− I)xu (3.2)

The total asset manager supply is equal to the total demand from informed and

uninformed consultants and PPFs.

3.3 Value of Information

Again mirroring Gârleanu and Pedersen’s original model, in the asset manager mar-

ket, there exists a manager normalized to deliver a zero net performance, and a manager

with outperformance v distributed normally with mean v̄ and a standard deviation of σv.

Consultants can obtain a signal s to better evaluate potential manager performance:

s = v + ε (3.3)

In linear equilibrium, an informed consultant’s demand for a manager is a linear

function of easily observable factors p and signal s, and the value of p is a linear function of

the signal and the noise supply of asset managers:

p = θ0 + θs((s− v̄)− θ(q − q̄)) (3.4)

Co-efficients θ are derived and given in Gârleanu and Pedersen (2018). The efficiency

and informativeness of the price is defined as var(v|s)
var(v|p) (Grossman and Stiglitz, 1980), and the

price inefficiency is represented as:

η =
1

2
log

(
var(v|p)
var(v|s)

)
(3.5)
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This quantity captures the amount of uncertainty in the asset value when an agent

only has easily observable information p relative to uncertainty in the asset value when an

agent has the additional signal s. Thus, η ≥ 0 and is the price inefficiency.

The value PPFs place on information (the utility of being informed compared to

uninformed) is linked to the price inefficiency η:

γ(ui − uu) = η (3.6)

3.4 Search Cost for Consultants

As seen in the original model, uninformed consultants will select asset managers xu

as a function of easily observable characteristics p to maximize gross utility uu.

uu(W ) = −1

γ
(E[maxxuE(e−γ(W+xu(v−p))|p]) = W + uu (3.7)

Informed consultants will select asset managers xi to maximize gross utility ui.

ui(W ) = −1

γ
(E[maxxiE(e−γ(W+xi(v−p))|p, s]) = W + ui (3.8)

The difference in gross utilities is conditioned on the signal s. The net utility after

adding in search costs and consultant fees would be: Ui = ui − c − f . The net utility for

PPFs who randomly choose a consultant would be: Ur = pI(ui − f) + (1 − pI)(uu − f) =

pIui + (1− pI)uu − f

In equilibrium, we must have Ui = Ur, such that:

ui − c− f = pIui + (1− pI)uu − f (3.9)

Rearranging we get:

c = (1− pI)(ui − uu) (3.10)
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Plugging in (3.6):

c = (1− pI)(
η

γ
) (3.11)

This suggests that as the consultant search cost decreases, the probability of selecting

an informed consultants should increase.

3.5 Consultant Fees

The bargaining outcome will maximize maxf (ui − uu − f)f . The solution is the

equilibrium consultant fee:

f =
η

2γ
(3.12)

3.6 Becoming an Informed Consultant

The incentive for becoming an informed consultant is if the expected fees cover the cost

k of obtaining the signal s. Uninformed consultants expects A2

M̄
PPFs to select them, while

informed consultants would expect A1

M
+ A2

M̄
PPFs to select them. Therefore, a consultant

will choose to be informed if the extra earned fee covers the cost of information:

f
A1

M
≥ k (3.13)

The indifference between becoming informed and not becoming informed means that

the equations are equal, and if we plug in (3.12), we get:

M =
ηA1

2γk
(3.14)

This equation shows the relationship between informed consultants and PPFs looking

for an informed consultant. As the number of PPFs looking for an informed consultant

increases, the number of informed consultants also increases. This also shows that hold-

ing constant the number of PPFs searching for a consultant, as the cost of information k
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decreases, the number of informed consultants will increase.

3.7 Equilibrium for PPFs and Consultants

We see that the consultant’s indifference condition is:

2Mk

A1

=
η

γ
(3.15)

And the PPF’s indifference condition from (3.12) is:

c
M̄

M̄ −M
=
η

γ
(3.16)

Equating (3.15) and (3.16):

A1 =
2k

c

M

M̄
(M̄ −M) (3.17)

This equation provides the relationship between the number of PPFs that use informed

consultants and the search cost of finding an informed consultant.

Holding other variables constant, when the consultant search cost decreases, the num-

ber of PPFs who seek informed consultants and the number of informed consultants both

increase. As the cost of finding an informed consultant decreases, some PPFs that chose

consultants randomly are now willing to pay to find an informed consultant. With an in-

creased demand for informed consultants and reduced demand for uninformed consultants,

more consultants will choose to become informed.

Informed search consultants help reduce the friction between asset managers and PPFs

since they have greater resources to conduct the asset manager search process. They lower

the original difficulty of due diligence tasks that require time and cooperation between asset

managers and PPFs. As mentioned briefly before, while a PPF may conduct a search for an

asset manager every couple of years, consultants conduct searches more often. Consultants

have a better understanding of the asset management industry and have more information

on individual managers, giving them an advantage in the search process.
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Chapter 4

Data and Method

I combine a dataset of mandates awarded by US Defined Benefit public pension funds

between 2009 to 2018 with a dataset of mandate finalists released by US Defined Benefit

public pension funds between 2009 to 2018. Both datasets come from FundMap, a business

intelligence platform that provides active sales leads on mandates and institutional investors.

In the dataset of winners, there are 14,565 unique mandates and 16,442 total winners, which

equates to an average of 1.13 winners per mandate.

Most mandates either do not have finalists or do not publicly release their finalist

information. Using only the mandates with finalist information, I end up with 716 unique

mandates, 2,289 total finalists, and 850 total winners. This means only around 5% of all

fulfilled mandates (mandates with winners) released finalist information that was recorded

by FundMap. In this combined dataset, there are 872 unique asset managers, 240 unique

pension funds, and 192 unique search consultants. I take the universe of asset managers to

be any manager that appeared as a finalist at least once in the combined dataset.

I treat all unique asset managers as an applicant for each mandate. Even though

I do not have a real count of applicants for each mandate, this approach will still allow

for useful conclusions to be drawn from the data. The dataset includes information on

the mandate date, mandate size, public fund name, public fund location, search consultant,

search consultant location, asset managers who are finalists, asset managers who are winners,

and asset manager location. Each mandate has between 1 to 4 winners with an average of

1.3 winners, and 2 to 8 finalists with an average of 3.7 finalists.
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I define a finalist variable to be 1 if the manager is chosen as a finalist, and 0 otherwise.

I define a win variable to be 1 if the manager wins the mandate and 0 otherwise. All winners

will have a finalist value of 1. I define a winnerscore variable as the total number of finalists

divided by the total number of winners if an asset manager wins, and 0 otherwise. The

winnerscore variable gives weight to managers who win against more competitors or win

more selective mandates, and thus captures wins that are more substantial. I also define

a variable win | finalist which examines the win outcome – 1 if the manager wins and 0

otherwise – conditional on if an asset manager is a finalist. Since 28 out of 716 mandates do

not involve search consultants, I include a dummy variable consultant that is 1 if a search

consultant is involved and 0 otherwise.

To examine geographic characteristics, I generate binary variables that are 1 if a public

pension and asset manager are in the same city (samecitypm), state (samestatepm), or region

(sameregionpm), and are 0 otherwise. I generate the same set of binary variables to examine

the geographic relationship between a PPF and a consultant (samecitycm, samestatecm,

sameregioncm). Mandates that did not include geographic information on any of the firms

were dropped from the geographic regressions.

To observe the effects of previous relationships, I generate variables for previous out-

comes and relationships. These variables will change over time as I track firms and the

outcomes of mandates released throughout time. Prevconwins is the number of times an

asset manager has previously won with a consultant, prevconall is the number of times an

asset manager has previously worked with a consultant, prevfundwins is the number of

times an asset manager has previously won with a PPF, prevwinsall is the number of times

an asset manager has previously won in total, prevfundfinals is the number of times an

asset manager has previously been a finalist with a PPF, and prevfinalsall is the num-

ber of times an asset manager has previously been a finalist in total. It is noted that the

variables prevconall, prevwinsall, and prevfinalsall include the counts of prevconwins,

prevfundwins, and prevfundfinals respectively.

The probability of winning a mandate is the probability of being chosen as a finalist

multiplied by the probability of winning given that a manager is a finalist. Examining each

piece of this relationship provides insight on how different factors affect each probability

15



differently.

P (Manager wins)

= P (Manager is a finalist) ∗ P (Manager wins |Manager is a finalist) (4.1)

I run separate regressions to include geographic characteristics. Since geographic

information on certain firms is missing, there are fewer data points in these regressions.

I run logit regressions for each linear regression to evaluate the predictive effects of

different variables. Unlike a linear model, the logit model sets fitted values between 0 and

1, making it a useful regression to observe discrete choices. The logit regressions also serve

as an additional check and are expected to mirror the results of the linear regressions. The

dependent variables in the logit regressions are finalist and win.
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Chapter 5

Results and Analysis

5.1 Previous Relationships

I examine how previous relationships and past mandate outcomes relate to the likeli-

hood of an asset manager winning or being a finalist for future mandates. As mentioned in

the method section, a dummy variable consultant was included for each regression to address

mandates where no consultant was used. Table 7.1 shows the linear regression coefficients

of previous relationship variables.

In table 7.1, the relationship variables appear to have a significant impact on the

win and finalist status of an asset manager for all regressions. As expected, both previous

wins with a fund (prevfundwins) and previous wins in total (prevwinsall) increase the

probability of winning and being a finalist for a future mandate. Prevfundwins has a much

larger coefficient than prevwinsall suggesting that funds prefer working with managers they

have worked with in the past.

The first two variables prevconwins and prevconall capture the effects of consultant

relationships where prevconall (the total number of times a manager has won and lost with

a consultant) includes prevconwins (the total number of times a manager has won with a

consultant). Prevconwins captures most of the effect of previous consultant relationships.

Using the probability relationship (4.1), we see that previously winning with a consultant

increases the probability a manager will win through the increase of P (Manager wins |

Manager is a finalist). Once an asset manager is selected as a finalist, previous wins
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with a consultant increases the probability of a manager winning by 12.3%. This value

must compensate for the fact that previous wins with a consultant appears to decrease the

likelihood a manager is selected as a finalist by 0.3%. This negative value is interesting as

we would expect a manager to be more likely selected as a future finalist if it has previously

won and is on good terms with a consultant.

One possible explanation is that managers who have previously won have reached

their fund capacity and are unable to take on more clients. Once they have reached their

capacity, they are no longer eligible to be selected for future mandates by consultants. Since

my procedure assumes all asset managers are potential candidates for every mandate even

when they are no longer eligible, this may result in the negative value.

Another possible explanation is that asset managers themselves are selective on which

mandates they apply for. Asset managers who have previously won may optimize their

resources by only applying for mandates they have a good chance of winning and only

working with consultants they have a good relationship with. They do not apply to as

many mandates as possible, and thus do not appear more frequently as a finalist in future

mandates.

It is noted that when funds are awarding more than one mandate, more likely than

not, the mandates are in different asset classes. As asset managers often specialize in different

asset classes, it makes sense that being a finalist for a previous mandate makes the manager

less likely to appear in a new mandate because the manager does not specialize in the new

mandate’s asset class. However, empirically this reason appears unlikely since previously

winning with a fund and winning in general both increase the probability a manager is

selected as a finalist. This reason also does not explain why previously working with a

consultant increases the likelihood a manager is selected as a finalist.

Focusing on the role of consultants, it is plausible that consultants choose past winners

only as a finalist for mandates the manager has a good chance of winning. Consultants may

value their relationship with these managers more and do not want to waste these managers’

time. This hypothesis is supported by the data, as even though previously winning with a

consultant appears to lower a manager’s likelihood of being a future finalist, a manager’s

likelihood of winning given that they are a finalist increases significantly.
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Consultants may also be paying lip service to certain PPF selection criteria such as

diversity or location of managers. The data show that previously working with a consultant

(prevconall) increases the likelihood of a manager winning a mandate, but more significantly

relates to increasing a manager’s chances of being a finalist. In fact, while previous loses with

a consultant (previous consultant losses = prevconall – prevconwins) increases the probability

of being selected as a future finalist, it decreases the probability of winning a future mandate.

In the case of winning conditional on being a finalist, previous loses with a consultant

also decreases the probability a manager will win a future mandate. These results suggest

that firms who did not previously win may be chosen as future finalists to meet diversity,

geographic, or other selection criteria set by the PPF.

Another hypothesis is that consultants recycle firms they have previously worked with

as future finalists out of convenience, even if these firms are not likely to win the mandate.

To minimize information acquisition costs, consultants may choose familiar asset managers

as future finalists and winners. It is expensive to spend time and energy searching for and

vetting a new asset manager. If a consultant previously conducted due diligence on certain

asset managers and selected ones that were deemed to be informed, it would make sense to

work with these asset managers again if they fit most of a new mandate’s criteria. Managers

more suited for specific mandates may be never considered because it is costlier to seek them

out. Though consultants may initially reduce friction in the market by making information

on asset managers cheaper and more accessible to PPFs, the amount of accurate information

consultants provide may decrease over time.

Due to inadequate searching or tokenism, finalists selected may not align best with

each mandate. If an optimal shortlist was produced each time, we would expect each finalist

to have a more equitable chance of winning the mandate. If finalists selected for each

mandate were equally qualified to win a mandate, previously winning with a consultant or

a fund should also not influence the manager’s likelihood of winning the new mandate. The

data show that managers who were not most suited for past mandates (manager who did

not previously win) are presumed to be qualified for future mandates (selected as a finalist),

yet are less likely to win the mandate. This shows that finalists have an unequal chance of

winning, and if anything, previous finalist losers appear to be disfavored from winning. The
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value of being a finalist and the finalist selection process should be examined further.

One may argue that consultants are correctly identifying good firms as finalists, but

it is the PPFs who favor and only choose certain managers to be winners. Seen in the

regression coefficients of prevfundfinals, previously being a finalist for a fund also de-

creases the probability of winning a mandate, but increases the probability of being a fi-

nalist. This further suggests that certain managers appear often as finalists, but rarely win

mandates. To examine the amount of influence consultants have compared to the PPF,

I separate the regressions based on different types of relationships as seen in table 7.2.

Each dependent variable is regressed separately on previous relationship variables with con-

sultants (prevconwins and prevconall) and on previous relationship variables with PPFs

(prevfundwins and prevfundfinals).

Looking at the R2 value for the conditional win | finalist variable, previous con-

sultant relationships appear to account for more of the results compared to previous fund

relationships. This suggests that consultants work closely with PPFs to develop the finalist

list, but have more leverage on choosing the final mandate winner. If PPFs have less influ-

ence making the final decisions, this suggests that they are unlikely to be the ones favoring

and choosing certain managers to be winners.

Looking at the other R2 values in table 7.2, we see that manager relationships with

the consultant and the PPF affect the win and finalist variables to similar extents, with

the R2 value being slightly higher for previous PPF relationship variables. This suggests

that during the initial asset manager search process, the level of input by consultants and

PPFs are similar.

Requiring a list of finalists may keep consultants accountable by involving PPFs more

intimately in the selection process, and allowing PPFs to oversee the consultant’s due dili-

gence process. However, the data suggest that the current shortlisting process is not entirely

fair and efficient. As previously discussed, while consultants appear to favor certain man-

agers, they also appear to select certain managers only as finalists and not winners. Consul-

tants also have more leverage than PPFs in making the winner selection from the finalists.

As consultants are able to and appear to select managers as finalists knowing that certain

managers would not win, the value of having finalists should be questioned.
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Table 7.3 shows the results of the regressions from table 7.1 on the dependent variables

winnerscore and winnerscore | finalist. The results are expected and mirror the OLS

regressions in table 7.1. Table 7.4 shows the results of the logit regression which sets the

fitted values between 0 and 1. The logit coefficients also mirror the results from table 7.1 as

expected.

5.2 Geography

I examine how the geography of the asset managers, public pensions, and consultants

affect the likelihood of an asset manager winning or being a finalist for a mandate. Like

previous regressions, I examine the win, finalist, and win | finalist variables as a linear

function of binary geographic variables. Samecitypm, samestatepm, and sameregionpm are

1 if the PPF and winning asset manager are in the same city, state, or region respectively, and

are otherwise 0. Samecitycm, samestatecm, and sameregioncm are 1 if the consultant and

winning asset manager are in the same city, state, or region respectively, and are otherwise

0.

Mandates without a listed city or state for their asset manager or consultant are

dropped from the regressions, leading to a lower total number of observations than the

previous regressions. A dummy variable consultant was used to account for mandates that

did not use a consultant. Previous relationship variables are included to show the added

impact of geography.

Seen in table 7.5, asset managers appear more likely to be chosen as a finalist if it is

in the same city or same state as the PPF. Though being in the same city does not affect

the likelihood of winning, being in the same state has some positive effect. This makes sense

if public pensions request a shortlist of more local managers or ones who manage more local

assets. Certain managers may be chosen as finalists due to their location. This finding

supports the story that consultants may be paying lip service to PPFs by selecting certain

finalists to meet search criteria such as location.

A consultant and asset manager being in the same state appears to decrease the

probability of the manager being selected as a finalist. This suggests that when selecting
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asset managers, consultants are relatively good at not using their own geography as bias. If

anything, it appears that consultants appear to disfavor firms in their own geography.

Table 7.6 shows the results of the logit regressions with the coefficient values between

0 and 1. The results produced are expected.

5.3 Model Implications

The model of the PPF search process demonstrates that PPFs will only actively seek

out informed consultants if the consultant lowers the search cost for finding an informed

asset manager. Search consultants can lower search costs because they have access to larger

databases and methods to better locate informed managers. It is more cost effective for

consultants because they continually go through the asset manager search process rather

than run an infrequent search every couple of months or years as a PPF would do. Compared

to most PPFs, consultants are more informed and knowledgeable on the asset management

industry and have better resources to conduct the search.

The empirical data support the model showing that PPFs rely on consultants through-

out the search process, and that consultants have significant leverage in selecting a PPF’s

asset manager.

The model shows that as the cost of obtaining asset manager information decreases,

more consultants will choose to become informed (3.14). While the cost of information affects

how many consultants will choose to be informed, the empirical data suggest that consultants

have greater agency in minimizing their search costs. Consultants tend to choose familiar

firms to be finalists even though certain finalists appear unlikely to win. This suggests that

finalists selected may not be the most suitable candidates for a mandate and are selected as

acts of tokenism or are recycled firms selected out of convenience to reduce search costs.

While consultants initially reduce friction in the market by making information on

asset managers cheaper and more accessible to PPFs, the amount of accurate information

consultants provide may decrease over time. Once they build up a relationship with a

PPF, they may seek to lower costs by spending less resources acquiring information on asset

managers.
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A framework to think about this is at time 0, a PPF that spends resources looking for

an informed consultant will find one. The informed consultant is truly informed and conducts

their asset manager search process with rigor. The list of finalists they select reflect the best

asset managers on the market for the specific mandate, with all finalists equally likely to

win the mandate. At time 1, the informed search consultant spends slightly less energy

conducting due diligence and search, relying on information gathered at time 0 to inform its

decision. Thus, some asset managers who were finalists before are reused as finalists. The

list of finalists created at time 1 will be slightly inaccurate. Since a PPF will often keep

the same search consultant for long periods of time, they do not question the integrity of

the search conducted by the consultants, and do not observe the decrease in accuracy of

information. As time increases, the list of finalists produced by the search consultant may

decrease in quality more. This is the principle-agent problem – PPFs want consultants to

make informed decisions on their behalf, but lack the ability to ensure that consultants will

do that.

However, even if a PPF knew their consultant was making less accurate decisions, the

consultant may still provide benefits such as decreasing search costs and risks PPFs would

otherwise have to take on themselves. Since PPFs may be required to work with a consultant,

they may also not want to expend additional costs seeking a replacement consultant.
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Chapter 6

Conclusion

6.1 Limitations and Future Work

The dataset used is not representative of all mandates released by US PPFs. As noted

in the data section, only 5% of the total dataset of winners had finalist information. It would

have been feasible to run the win regression on the full dataset, but due to time constraints

I do not use the entire dataset. However, focusing on this 5% allowed me to separate being

a finalist and being a winner, and examine the factors that influence these outcomes.

Moreover, though my procedure takes every asset manager as a potential candidate

for each mandate, this does not accurately capture what occurs. Asset managers often

specialize in different asset classes, and it would make sense that asset managers not apply

for all mandates released by the same fund since different mandates are often for different

asset classes. Moreover, managers may be selective about which mandates they apply to,

and may also be unable to take on new clients all the time.

The model examines a very dynamic relationship between PPFs and search consul-

tants, and treats the universe of asset managers as the security market. Another approach

would be to add in consultants as an additional layer in the system and keep asset managers

as decision-making agents. In the asset management space, the relationships between con-

sultants and both PPFs and asset managers are equally important. There are two layers to

the principle-agent problem: the PPF is unable to monitor the quality of information ob-

tained by the consultant, and the consultant is unable to monitor the quality of information
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obtained by the asset manager.

In the future, it would be interesting to assess the value of having finalists. By looking

at the performance of the asset manager who win compared to the finalists, we can evaluate

if creating a shortlist of managers, which takes more time and resources, has a valuable and

significant impact. Comparing fund performance of mandates that did not shortlist finalists

with the funds that did can further determine if shortlisting is a worthwhile step in the

manager selection process. It would also be interesting to examine the characteristics of

asset managers at the finalist stage. This may provide further insight on how judging occurs

during the final round.

6.2 Conclusion

This paper examines how PPFs search for and hire asset managers. I extend the asset

manager selection model by Gârleanu and Pedersen (2018) to theoretically examine the

relationships between PPFs, search consultants, and asset managers. The model shows that

as the consultant search cost decreases, the number of PPFs who seek informed consultants

will increase, and a higher number of consultants will choose to become informed. Informed

consultants should have a better understanding of the asset management industry and be

more equipped to conduct the search process.

I empirically investigate what drives PPFs’ selection of finalists and winners using

a dataset of asset manager finalists and winners for mandates released by PPFs in the

US between 2009 and 2018. I find that decisions made by consultants and PPFs depend on

previous relationships, and that previous finalists and winners are more likely to be reselected

in future mandates. It also appears that consultants tend to choose familiar firms to be

finalists even though certain finalists appear unlikely to win. For example, while previously

losing with a consultant increases the probability of being a future finalist, it decreases the

probability of winning a future mandate.

Addressing these results, it is possible that consultants and PPFs may select the same

managers to be finalists and winners for new mandates since they have already conducted

due diligence on and built relationships with these managers. However, it is also possible
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that finalist firms may not be the most suitable candidates, and certain finalists are selected

by consultants to pay lip service to a PPF’s selection criteria, as acts of tokenism, or out of

convenience.

While requiring a list of finalists may serve as a monitoring strategy by PPFs to

keep consultants accountable, the results suggest that the current shortlisting process may

be unfair and ineffective. The data show that being a finalist does not provide an equal

likelihood of winning the mandate, and that consultants may favor certain managers. In

the future, it is worthwhile to further examine the merit of being a finalist, and the value of

having finalists in the asset manager selection process.
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Chapter 7

Tables

Table 7.1: OLS Regressions of Previous Relationships
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Table 7.2: Comparing Previous PPF and Consultant Relationships
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Table 7.3: OLS Regressions of Previous Relationships and Geographic Character-
istics on winnerscore
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Table 7.4: Logit Regressions of Previous Relationships

30



Table 7.5: OLS Regressions of Geographic Characteristics
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Table 7.6: Logit Regressions of Geographic Characteristics
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Appendix A

Public Pension Funds (PPFs)

A.1 Formal Description

PPFs are publicly owned or publicly sponsored pension funds and is defined using

four characteristics (Hentov et al., 2018):

1. Coverage: PPFs usually cover a substantial share of population.

2. Policy mission: they are used as a provision of income, but also as retention of labour

for current employees.

3. Segregation of assets: a public plan’s assets are not completely segregated from gov-

ernment balance sheets.

4. Liability adjustment: liabilities are rooted in government promise to citizens.

PPFs usually benefit from mandatory participation, and the base for PPF contri-

bution is more stable. Their benefit liabilities are often defined legislatively rather than

contractually. Since the government is both the sponsor and the regulator, PPFs are subject

to special governance frameworks; a government may require a PPF to invest in certain asset

classes where the private sector cannot, or require funds to make investments for reasons

unrelated to risk and return such as government debt, companies undergoing bailouts, or

for political reasons. Another major difference of PPFs is that many ignore actuarial sus-

tainability since the government is guaranteed to step in if all assets were lost. This may
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cause weaker financial discipline and create complacency. On average, 61% of public pension

benefit payments are funded through investment returns, 26% from employer contribution,

and 13% from employee contribution (US Census Bureau, 2012). Under the Defined Benefit

(DB) structure, beneficiaries receive a fixed set of payments upon retirement. This is com-

pared to defined contribution (DC) plans like 401(k)s where individual retirement wealth is

tied to the financial market

A.2 Fund Structure

The National Institute on Retirement Security describes the key roles in a public

pension fund governance structure. Nearly all public plans are overseen by trustees who

bear primary fiduciary responsibility. Trustees set investment policies and are responsible

for building and overseeing investment staff. The Chief Investment Officer (CIO) leads the

investment unit within pension fund; the staff investment team advises and assists trustees

in hiring investment consultants and supervising investment managers. 82% of funds have

external investment consultants who have a deep background in finance, and work with staff

and board to help develop and review investment policy. There may be in-house investment

managers who conduct the day-to-day business of managing each asset class portfolio. When

funds hire external managers, this role may be filled by an outside firm, depending on the

capacity of the fund and the specialized expertise required. Funds also work with search

consultants to guide funds through the search process from designing the RFP, developing

the search criteria to identify candidates, and analyzing bid responses (Alpha Capital, 2018).

Lastly, most funds have actuaries who work to predict the cost of future pension benefits

and work with consultants and staff to determine what asset allocation and contributions

will meet pension obligations.

34



Appendix B

PPF Investment Process

B.1 Investment Policies

As mentioned before, the investment process usually starts with an investment policy

statement to describe the goal of the plan sponsor. The investment policy begins with an

analysis of pension liabilities—how much money will be needed to pay for promised benefits

over the long term. Each pension fund has a unique set of liabilities, liquidity needs, and

expected cash flow based on the benefit structures and membership demographics. Trustees

will adopt an investment policy statement (IPS) that establishes how much investment risk

will be tolerated by the fund and sets asset allocation targets. The risk profile of PPFs

generally fall between corporate pensions funds and endowment funds.

B.2 Request for Proposal

Public plans are generally required to open competition amongst private companies

to make the process fair and to drive down cost - this is done by releasing a Request for

Proposal (RFP). RFPs are documents that potential money managers will fill out to bid

for a mandate. It will outline the scope of the contract, what the public fund is looking

for, the minimum requirements such as client base and AUM, and list required documents

such as financial statements and Code of Ethics Policy statements that the PPF would want

submitted. This is also where search consultants step in. Search consultants will assist in
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drafting the RFP and developing the search criteria to identify potential candidates.

The RFP process opens competition up to firms beyond what investment team has

worked with, and to make the process as transparent as possible. However, talking with

investment professionals from two different public funds, they recognize that RFPs are a

time-consuming process, the can be a deterrent for many quality managers. For managers

who are smaller, they may simply not have the resources and stamina to go through the length

and complexity of the process. Moreover, the template format that outlines very specific

judging criteria may also allow for false or misleading impression of a firm’s capabilities.

Some pension funds complain that RFPs conceal more than they reveal by enabling asset

managers to play down deficiencies and overstate abilities. At large though, there is merit

in using RFPs as an organizational tool. It allows PPFs to compare the capabilities of

various investment managers and get enough information in a relatively cheap way to create

a shortlist of managers to interview and investigate further (IPE, 2007).

B.3 Evaluation of Managers

In conversation with interviewees, generally, the process after investment managers

submit completed RFPs is very dynamic where PPFs will gauge and evaluate managers

through phone calls and in-person meetings. In general, the decision to invest is made in

a very uncertain and dynamic environment. The following is a summarized version of an

institutional investor’s allocation process documented by Brown et al. (2016) and based on

interviews:

Initial meetings that are set up are usually short lasting anywhere between 30 to 60

minutes and consists of the fund representative giving an overview of the firm and strategy

with a 20-30-page pitch book presentation. If the public pension is interested after this

initial meeting, there will be a series of follow-up meetings with more in-depth information.

The meetings will allow the allocator to gather both “hard” and “soft” information. Hard

information may include returns, specific transactions in portfolio securities, updated AUM,

or commitments from other investors. Soft information includes fund manager’s style, idea

generation process, risk management strategy, and organizational structure. The information
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after each meeting is aggregated in a qualitative way by an allocator investment staff with

a reporting system and memos. After each meeting, members of the investment team write

summary note on topics discussed. When the staff team is confident in the quality of the

manager they will make a recommendation to investment committee to undertake potential

allocation to the fund. It is common to have five or more meetings before a recommendation

is made to commit funds to a manager.
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Appendix C

Summary Statistics

C.1 Finalist Data

C.2 All Data
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