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Abstract

In this Thesis, I focus on analyzing constrained investors’ trading behavior and its asset

pricing implications.

In the first Chapter, we focus on analyzing the effect of investors’ expectations on market

dynamics. As constrained investors have time-varying demand for high beta stocks, we

connect their expectations to the beta anomaly. We introduce a heterogeneous expectations

model and build a mutual fund-level measure of market beliefs. We show that the beta

anomaly is stronger for stocks purchased by over-optimistic investors. We finally extend

our framework to study the implications of investors’ momentum expectations.

The second Chapter studies mutual funds’ trading behavior. In particular, consistently

with practitioners, we introduce the concept of "core" vs "satellite" holdings and we char-

acterize positions depending on their longevity and interim return in a fund’s portfolio.

We show that core positions are relatively protected from selling in times of distress: core

positions incur less downward contemporaneous price pressure as a result of outflows and

are relatively more liquid.

In the last Chapter we study the intersection of banking and asset management activities.

We document significant investment distortions in bank-affiliated funds’ portfolios stemming

from bank’s core businesses activities (lending and underwriting). We also show a bias

of bank mutual funds towards securities issued by institutions belonging to the same

group. Such investment distortions are incompatible with bank affiliated funds holding

superior information on firms that are banks’ client, but rather support a conflict of interest

interpretation.
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Introduction

This Thesis is devoted to the analysis of the process of portfolio construction by constrained

investors and its asset pricing implications.

In the First Chapter, co-authored with Pierre Jaffard, we study the effect of investors’

expectations on asset pricing. Given traditional stock returns factor modelling and the

prominence of the market factor, beliefs about market returns represent a natural primitive

for expectations of stock prices. As the desire to increase market exposure generates excess

demand for high beta assets from constrained investors, we connect mutual funds’ expec-

tations to the beta (or low vol) anomaly. More specifically, we present a model with two

types of investors, mutual funds and hedge funds, with heterogeneous market expectations

and margin constraints. We show that the beta anomaly is particularly strong for stocks

purchased by over-optimistic mutual funds. On the empirical side, we first introduce a

mutual fund-level measure of market expectations. Then, portfolio analyses and regressions

confirm the model’s prediction. The results are robust to alternative definitions of the

mutual funds’ market beliefs variable that correct for stock picking, and carry predictive

power for mutual funds’ returns. Finally, exploiting the same methodology, we extend our

analysis to investors’ momentum expectations and find consistent asset pricing implications.

The Second Chapter, coauthored with Pierre Jaffard, studies mutual funds’ trading

behavior. In particular, consistently with practitioners, we introduce the concept of "core" vs

"satellite" holdings and we characterize positions depending on their longevity and interim

2



return in a fund’s portfolio. We show that core positions are relatively protected from

selling in times of distress, whether it comes from outflows or market volatility as managers

consolidate their portfolio. Next, we show that this theory has implications regarding

the effect of fund flows on asset prices and liquidity: core positions incur less downward

contemporaneous price pressure as a result of outflows and are relatively more liquid. A

two-stock model with fund flows and asymmetric stock-level information rationalizes those

findings and validates the use of interim return and longevity as proxies for the "coreness"

of a position.

In the last Chapter, coauthored with Giorgio Albareto and Giuseppe Marinelli, we study

how the intersection of banking and asset management activities shape funds’ portfolios.

Exploiting a unique dataset which matches information on funds’ portfolios with the credit

register, we document significant investment distortions in bank-affiliated funds portfolios

stemming from bank’s lending and underwriting activities. We also show a bias of bank

mutual funds towards securities issued by institutions belonging to the same banking

group and that such bias is exacerbated for banking groups characterized by lower capital

ratios. Leveraging asset managers divisions’ spin-offs from banking groups we assess the

causality of our results through a dynamic difference in difference estimation. We then

argue that such investment distortions are incompatible with bank affiliated funds holding

superior information on firms that are banks’ client, but rather support the idea that funds

asset allocation is exploited to promote group-wise interests. Finally, we document that

investment distortions negatively affect funds’ performances.

3



Chapter 1

Chasing Beta, Losing Alpha 1

1.1 Introduction

Investors expectations play a central role in shaping market dynamics and determining asset

prices. Standard portfolio theory postulates that investors trade off stocks’ expected return

and variance when allocating their resources across different assets (Markowitz (1952)).

Expectations of returns thus play a crucial role in the investment process, shaping the

relative demand for different securities, and potentially yielding substantial heterogeneity

in asset allocation. While the last two decades have produced a considerable amount of

evidence on retail investors trading based on their market expectations (Vissing-Jorgensen

(2003), Dominitz and Manski (2007), Kézdi and Willis (2011), Amromin and Sharpe (2014),

Drerup et al. (2017), Ameriks et al. (2020), Giglio et al. (2021)), little is known on whether

institutional investors engage in the same kind of behavior, and as the latter are typically

large players, whether those beliefs can have meaningful asset prices consequences.

In this paper, we analyze how investors’ expectations shape asset pricing outcomes and

market anomalies. In particular, as stock returns are traditionally modelled in terms of

exposure to risk factors (among which the market represents the most important one), we

1Co-authored with Pierre Jaffard
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focus on the role of market beliefs. Starting from the observation that aggregate investors

expectations have strong predictive power for the slope of the security market line, we

propose a model in which leverage constrained investors are characterized by heteroge-

neous market beliefs and tilt their demand for stocks with different market risk exposure

(beta) accordingly. We construct an investor-level portfolio-based market beliefs measure,

that matches closely aggregate surveys of investors expectations and is consistent with

extrapolative expectations formation theory. We then study how our measure predicts the

cross-section of stock returns conditionally on their beta. Finally, focusing on momentum,

we discuss how the mechanism for investors’ expectations transmission into asset prices can

be generalized beyond the market.

The Capital Asset Pricing Model, or CAPM ( Sharpe (1964), Lintner (1965)), the most

famous and commonly used factor model, postulates a linear relationship between a stock

expected return and its market exposure. In this framework, market beliefs represent the

natural primitive for the formation of single asset return expectations and its associated

trading behavior. As first shown by Black (1972), CAPM has been found to fail at explaining

the cross-section of stock returns. The security market line is indeed too flat relative to the

CAPM benchmark and it is better described by a restricted borrowing version of the model

(Black (1972)), where high (low) beta stocks are characterized by lower (higher) risk-adjusted

returns. The principle is simple: constrained risk-tolerant investors, who would typically

leverage their optimal/tangency portfolio if they could, can only increase their exposure to

market risk by generating a constant excess-demand for high beta stocks. This is the basis

of the so-called beta (or low vol) anomaly in asset pricing.

Nonetheless, leverage constrained investors’ asset demand is typically not constant and

varies with their expectations. Given their inability to take leverage, they can only express

their market beliefs through the fraction of high beta assets in their portfolio. As a conse-

quence, they exacerbate their buying behaviour of high beta stocks if they have optimistic
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market expectations, and conversely refrain from it in case of pessimistic market beliefs. As

market exposure-induced trading generates excess demand for high beta assets, the beta

anomaly represents a naturally fertile ground to study the effect of investors’ expectations

on asset prices. We thus analyze how constrained investors translate their market returns

expectations into their portfolios and shape their demand for high and low beta assets. In

line with demand-based asset pricing as outlined in Garleanu et al. (2008), high (low) market

returns expectations should result in a low (high) contemporaneous premium associated

to a portfolio going long leveraged low beta stocks and short high beta stocks (labelled

Betting Against Beta portfolio), as it is precisely when constrained investors would buy high

beta stocks with the highest intensity. Meanwhile, due to high beta stocks’ price reversals,

high (low) market expectations today should predict high (low) performance of this betting

against beta portfolio going forward.

Our approach studying the effect of constrained investors’ market exposure trading

motives on the beta anomaly offers a complementary view to the work of Frazzini and

Pedersen (2014). They famously formed and studied in-depth the betting against beta (BAB)

factor that goes long (leveraged) low beta stocks and short high beta ones. When explaining

the time series variation of their BAB factor (and more generally the time series of the

beta anomaly), the authors argue that it depends on the margin constraints faced by the

actors (which can be thought of hedge funds and are labelled as The Other Side of The Trade)

leveraging low beta assets and shorting high beta ones (and hence pocketing the factor

premium). Indeed, when the margin constraints tighten, hedge fund must de-lever their bets

against beta, causing the BAB factor to run negative returns (and the beta anomaly to flip).

While economically intuitive and pervasive, this approach does not offer any insight on

investors’ demand for high beta stocks. Moreover, it does not allow for any cross-sectional

heterogeneity as the only driver of differential returns across high vs low beta stocks is

represented by aggregate funding conditions (proxied by the TED spread).
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We start by studying the time series relation between aggregate market beliefs, measured

through investors’ surveys, and beta anomaly portfolios. We find that high (low) expecta-

tions today leads to low (high) contemporaneous premium and high (low) premium going

forward. However, there are several alternative interpretations to this aggregate time series

approach. First, one could doubt that those surveys actually reflect expectations of market

participants. Then, they could co-move with many macro variables (from risk-aversion in

the economy to business cycle and political uncertainty variables). Finally the difficulty in

measuring expectations and the relative shortness of their time series measure could cast

doubt in the out-of-sample validity of the results.

To address those points, we use a revealed preference approach to elicit market partici-

pants’ expectations. In particular, we leverage variation in portfolio holdings to construct a

convincing, model-based market beliefs variable at the individual investor level. Then, we

exploit the heterogeneity of market expectations across investors as well as the heterogeneity

of investors across stocks to build a cross-sectional framework. The comparison of the

beta anomaly premium for different groups of stocks along the market beliefs of investors

owning them allows us to make our time-series results significantly more robust.

More precisely, we micro-found the beta anomaly in a theoretical framework that in-

teracts leverage constraint and fund-level expectations. Our model features two types of

investors, namely behavioral "mutual funds" and rational "hedge funds", and two segmented

markets. We first show the connection between individual fund’s optimistic market be-

liefs and the tightness of her margin constraint. Indeed, as her market beliefs goes up, a

constrained investor buys more of the tangency portfolio, up until the point where she

would like to leverage it beyond her margin constraint, thus making this constraint tighter.

This micro-foundation of the margin constraint of an investor using her market beliefs is

crucial for the understanding of the origin of the beta anomaly, and allows us to build the

cross-sectional framework referred to above.
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As she hits her margin constraint, an optimistic investor buys more and more high

beta stocks to meet her desired market exposure. Such price bid-up of high Beta stocks

results in lower risk-adjusted returns going forward, effectively generating the beta anomaly.

This pattern, coupled with stickiness in investors’ portfolio construction, implies a strong

connection between the individual expectations of funds owning a specific stock and its

future expected returns. Moreover, this belief-fueled demand channel is found to co-exist

with the other-side-of-the-trade funding conditions channel of Frazzini and Pedersen (2014).

As a result, the model generates the time series prediction between high market beliefs

today and a stronger beta anomaly tomorrow, and provides a theoretical justification for our

cross-sectional framework. In our paper, we largely focus on the transmission mechanism

of market beliefs on stock prices, but our model can naturally be generalized to analyze

the asset pricing implications of investors’ expectations on any factor, such as momentum

discussed below.

Then, we propose a natural measure of fund-level expectations of market returns which

is motivated by our model. In particular, leveraging information from mutual funds’ portfo-

lio holdings, we are able to create a measure of Active Beta Change (henceforth ABC) which

we directly connect to funds’ market expectations, as discussed profusely in Section 1.4.2.

In a nutshell, a fund that is tilting her market exposure upwards (downwards) through

active trading is deemed to have proportionally high (low) market beliefs. This is consistent

with Giglio et al. (2021) who conducted a market beliefs survey of wealthy individuals,

and were able to connect those beliefs to their portfolio composition changes, notably on

the share of equity invested in the stock market. Our fund-specific measure allows us to

exploit heterogeneity in beliefs across funds to precisely identify the link between investors’

expectation and stock performance conditional on beta. The fact that the beta anomaly

is stronger for stocks owned by mutual fund engaging in certain behaviors is consistent

with Han et al. (2021), who show that high beta stocks owned by laggard mutual funds,
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who typically apply risk shifting strategies, tend to be particularly prone to the beta anomaly.

Admittedly, a fund’s beta tilting could come from a different source than its desire to

shift its market exposure. For instance, active beta change could result from stock picking

activities, typically carried out by mutual funds. For example, the selection of a few stocks

that happen to have a higher (lower) beta than the average stock in the fund’s portfolio,

would result in a positive (negative) active beta change. In order to address this concern, we

precisely disentangle the beta trading (or market exposure) motive from the stock picking

one, and construct a corrected within-stock portfolio active beta change measure that only

accounts for the former.

Exploiting our measure of active beta change, we empirically document a relationship

between funds’ beliefs derived from their trading behavior and the cross-section of stock

returns that is consistent with our model. In particular, a high beta stock that is owned (and

traded) by over-optimistic mutual fund investors tends to display low alpha going forward.

This is because over-optimistic investors want to increase their market exposure and hence

tend to bid up high beta stocks they own. This generates low alphas going forward and

explains why stocks owned by over-optimistic investors tend to display the beta anomaly.

As predicted by our model, this belief channel co-exists with the exposure of a stock to

funding conditions as proxied by the TED spread. Those findings hold for both our active

beta change measures and are found to be consistent with the theory of extrapolative beliefs.

What’s more, we document real effects of this trading pattern on mutual funds’ perfor-

mance. More precisely, resorting to the extrapolative beliefs theory, we show that active beta

change have predictive power for fund returns. Namely, over-optimistic mutual funds tend

to incur low returns going forward when past market was high, which is exactly when the

average extrapolative investor is optimistic as well. The reason is that those over-optimistic

mutual funds tend to buy high beta stocks that are already quite expensive due to the
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average extrapolative investor being bullish. Thus, the fund incurs future low alpha as it

bought stocks that have low alphas going forward.

Finally, in the last part of our paper, we generalize our analysis on asset pricing implica-

tions of investors expectations. Indeed investors could potentially form beliefs on any factor

that has proven to deliver consistently positive returns. We thus turn to momentum trading

and construct an investor-level momentum expectation variable, momentum active beta change,

derived in a similar way as our regular (or CAPM) active beta change measure. Momen-

tum being a well documented aggregate risk factor and the basis for widely popular and

successful strategies, it represents a natural concept to broaden our study of expectations.

As for CAPM active beta change, we show that this new expectation variable is consistent

with the extrapolative belief theory. Furthermore, considering a similar mechanism with

momentum-optimistic investors generating excess-demand for momentum stocks, we show

that this measure has predictive power for the cross-section of stock returns. In addition to

generalizing our study on the effects of expectations on stock prices, those results validate

our methodology to construct investor-level expectation variables.

By analyzing the role of expectations in shaping asset prices, our paper directly con-

tributes to the literature on investors’ expectations and their implications for market dynam-

ics. Several papers, among which Vissing-Jorgensen (2003), Dominitz and Manski (2007),

Kézdi and Willis (2011), Amromin and Sharpe (2014), Drerup et al. (2017) investigate how

investors expectation shape their portfolio formation. Exploiting retail investors surveys

on return predictions, they provide evidence of significant cross-sectional heterogeneity in

beliefs (Ameriks et al. (2020)). Then they show the importance of those expectations in stock

market participation and stock share in portfolios (Giglio et al. (2021)).

Moreover, recent financial literature has stressed the role of expectations in understand-

ing market anomalies and asset pricing puzzles. Bordalo et al. (2019) find that analysts’
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forecast overreaction to news about firm-level performance helps explain the cross section of

returns. De la O and Myers (2019), instead, show that analyst short-term earnings forecasts

have strong explanatory power for the price earnings ratio. Bordalo et al. (2020), argue

that analyst beliefs have remarkable explanatory power for understanding "excess" stock

volatility, price-earnings ratio variation and return predictability. In particular they suggest

that good news on fundamentals result in overoptimistic earnings forecasts, inflated stock

prices and lower returns going forward. Finally, Bouchaud et al. (2019) show that sticky

expectations is a useful framework to explain stock price anomalies, here the profitability

anomaly. Although expectations about market returns have very limited forecasting abilities

when it comes to market outcomes, they still play a major role in explaining the choices

and behaviors of economic actors. On the factor pricing side, Daniel et al. (2020) build two

behavioral factors based on managers’ information and investors’ inattention, and show

that they perform well at explaining asset pricing anomalies.

Our paper also relates to the literature on the failure of CAPM to explain the cross

section of stock returns (Fama and French (1992); Lewellen and Nagel (2006)). It has been

widely documented that the security market line for stocks is too flat relative to the CAPM

benchmark, i.e. low (high) beta stocks tend to consistently show a positive (negative) risk

adjusted return, or alpha, (Jensen et al. (1972), Baker et al. (2011)). A constrained-borrowing

version of the CAPM seems to do a better job in describing the cross section of stock returns

(Black (1972), Black (1993), Brennan (1971), Gibbons (1982), Kandel (1984), Shanken (1985)

and Mehrling and Brown (2011)).

This failure of CAPM generates, among other things, the beta anomaly. As mentioned

above, this led Frazzini and Pedersen (2014), in a highly influential paper2, to lay out the

result that high Beta assets require lower risk-adjusted returns as investors that cannot use

2see Novy-Marx and Velikov (2018) for some methodological remarks, particularly the way to compute
betas and weight stocks in their portfolios
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leverage bid their prices up. Meanwhile, investors that can use leverage take the other

side of the trade (by leveraging low Beta assets and shorting high Beta ones), and earn the

BAB factor premium. Yet, when their margin constraints hit, they must de-lever low beta

asset, causing the BAB factor to run negative returns. The anomaly is documented both

internationally and for various asset classes, while the time-series variation of the factor is

attributed to variation in aggregate funding constraints. Another important contribution

on the beta anomaly is from Hong and Sraer (2016), who show that a downward sloping

security market line can be generated by investors or analysts’ disagreements about firms’

earnings. On the other hand, Cederburg and O’Doherty (2016) argue that a conditional

CAPM framework using instrumental variables solves the beta anomaly (as regular betas

co-vary with the equity premium, leading to biased alphas), while Lewellen and Nagel

(2006) argue that variations in betas would have to be implausibly large to solve asset

pricing puzzles and that the unconditional CAPM performs poorly at explaining anomalies.

Beveratos et al. (2017) show that, even though it still holds for ex-dividend returns, the

negative correlation between dividends and volatility is an important component of the

beta anomaly portfolios’ performance, while Liu et al. (2018) show that the beta anomaly is

present for over-priced stocks when the correlation between idiosyncratic volatility and beta

is high, hence confounding it with the negative relation between idiosyncratic volatility and

alpha for those stocks. Finally, Han et al. (2021) suggest that mutual fund risk-shifting is a

natural candidate for the beta anomaly puzzle, and they show that high beta stocks held

by laggard mutual funds (as defined by their Morningstar ranking) tend to be particularly

subject to it.

Another strand of the literature has studied the effect of mutual fund ownership and

trading behavior on different stock characteristics. In a seminal paper, Coval and Stafford

(2007) exhibited the price pressure due to extreme outflows (fire sales)-induced trading.

Frazzini and Lamont (2008) use fund flows as a measure of investor sentiment and show

that high sentiment predicts future low returns. Greenwood et al. (2015) show the effect of
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concentrated mutual fund ownership on stock price fragility. Dou et al. (2020) show that

active mutual fund managers tend to hedge against fund outflows by buying stocks that

move up when common flow shock hit, generating high risk-adjusted returns for high flow

beta stocks.

This paper is organized as follows: Section 1.2 displays some time-series motivating

evidence on the connection between the beta anomaly and market expectations, Section 1.3

presents the model, Section 1.4 discusses the data used and elaborate on the construction

of the mutual fund-level belief measure, active beta change, Section 1.5 displays our core

empirical analysis, Section 1.6 is dedicated to the discussion on the structure of expectation

formation, Section 1.7 provides a brief analysis of mutual funds returns and Section 1.8

builds a momentum beliefs variable and shows its predictive power for asset prices. Finally

Section 1.9 concludes.

1.2 The Time Series of Returns: Expectations and the Beta Anomaly

As discussed above, expectations play a central role in shaping investors’ behavior and

portfolio allocation (see e.g. Giglio et al. (2021) for evidence on retail investors). Our work

starts from the observation that market chasing, triggered by variation in market returns

expectations, have implications for asset prices.

In this section, we thus aim at better understanding the evolution of the beta anomaly

with investors’ market expectations. A leveraged-constrained investor that has optimistic

market beliefs and would like to increase her market exposure can only do it by tilting

her portfolio towards high beta stocks. This should generate a low beta anomaly premium

today resulting from buying pressure, and high beta anomaly premium going forward

as prices reverse. In other words, lag market beliefs should be positively correlated with

betting-against-beta portfolio returns.
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Figure 1.1 plots the quarterly time series of lagged investors’ expectations (in blue)

against the time series of BAB factor returns (as from Frazzini and Pedersen (2014) in red).

BAB factor returns are the returns from a portfolio that goes long leveraged low beta stocks

and short high beta ones. Expectations, instead, are measured as the bull-bear spread from

the AAII3 (American Association of Individual Investors) survey. The correlation between

these two series appears strong and amounts to 0.385. In Appendix A.1, we reproduce

this graph for the Graham-Harvey survey and find similar patterns with correlation 0.42,

although for a shorter time series.

Figure 1.1: Betting-Against-Beta Portfolio Returns and Market Expectations

Next, we confirm our graphical evidence running the following monthly regression:

rt+1 = a0 + a1bt+1 + a2bt + a3Ted Spreadt+1 + ϵt+1

3http://www.aaii.com/sentimentsurvey/sentresults
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where rt+1 stands for a beta anomaly portfolio return between t and t + 1, bt is an aggregate

market beliefs (survey) measure at time t and bt+1 its counterpart at t + 1. We control

for the Ted Spread in order to account for the other side of the trade funding conditions

put forward by Frazzini and Pedersen (2014). We use two beta anomaly returns for the

regression. The first one, Columns (1), (2) and (3), is the BAB factor return from Frazzini

and Pedersen (2014). For the second one, in order to address some of the criticisms put

forward by Novy-Marx and Velikov (2018) on the BAB factor construction, we sort stocks

into five bins according to their CAPM betas, and study the return of a long/short portfolio

going long the first value-weighted bin (low beta stocks) and short the fifth value-weighted

bin (high beta stocks) in Columns (4), (5) and (6). With respect to the belief variable, as for

the graph above, we use the bull-bear spread from the AAII survey which we aggregate at

the monthly level. This is one of the surveys with the longest time series available and one

of the most used in the literature. If the theory above is correct, we should expect a negative

a1 coefficient and a positive a2.
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Table 1.1: Beta Anomaly Returns and Aggregate Market Expectations

Dependent Variables: BAB (F-P)t BAB (F-P)t BAB (F-P)t BAB (1-5)t BAB (1-5)t BAB (1-5)t

Model: (1) (2) (3) (4) (5) (6)

Variables
Bull-Bear Spreadt−1 8.3180*** 8.9894*** 6.8582*** 4.9782** 9.1666*** 7.6791***

(2.7242) (1.9156) (1.9012) (2.2985) (2.8830) (2.3311)
Bull-Bear Spreadt -5.5512* -7.1195** -7.1000** -7.4302*

(3.1197) (2.6329) (3.2808) (3.7216)
Ted Spreadt -5.1655*** -3.8385** -0.4935 -0.2927

(1.2673) (1.7258) (1.3726) (1.4767)

Fixed-effects
Year FE No No Yes No No Yes

Fit statistics
Observations 364 364 364 361 361 361
R2 0.0423 0.1336 0.2756 0.0130 0.0293 0.1071

Robust standard-errors are in parentheses.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

The results are presented in Table 1.1. As can be seen, the coefficient on the lagged belief

variable is positive and highly statistically significant for all columns and independently

of the controls/fixed effects introduced, strongly supporting the idea that high market

expectations today generate high beta anomaly returns going forward. The contemporane-

ous beliefs coefficient is negative, although definitely less significant than the lagged one,

lending support to the contemporaneous price pressure narrative.

Our observation suggest that expectations indeed play a major role in shaping market

dynamics. As argued above, given that constrained investors can express their market

beliefs only though their relative demand of high versus low beta assets, the beta anomaly

represents a natural ground for our study. Consistently with this idea, we just showed that

the security market line is flatter when investors have optimistic market return expectations.

We now propose a model that shows how shareholders’ beliefs translate into asset prices
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and provides us with a natural portfolio measure for them. We then exploit cross-sectional

heterogeneity across stocks in their exposure to shareholders’ beliefs to precisely identify

the mechanism highlighted in the model.

1.3 The Model

In this section, we construct a model that features two types of agents, rational ones, which

we label as hedge funds, and behavioral ones, mutual funds, that hold heterogeneous

expectations on market returns. As mutual funds face a constant leverage constraint and are

not allowed to short stocks, they typically express their market beliefs loading (unloading)

on high Beta stocks when they expect the market to deliver highly positive (negative) returns,

yielding negative (positive) alpha going forward.

1.3.1 Setting

We consider a two-period economy (t = 0,1) with two identical markets, with 2N investors

and 2M stocks evenly split between those two markets. We assume that trading in the

other market incurs a fixed cost from the point of view of the investor, which can be traced

back to research costs (when a manager wants to buy a stock she did not hold before) or

sectoral focus. Under the assumption that fixed trading costs are sufficiently high (and

the two markets sufficiently similar), investors trade in their "home" market only. Market

segmentation, whose empirical validity is discussed in Section 1.5.5, is important to be able

to link the expectation of fund j holding stock i at time t with stock i’s price dynamics

between time t and t + 1. This generates cross-sectional heterogeneity in returns for stocks

characterized by the same beta.

Stock returns between 0 and 1 are described by a one-factor model:

ri = µi + βi f + ϵi

In each market, N
2 investors are behavioral mutual funds and N

2 investors are rational
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hedge funds. Each mutual fund j has belief f̄ j on the factor return, while hedge funds

have beliefs f̄ j = f ∗ (which is the true factor expectation). For the sake of generality, we

do not specify a belief formation mechanism, but the model is typically consistent with ex-

trapolative beliefs theory where one would use past market returns to form her expectations.

A type 1 investor (that is an investor who invests in market 1) solves the following

mean-variance program:

max
wij

∑
i∈1

wi,jEj[ri]−
1

2τ ∑
i∈1

∑
k∈1

wijwkjCov(ri,rk)

subject to

mj ∑
i

wij ≤ 1

which is the margin constraint (and mj represents the margin requirement). Intuitively,

mj = 1 corresponds to no leverage at all, while mj > 1 means that the investor should keep

some of its investment as cash. On the other hand, mj < 1 means that investor j can take

some leverage. One can rewrite this optimization program in matrix form:

max
wj

w′
jEj[r]−

1
2τ

w′
jΣwj = w′

j(µ + β f̄ j)−
1

2τ
w′

jΣwj

subject to mjw′
j ι̂ ≤ 1, where ι̂ denotes the vector of ones, while Σ = ββ′V̄ + σ2

ϵ IM is the

covariance matrix and V̄ is the factor variance.

1.3.2 Solving the Model

Given our premises in the previous section, denoting the Lagrange multiplier on the portfolio

constraint as λj, one can derive the first-order condition:

µ + β f̄ j −
1
τ

Σwj − λjmj ι̂ = 0

And solving for the demand of investor j:

wj = τΣ−1(µ + β f̄ j − λjmj ι̂)
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Moreover, we have ι̂′wj = 1
mj

if the constraint binds. We impose the following Market

clearing for all stocks in market 1: ∑j∈1 wj = Nî w.l.o.g. such that:

N ι̂ = τΣ−1
(

Nµ + β ∑
j∈1

f̄ j − ∑
j∈1

λjmj ι̂

)
Solving for µ, we get:

µ =
1
τ

Σι̂ − β

(
1
N ∑

j∈1
f̄ j

)
+ ι̂

(
1
N ∑

j∈1
λjmj

)

Computations and exact expressions of the model are provided in Appendix A.2, where

we also calculate aggregate market returns in our economy and determine the conditions

under which it can be identified with the single factor f . In this case, µ can be identified

with the alpha of stocks.

Armed with market returns, an important feature to check for the consistency of the

model is whether the equilibrium concept of stock i’s beta, defined by βi
m = Cov(ri ,rm)

Var(rm)

matches the ex-ante βi on the factor. The exact computation is in the appendix, and we find:

βi
m =

Cov(ri,rm)

Var(rm)
=

βiV̄ + σ2
ϵ

2M

V̄ + σ2
ϵ

2M

where V̄ is the market’s (or factor’s) variance. Note that for a large number of stocks

(M → ∞), one gets that βi
m = βi. Thus, for a large number of stocks, the ex-ante defined βi

matches the equilibrium concept of beta with respect to the market.

We also solve explicitly for the Lagrange multiplier of fund j in market 1, yielding the

following proposition:

Proposition 1. The tightness of the portfolio constraint of fund j co-moves positively with its factor

(market) expectation:

λjmj =
ι̂′Σ−1β

ι̂′Σ−1 ι̂
f̄ j + C1,λ

This is in line with the intuition that a relatively optimistic fund wants to increase its
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exposure to the market in proportion to its belief. This, in turn, implies that the margin

constraint tightness is proportional to this belief component as it reflects how strongly the

fund would like to violate its margin constraint in order to increase its market exposure.

Plugging this expression for the Lagrange multiplier, one gets the following proposition:

Proposition 2. The impact of mutual funds’ expectations on a stock’s alpha in market k = 1,2 is a

decreasing function of the stock’s beta.

αk = (ι̂ − β)

(
1
N ∑

j∈Fk

f̄ j

)
− ι̂

τι̂′Σ−1 ι̂

(
1
N ∑

j∈Fk

1
mj

)
+ Cα

where Fk is the set of funds trading in market k = 1,2. This proposition represents the

cornerstone of our analysis as it showcases the connection between investors expectations

and market outcomes. Specifically, it underlines how investors’ expectations affect stock

returns according to their market exposures, or beta. For instance, in the case of optimistic

(pessimistic) investors, high (low) beta stocks incur a relatively low (high) alpha, thus

generating the beta anomaly. Moreover, Proposition 2 shows that in the case of market 1

investors holding relatively optimistic expectations and market 2 investors holding relatively

pessimistic ones, the market segmentation hypothesis implies cross-sectional heterogeneity

in the beta anomaly premium, with a strongly positive one in market 1 and a negative (or

flipping) one in market 2.

Proposition 2 also lays the ground for our empirical analysis as our identification relies

on comparing stocks characterized by the same beta, but are held by investors characterized

by different market returns expectations. Yet the econometrician does not have access to

mutual fund-level market expectations. We thus need to create a measure of investors’

expectations. To that end, we will use the Active Beta Change of the fund, or the fund’s beta

change that results from active trading. Next, we show the relationship between the active

beta change and the market expectation of a given fund, and how the active beta change of

funds affect stocks’ alphas.

20



We start by computing the active beta change of fund j in our model. At time 0, investors

hold the market portfolio, while at time 1, wj = τΣ−1 (µ + β f̄ j − λjmj ι̂
)

from the first order

condition. We obtain the active beta change as the difference between the fund’s beta at

time 0 and the fund’s beta at time 1 (assuming the stocks’ betas are constant over time).

From this, we get the following proposition:

Proposition 3. The Active Beta Change of fund j in market k and its market beliefs are positively

related.

mjABCj = K f

(
f̄ j −

1
N ∑

j′∈Fk

f̄ j′

)
+ Km

(
1

mj
− 1

N ∑
j′∈Fk

1
mj′

)

Where K f =
1
M

(
β′Σ−1β − (ι̂′Σ−1β)2

ι̂′Σ−1 ι̂

)
≥ 0 from the Cauchy-Schwarz inequality, Km > 0,

and again the computations and exact expressions are given in Appendix A.2. The fact that

the Active Beta Change of a fund and its beliefs are positively related matches the intuition

that market exposure for leverage constrained investors should move with their market

beliefs, and validates the use of this measure as a proxy for fund-level market expectations.

Finally, plugging it in the expression for α and simplifying the expression, we get:

Proposition 4. The impact of mutual funds’ active beta change on a stock’s alpha in market k = 1,2

is a decreasing function of their beta.

αk =
ι̂ − β

K f

(
1

N/2 ∑
j∈MFk

mjABCj

)
+ (ι̂ − β)

Km

K f

(
1
N ∑

j∈HFk

1
mj

− 1
N ∑

j∈MFk

1
mj

)
+ C′

α

where MFk denotes the set of mutual funds trading in market k and HFk is the set of

hedge funds trading in market k. This proposition is the counterpart of Proposition 2,

albeit using active beta change as a proxy for market beliefs: a high active beta change

is associated to optimistic market expectations, while the opposite holds true for a low

active beta change. This way, we can test the empirical content of our model investi-

gating the relationship between a stock’s alpha and the active beta change of its mutual

funds shareholders. This proposition summarizes how we can link investors market ex-

pectations to stock returns through a portfolio based measure of beliefs. Although in the
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context of our work we mainly focus on the role of market sentiment, the model can be

generalized to include beliefs on several factors. The approach showcased here can thus

be extended to study expectations on any factor, such as momentum discussed in Section 1.8.

In light of Proposition 4, one should note that our model is able to generate a downward-

sloping security market line (SML). Indeed, the slope coefficient the SML for market k

writes:

f ∗ − Km

K f

(
1
N ∑

j∈HFk

1
mj

− 1
N ∑

j∈MFk

1
mj

)
− 1

K f

1
N/2 ∑

j∈MFk

mjABCj

such that if 1
N/2 ∑j∈MFk

mjABCj > K f f ∗−Km

(
1
N ∑j∈HFk

1
mj

− 1
N ∑j∈MFk

1
mj

)
, the security mar-

ket line is downward sloping due to mutual funds’ optimistic beliefs and their subsequent

beta adjustments.
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Figure 1.2: Security Market Line: a Divergence
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This is illustrated in Figure 1.2, where we simulate a security market line for a market

where investors are on average optimistic (increasing their betas by 0.2 - red line) and one

for a neutral market where investors do not move their betas on average (blue line) from

the model4. The market populated by optimistic investors produces a downward-sloping

security market line, while the neutral market produces an upward-sloping one, as the

theory would predict. This, once more, underlines the usefulness of market segmentation:

some high beta stocks display significantly negative alphas as in the red line, while some

other have their returns broadly in line with what CAPM would predict. This cross-sectional

heterogeneity is explained by the expectations of investors who own the stock and emerges

in our model through market segmentation.

Further elaborating on the formula in Proposition 4, note that mutual funds’ margins

are constant and typically lower than (or equal to) one. On the other hand, Hedge Funds’

margins, 1
N ∑j∈HF1

1
mj

, are considered to be time-varying. This leads to the following

proposition:

Proposition 5. High beta stocks’ alpha decreases in the active beta change of mutual funds that

trade them and in the hedge funds’ leverage ability to take the other side of trade.

In particular, when the margin requirements of hedge funds go up on aggregate (e.g.

because the TED spread 5 goes up), the alpha of high beta stocks is relatively high, which

is consistent with Frazzini and Pedersen (2014)’s betting-against-beta effect (this situation

occurs precisely when their BAB factor runs negative returns). In the model, the mutual

fund beliefs channel comes on top of this margin effect and the two will be shown to co-exist

in the data.

4The parameters used for the simulation are as follows: τ = 8, V̄ = 0.102, σ = 0.03, f ∗ = 0.06, the margin of
mutual funds is set to 1 and the average of the inverse margin of hedge funds is set to 1.1.

5The TED spread is defined as the difference between the three-month Treasury bill and the three-month
LIBOR
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1.4 Data and Active Beta Change Construction

After dissecting our model, we now describe the data used in this paper. We then move

forward and explain how we construct our measure of fund-level expectations, namely

Active Beta Change.

1.4.1 Data

Given the scope of our analysis, we mainly focus on domestic actively managed open-end

stock mutual funds, for which holdings data are more reliable, and we leave index fund to

the robustness check section. Our actively managed mutual fund sample follows Kacperczyk

et al. (2014).

The bulk of our dataset is represented by the Center for Research on Security and Prices

(CRSP) Survivorship Bias Free Mutual Fund Database that provides us with information on

fund returns, assets under management and other characteristics. We then merge it with

information coming from Thomson Reuters s12 Master file for mutual stock holding and

with stock price data from CRSP.

We then get information on market returns and factors (which we exploit to calculate

stocks risk adjusted returns following Fama and French (1992), Fama and French (1993),

Fama and French (1996) and Carhart (1997)) from the Kenneth French Data Library. Finally,

we rely on the Shiller Survey for aggregate market return expectations, as, compared to

other surveys, it provides us with a way to isolate institutional investors market expectations

from that of other investors.

Our sample period ranges from 2004 to 2020. Indeed, in compliance with SEC regulation

6, reporting of mutual fund holdings at quarterly frequency becomes more systematic

6The ruling falls under the name: "Shareholder Reports and Quarterly Portfolio Disclosure of Registered
Management Investment Companies"
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starting in 2004. Our sample comprises a total of 14,386 individual funds 7 over the whole

period, and Table A.1 in Appendix A.3 shows how they are distributed over time, along

with other statistics on funds and stocks we cover.

1.4.2 Active vs. Passive Beta Variation

Constructing a fund-level market expectation variable represents a key step in our analysis.

Our model, as shown in Proposition 3, suggests a pretty natural way to construct such

a measure by looking at the variation of a fund’s portfolio exposure to the market. As

market exposure is easy to calculate and arguably closely monitored, no investor would

increase (decrease) it when she expects the market to experience low (high) returns going

forward. In the spirit of a revealed preference approach, we exploit variation in portfolio

market exposure to back up changes in investors’ expectations of market returns. In order

to do so we rely on what we define as Active Beta Change (ABC hereafter), i.e. the variation

in funds’ portfolio β from time t to t+ 1 induced by fund managers’ active trading decisions.

A variation in a fund’s β can, on paper, be driven by three factors:

1. A variation in the β of the outstanding portfolio (determined by either a change in

the relative value or in the β of the securities which were held at the beginning of the

period), which we label as Passive Portfolio β Variation

2. A variation in the actual composition of the portfolio due to trading performed by

funds, labeled Active β Variation

3. A variation in portfolio’s β due to inflows/outflows experienced by funds, labeled

Passive Flow β Variation. Indeed, when receiving outflows, funds might use their

cash, which is zero beta, to match redemptions, thus mechanically increasing their

betas. On the contrary when funds receive inflows, they mechanically and temporarily

7That is 14,386 different crsp_fundno, following CRSP’s labeling.
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accumulate cash that they will eventually deploy, thus temporarily decreasing their

betas.

In order to obtain a clean measure of Active Beta Change we thus proceed in two steps:

we first construct a measure of portfolio beta variation purged of Passive Portfolio β Variation

(which we label as A), then we partial out the effect of inflows and outflows to get our final

proxy measure of investors’ expectations, ABC.

Formalizing the above described decomposition:

∆β = ∑
i

βi,t+1wi,t+1 − βi,twi,t = ∑
i

βi,t+1

(
Pt+1,iNi,t+1

∑i Pi,t+1Ni,t+1

)
− βi,t

(
Pi,tNi,t

∑i Ni,tPi,t

)
=

= ∑
i

βi,t+1

(
Pt+1Ni,t

∑i Pi,t+1Ni,t

)
− βi,t

(
Pi,tNi,t

∑i Pi,tNi,t

)
︸ ︷︷ ︸

Passive Portfolio β Variation

+∑
i

βi,t+1

(
Pi,t+1Ni,t+1

∑i Pi,t+1Ni,t+1
− Pi,t+1Ni,t

∑i Pi,t+1Ni,t

)
︸ ︷︷ ︸

A

where Pi,t is the price of security i at time t, Ni,t is the number of units of security i in fund’s

portfolio at time t and βi,t is security’s exposure to market risk at time t.

This gives:

∆β = ∑
i

βi,t+1

(
Pt+1Ni,t

∑i Pi,t+1Ni,t

)
− βi,t

(
Pi,tNi,t

∑i Pi,tNi,t

)
+ A
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i
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(
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(1 + Rp,t+1)
− βi,t

βi,t+1

)
+ A
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i

βi,t+1wi,t

(
(1 + Ri,t+1)

(1 + Rp,t+1)
− βi,t

βi,t+1

)
+ A

=⇒ A = ∆β − ∑
i

βi,t+1wi,t

(
(1 + Ri,t+1)

(1 + Rp,t+1)
− βi,t

βi,t+1

)
where Rp is the portfolio return, wi,t is the weight of security i in fund’s portfolio at time

t and β is the portfolio beta. The above formula provides us with a parsimonious way to

calculate the variation in portfolio beta attributable to a combination of variation in portfolio

composition following active trading choices by managers and the effect of inflows/outflows.

Finally we need to partial out the effect of inflows and outflows from our A measure of
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portfolio beta variation, to obtain a clean measure of the fund manager’s expectations. We

proceed in two steps. We first regress A (as defined above), onto flows experienced by fund

j at time t:

Aj,t = a0,j + a1,jFlowj,t + ϵj,t

Then, we define Active Beta Change (ABC) as:

ABCj,t = Aj,t − a1,jFlowj,t

This measure fully reflects the fund’s expectations and it is clean from mechanical flow-

induced variations in beta.

Given the incentive structure of their business, we expect fund managers to increase

their exposure to high beta stocks (and mechanically their portfolios’ beta) whenever they

have increasingly aggressive beliefs on market performance. As ABC reflects mutual fund

managers’ expectations of market returns, it should closely co-move with survey measures

of fund managers’ expectations. Figure 1.3 plots the median quarterly evolution of Active

Beta Change across mutual funds along with the variation in Institutional Investors Beliefs on

market performance as reported by the Schiller survey. As can be seen, the pattern is quite

neat: whenever market expectations move upwards, so does the variation in funds’ market

exposure. Note further that the correlation between the two series is 0.25 and the T-stat of

the regression of the variation of Shiller’s beliefs survey on median active beta change is 1.94.

Moreover, Giglio et al. (2021) suggest that beliefs about market returns from retail

investors actually translate into portfolio allocations, notably through the share of wealth

invested in the stock market. Importantly, they find this relationship to be stronger for

individuals that are wealthier, who trade more frequently and who are more confident in

their beliefs. This builds further support for active beta change to be used as a measure of

market beliefs as fund managers can be thought of matching well the criteria for which the

beliefs-portfolio construction channel is stronger.

27



2006 2008 2010 2012 2014 2016 2018
Date

0.10

0.05

0.00

0.05

0.10
AB

C
Active Beta Change Delta Market Inst Beliefs

20

15

10

5

0

5

10

15

20

De
lta

 B
el

ie
fs

Figure 1.3: Median Active Beta Change and Investors’ Market Beliefs

1.5 Empirical Analysis

We now move on to the discussion of the empirical results of the paper. This section

focuses on strengthening the time series results obtained in Section 1.2 and testing the

main predictions of our model. We start from a portfolio analysis of stock returns and

subsequently move on to a regression analysis.

1.5.1 Main Findings

We start our analysis providing a test for the core result of our paper, described in Propo-

sition 4, i.e. that optimistic market expectations from holders of high beta stock predict

low returns going forward, thus resulting in a flatter security market line. The mechanism

is simple: when mutual funds hold optimistic expectations, they bid up the price of high

beta assets, resulting in lower returns in the following period. As their portfolio is sticky,

we can use our measure of Active Beta Change to assess the implications of mutual fund
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trading on stock returns. In other words, as funds preferentially trade on their portfolio

when expressing their expectations about market returns, we expect to observe the returns

of stocks owned by more bullish (bearish) investors to display a higher (lower) beta anomaly

portfolio premium.

We start by double sorting stocks along their CAPM betas at t (5 portfolios) and their

Active Beta Change (ABC) at t (5 portfolios), thus forming 25 value-weighted portfolios.

Then, for each ABC bin (1 through 5), we form the beta anomaly portfolio by going long

the low beta portfolio and going short the high beta one. The standard beta anomaly, as

stylized in Frazzini and Pedersen (2014)’s betting-against-beta theory, predicts that such

portfolios should earn a positive alpha going forward. We thus report the annualized

Fama-French-Carhart (1997) four factor alpha in percent of each portfolio at t + 1. In this

analysis, returns data is daily while the sorting is done on a quarterly basis. Table 1.2

describes the beta anomaly for each level of active beta change, or in other words each level

of holding mutual fund expectations.

Table 1.2: Long-Short Beta Anomaly Portfolios’ Alphas for each Active Beta Change Bin

Beta
Anomaly Alpha T-Stat
Portfolio

ABC 1 4.35% 0.971
ABC 2 5.89% 1.402
ABC 3 6.14 % 1.460
ABC 4 3.58% 0.839
ABC 5 11.52% 2.778

As evident from Table 1.2, over the whole sample, the beta anomaly is reflected into a

considerable and statistically significant alphas only for the highest ABC bin. According to

our theory, this is because those stocks are owned and traded by mutual funds that have the

highest market expectations, which means that they are the ones whose margin constraint is

the most binding, and thus are over-buying high beta stocks, consistently with Proposition 4.
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In order to deepen our analysis and provide additional tests for Proposition 4, we now

move on to a panel regression analysis. We confirm our main portfolio results running the

following regression specification:

αi,t = c0 + c1βi,t−1 + c2ABCi,t−1 + c3βi,t−1 × ABCi,t−1 + δi + δt + ϵi,t

where αi,t denotes the stock’s daily four factor alpha, βi,t is the stock’s CAPM beta, ABCi,t

stands for the above described measure of fund beliefs, namely active beta change, δi is a

stock fixed effect and δt is a time fixed effect8. We are most interested in the interaction

coefficient c3. If this coefficient is negative, it means that high beta stocks which are exposed

to more optimistic funds tend to have lower alphas going forward. Furthermore, in order

to correctly account for the fact that the left-hand side variable is estimated, we cluster

bootstrap standard errors at the stock level.

8We add contemporaneous market returns Rm,t when time fixed effects are not included.
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Table 1.3: Predictive Regression, Explaining Stock Alpha using Beta and Active Beta Change

Dependent Variables: αi,t αi,t αi,t

Model: (1) (2) (3)

Variables
ABCi,t−1 0.0047*** 0.0050*** 0.0038***

(0.0008) (0.0008) (0.0008)
βCAPM

i,t−1 -0.0002*** -0.0002*** -0.0002***
(0.0000) (0.0000) (0.0000)

βCAPM
i,t−1 × ABCi,t−1 -0.0023*** -0.0025*** -0.0022***

(0.0006) (0.0006) (0.0006)
Rm,t 0.0028*** 0.0028***

(0.0001) (0.0001)

Fixed-effects
Stock FE No Yes Yes
Time FE No No Yes

Fit statistics
Observations 231,631 231,631 231,631
R2 0.0041 0.0045 0.0119

Clustered Bootstrap (at stock level) standard errors are in parentheses.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 1.3 shows the results of our estimation. In all our specifications (which include

different sets of fixed effects), the interaction coefficient between a stock’s beta and its active

beta change exposure is found to be negative and statistically significant. This confirms

our portfolios findings. Additionally, our regression analysis provides us with the tools to

understand the economic magnitude of the effect of being exposed to variation in market

return expectations for stock prices. Let’s consider for example the effect for an active beta

change of 0.05: all else equal, a stock characterized by a CAPM beta of 1.5 will experience

approximately a 1.6% lower alpha 9 on an annualized return basis compared to a stock

9Taking ABC = 0.05, beta = 1 and 1.5, the effect writes 1.6 percent = -0.0025*(1- 1.5)*0.05 * 253 * 100
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characterized by a CAPM beta of 1.

1.5.2 Active Beta Change and Leverage Constraints

In our model, both time-varying margin constraint and non-rational expectation formation

coexist in shaping the pattern of investors trading behavior and the slope of the security

market line. We thus move on to test the joint implications of investors’ beta chasing and

time-varying leverage constraints on stock alphas going forward. This is especially relevant

as traditional explanations for the beta anomaly argue that difference in returns between

high and low beta stocks is typically to be attributed to time-varying leverage constraints.

We argue instead that investors expectations play a crucial role and generate significant

heterogeneity across stocks characterized by the same level of market exposure.

As shown in Proposition 5, and consistently with Frazzini and Pedersen (2014), our

model predicts that a tightening of funding conditions for hedge funds investors (that is,

mHF
j,t goes up) is associated with a positive effect on alpha for high beta stocks. The reason is

simple: as hedge funds take the other side of the trade with respect to beta chasing investors,

when funding constraints are tight they need to de-lever their bets against beta (that is their

leverage long position in low beta stocks and short position in high beta stocks). In the

spirit of Frazzini and Pedersen (2014), we proxy funding constraints with the TED spread,

and run the following regression:

αi,t = c0 + c1βi,t−1 + c2ABCi,t−1 + c3βi,t−1 × ABCi,t−1 + c4TED Spread Exi,t−1

+ c5βi,t−1 × TED Spread Exi,t−1 + δi + δt + ϵi,t

where TED Spread Exi,t−1 measures stock i exposure to the aggregate funding conditions

and is constructed as TED Spread Exi,t−1 = wHF
i,t−1 × TED Spreadt−1, i.e. it is the product of

stock i’s market share held by non-mutual fund institutional investors and the TED spread.

Column (3), (6) and (7), instead, exploit the regular (i.e. non weighted) TED spread as a

direct measure of tightness of margin constraints. In the language of our model, these proxy
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for the exposure of stock i to hedge funds’ margin requirements changes.

Table 1.4: Predictive Regression, Explaining Stock Alpha using Beta, Active Beta Change and TED Spread

Dependent Variables: αi,t αi,t αi,t αi,t αi,t αi,t αi,t

Model: (1) (2) (3) (4) (5) (6) (7)

Variables
βCAPM

i,t−1 -0.0002*** -0.0003*** -0.0004*** -0.0003*** -0.0003*** -0.0004*** -0.0004***
(0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

ABCi,t−1 0.0038*** 0.0040*** 0.0034*** 0.0040*** 0.0035***
(0.0008) (0.0009) (0.0010) (0.0009) (0.0010)

ABCi,t−1 ×βCAPM
i,t−1 -0.0022*** -0.0022*** -0.0021** -0.0022*** -0.0020***

(0.0006) (0.0008) (0.0008) (0.0007) (0.0007)
TED Spread Exi,t−1 -0.0006** -0.0006** -0.0006*

(0.0003) (0.0003) (0.0003)
TED Spread Exi,t−1 × βCAPM

i,t−1 0.0007*** 0.0007*** 0.0007***
(0.0001) (0.0001) (0.0001)

TED Spreadt−1 0.0008** -0.0005*** 0.0008**
(0.0003) (0.0000) (0.0004)

TED Spreadt−1 × βCAPM
i,t−1 0.0005*** 0.0005*** 0.0005***

(0.0000) (0.0000) (0.0000)

Fixed-effects
Stock FE Yes Yes Yes No Yes No Yes
Time FE Yes Yes Yes No Yes No Yes

Fit statistics
Observations 231,631 220,476 220,935 217,335 217,335 217,769 217,769
R2 0.0119 0.0118 0.0124 0.0019 0.0115 0.0030 0.0121

Clustered Bootstrap (at stock level) standard errors are in parentheses.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

The results are shown in Table 1.4. Consistently with the prediction of our model, the

interaction coefficient between a stocks’ beta and the TED spread exposure is positive and

statistically significant (and likewise with the regular TED spread). Our findings are thus

coherent with Frazzini and Pedersen (2014) and highlight that the other side of the trade

channel (through margin requirements) works side by side with the beta chasing effect

described by active beta change. Our expectation mechanism comes on top of the margin

constraint effect, as the interaction coefficient between beta and active beta change remains

negative and statistically significant10. This shows that the two mechanisms co-exist in the

10In terms of magnitude, a one standard deviation increase in ABC (that is an increase of 0.017) brings a
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data, as predicted by our model.

1.5.3 Mechanism and Robustness

Our model predicts that being held by investors that are more optimistic today, results in

lower returns going forward for stocks characterized by a higher return covariance with

the market. Two questions that naturally arise are what is the mechanism underlying

such dynamics and whether investors actually trade on stocks’ beta. In particular, are

investors either directly or indirectly acquiring/selling stocks with higher beta when opti-

mistic/pessimistic, or are they considering other stocks’ characteristics? In this section we

deepen our analysis in order to both shed light on the mechanism that generates returns

predictability and test for alternative channels through which optimistic expectations could

affect stock alpha rather than beta chasing as we postulated before.

We suggest that return predictability is originated by the fact that, when optimistic

(pessimistic), investors expand (contract) their demand for high beta assets, thus generating

price pressure at time t and subsequent reversion at time t + 1. In this setting, it is important

to disentangle demand pressure driven by expectations from both standard asset pricing

dynamics (such as stock return mean reversion and volatility patterns) and merely sectoral

phenomenona where funds would just get optimistic over certain sectors (which would

happen to be high or low-beta sectors). In order to test for such hypotheses, we run the

following two regressions and show the outcomes in Table 1.5:

αi,t = c0 + c1βi,t−1 + c2ABCi,t−1 + c3βi,t−1 × ABCi,t−1 + c4Xi,t−1 + δSIC(i),t + ϵi,t

αi,t = c′0 + c′1βi,t−1 + c′2ABCi,t + c′3βi,t−1 × ABCi,t + c′4Xi,t−1 + δSIC(i),t + ϵ′i,t

where Xi,t−1 denote stock-level controls such as past return and volatility, and δSIC(i),t

decrease of 0.47% in terms of alpha between a stock with Beta of 1 and a stock with Beta of 1.5. On the other
hand, a one standard deviation decrease in the TED spread exposure (that is an decrease of 0.21) brings a
decrease of 1.86% in terms of alpha between a stock with Beta of 1 and a stock with Beta of 1.5.
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denotes Industry SIC-time fixed effects. The first regression (results displayed in columns 1

and 2) mimics the results displayed in Table 1.3 as it looks at the interaction between beta

and past ABC to analyze the contribution of mutual funds’ expectation to the beta anomaly

once sector-specific (and past stock trading characteristics) effects are taken into account.

In particular, by introducing Industry SIC-time fixed effects, we control for unobserved

industry specific shocks, thus comparing stocks from the same SIC-classification, in order

to better identify ABC-fueled asset pricing implications. We also include the current and

lagged delta fund share (the change in mutual fund share in the stock’s shareholders) to

account for regular mutual fund trading behavior. In our model, as before, we would expect

the interaction coefficient between past ABC and beta to be negative. The second regression

(results displayed in columns 3 and 4) involves current ABC, and aims at displaying the price

pressure mechanism once sector-specific and stock trading characteristics are accounted for.

As optimistic funds buy high beta stocks, one would expect the the interaction coefficients

between current ABC and beta to have a positive effect on alpha as it is driving positive price

pressure on high beta stocks’ prices.

The first three columns of Table 1.5 show that our earlier results on the negative effect of

previous fund optimism (high ABC) on alphas are robust to the introduction of controls for

sector-specific patterns, as well as stock characteristics likely to influence investors’ trading.

Meanwhile, columns (4), (5) and (6) show that the interaction between current ABC and

beta has a positive effect on alpha (even controlling for sector and stock characteristics,

as well as current and lagged delta fund share), validating the contemporaneous price

pressure incurred by stocks traded by mutual funds actively tilting their betas. Moreover,

the magnitudes of the coefficients suggest that the contemporaneous price pressure and

subsequent reversion are quantitatively similar.
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Table 1.5: Predictive Regression, Price Pressure Mechanism and Sectoral Composition

Dependent Variables: αi,t αi,t αi,t αi,t αi,t αi,t

Model: (1) (2) (3) (4) (5) (6)

Variables
ABCi,t−1 0.0039*** 0.0042*** 0.0050***

(0.0015) (0.0015) (0.0017)
βCAPM

i,t−1 -0.0002*** -0.0003*** -0.0003*** -0.0002*** -0.0003*** -0.0003***
(0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

ABCi,t−1 × βCAPM
i,t−1 -0.0020* -0.0023** -0.0027**

(0.0012) (0.0012) (0.0013)
ABCi,t -0.0050*** -0.0050*** -0.0047***

(0.0013) (0.0013) (0.0014)
ABCi,t × βCAPM

i,t−1 0.0021** 0.0021** 0.0022**
(0.0010) (0.0010) (0.0011)

∆Fund Sharei,t−1 0.0001 0.0001
(0.0001) (0.0001)

∆Fund Sharei,t 0.0013*** 0.0013***
(0.0001) (0.0001)

Stock Returni,t−1 -0.0009*** -0.0010*** -0.0009*** -0.0009***
(0.0001) (0.0001) (0.0001) (0.0001)

Stock Vol.i,t−1 -0.0006 0.0081 0.0057 0.0054
(0.0098) (0.0077) (0.0076) (0.0080)

Stock Idio. Vol.i,t−1 0.0198* 0.0155* 0.0157** 0.0170**
(0.0101) (0.0081) (0.0078) (0.0081)

Fixed-effects
Stock FE Yes Yes Yes Yes Yes Yes
SIC-Time FE Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 151,932 151,932 143,249 151,289 151,289 143,023
R2 0.2445 0.2490 0.2587 0.2461 0.2513 0.2575

Clustered (Stock & SIC-Time) standard-errors in parentheses.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Next, we look at whether investors’ market expectations (measured through active beta

change) have subsequent asset pricing implications for stocks actually characterized by differ-
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ent betas, or whether other characteristics could explain this phenomenon. Indeed, one may

argue that an optimistic investor could tilt her portfolio towards characteristics other than

its beta, e.g. past total return, as funds could pick past winners when deciding to increase

their market exposure. To test this, we include other characteristics in our regression specifi-

cation, along with their interaction with active beta change. In particular, we test for three

stock characteristics: total stock return, size (log of market equity), and book-to-market ratio.

In Table 1.6 we thus report the results of the following regression estimation:

αi,t = c0 + c1βi,t−1 + c2ABCi,t−1 + c3βi,t−1 × ABCi,t−1

+ c4Stock Chari,t−1 + c5Stock Chari,t−1 × ABCi,t−1 + ϵi,t

where Stock Chari,t−1 stands for previous quarter stock returns (Stock Ret, Column 2), log of

market equity (Log ME, Column 3) and book-to-market ratio (B/M, Column 4) respectively.
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Table 1.6: Predictive Regression, Explaining Stock Alpha using Beta, Active Beta Change along with other
Placebo Characteristics

Dependent Variables: αi,t αi,t αi,t αi,t

Model: (1) (2) (3) (4)

Variables
ABCi,t−1 0.0047*** 0.0047*** 0.0036*** 0.0046***

(0.0011) (0.0011) (0.0011) (0.0011)
βCAPM

i,t−1 -0.0002*** -0.0002*** -0.0004** -0.0002***
(0.0000) (0.0000) (0.0002) (0.0000)

ABCi,t−1 × βCAPM
i,t−1 -0.0029*** -0.0031*** -0.0025*** -0.0029***

(0.0008) (0.0008) (0.0008) (0.0008)
Stock Reti,t−1 -0.0006***

(0.0001)
ABCi,t−1 × Stock Reti,t−1 0.0000

(0.0000)
Log MEi,t−1 -0.0011***

(0.0000)
ABCi,t−1 × Log MEi,t−1 0.0000

(0.0000)
B/Mi,t−1 0.0005***

(0.0001)
ABCi,t−1 × B/Mi,t−1 0.0000

(0.0000)

Fixed-effects
Time FE Yes Yes Yes Yes
Stock FE Yes Yes Yes Yes

Fit statistics
Observations 159,062 159,062 159,062 144,813
R2 0.0648 0.0661 0.0920 0.0775

Clustered Bootstrap (at stock level) standard-errors in parentheses.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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The interaction between any stock level characteristics, excluding CAPM beta, and

Active Beta Change are statistically indistinguishable from zero. Meanwhile, the interaction

coefficient between a stock’s beta and its active beta change exposure remains both stable

and statistically negative across specifications. This suggest that, consistently with our

theory, the effect of optimistic market expectations by funds directly affects stock alpha

through her beta chasing trading motive.

1.5.4 Placebo Analysis

Another concern that may arise is that our active beta change measure is a statistical artifact

and do not effectively captures funds’ market expectations. To tackle this, we design a

placebo analysis where we re-estimate our main regression specification focusing on index

funds, rather than actively managed mutual funds. We thus calculate stock-level active beta

change for index funds, that is the active beta change exposure of a stock computed using

index funds only. In theory, the active beta change of an index fund should typically be zero

(or noise), not contain any information on investors’ expectations, and thus should display

non-statistically significant effects on future stock alpha.

We run the following placebo regression:

αi,t = c0 + c1βi,t−1 + c2Index ABCi,t−1 + c3βi,t−1 × Index ABCi,t−1 + Xi,t−1 + δi + δt + ϵi,t

where Xi,t−1 refers to the same stock-specific controls as before (lagged stock return, total

volatility and idiosyncratic volatility).
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Table 1.7: Placebo Predictive Regression, Explaining Stock Alpha using Beta and Index Active Beta Change

Dependent Variables: αi,t αi,t αi,t αi,t

Model: (1) (2) (3) (4)

Variables

Index ABCi,t−1 -0.0046 -0.0029 -0.0093** -0.0075*
(0.0038) (0.0037) (0.0042) (0.0041)

βCAPM
i,t−1 -0.0002*** -0.0002*** -0.0002*** -0.0002***

(0.0000) (0.0000) (0.0000) (0.0000)
Index ABCi,t−1 × βCAPM

i,t−1 -0.0006 -0.0017 0.0021 0.0008
(0.0025) (0.0025) (0.0028) (0.0027)

ABCi,t−1 0.0039*** 0.0037***
(0.0010) (0.0010)

βCAPM
i,t−1 × ABCi,t−1 -0.0022*** -0.0021***

(0.0007) (0.0007)
Stock Returni,t−1 -0.0006*** -0.0006***

(0.0000) (0.0000)
Stock Vol.i,t−1 -0.0161*** -0.0159***

(0.0038) (0.0037)
Idio. Vol.i,t−1 0.0343*** 0.0341***

(0.0036) (0.0036)

Fixed-effects

Stock FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes

Fit statistics
Observations 204,731 204,731 204,731 204,731
R2 0.0085 0.0130 0.0085 0.0131

Clustered Bootstrap (at stock level) standard-errors in parentheses.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Results are displayed in Table 1.7. One can immediately notice that that all interaction
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coefficients between beta and index ABC come out to be statistically indistinguishable

from zero both on a stand alone basis and when controlling for standard ABC. This is

consistent with the idea of non-information content of index active beta change and lends

further support to active funds’ ABC reflecting money managers’ market expectations, thus

meaningfully impacting asset prices.

1.5.5 Portfolio Stickiness

In our model, in order to be able to connect expectations of investors holding a specific

stock at time t to its returns at time t + 1, we assume that mutual funds’ portfolios are

sticky. In other words we rely on the idea that when money managers want to trade, and

specifically want to tilt their market exposure upward or downward as a result of shift

in their expectations, they do so using the stocks they already have in their portfolio.This

allows us to link portfolio movements to (unobserved) market expectations.

In order to do so, we structure a dataset consisting of the cross product of funds in our

sample and stocks in the S&P 500 index, and we investigate whether the previous presence

in portfolio predicts future trades. In this analysis, we restrict our sample of stocks to those

in the S&P 500 in order to construct the most homogeneous sample possible and avoid

biasing our estimates due to the inclusion of stocks that have very limited liquidity and are

traded only by niche investors11.

We first look at whether buys (increase of previously held position or openings of new

position) are more likely to occur in the current stock portfolio or in new stocks. We thus

11Indeed, we believe that, if funds were to buy new stocks to tilt their betas upward or downward as a result
of a shift in market beliefs, S&P 500 stocks would be natural candidates for e.g. liquidity purposes
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run:

1(Buy)i,j,t = a0 + a11(5Y Presence)i,j,t−1 + δj + δi,t + ϵi,j,t

1(Buy)i,j,t = b0 + b11(Inception Presence)i,j,t−1 + δj + δi,t + ηi,j,t

where 1(Buy)i,j,t refers to the buy dummy (increase of the position i by fund j at time t

or opening of position i by fund j at time t), 1(5Y Presence)i,j,t−1 is a presence dummy

which takes one if stock i has been present in fund j’s portfolio in the past 5 years,

1(Inception Presence)i,j,t−1 is a presence dummy which takes one if stock i has been present

in fund j’s portfolio at any point since inception, δj denotes fund fixed effects and δi,t denotes

stock-time fixed effects. Results are shown in Table 1.8.

Table 1.8: Portfolio Stickiness: Buying Stocks Already in Portfolio

Dependent Variables: 1(Buy)i,j,t 1(Buy)i,j,t 1(Buy)i,j,t 1(Buy)i,j,t 1(Buy)i,j,t 1(Buy)i,j,t

Model: (1) (2) (3) (4) (5) (6)

Variables
1(5Y Presence)i,j,t−1 0.1472∗∗∗ 0.1476∗∗∗ 0.1251∗∗∗

(0.0013) (0.0013) (0.0010)
1(Inception Presence)i,j,t−1 0.0468∗∗∗ 0.0470∗∗∗ 0.0302∗∗∗

(0.0011) (0.0011) (0.0013)

Fixed-effects
Stock Yes Yes Yes Yes Yes Yes
Fund No No Yes No No Yes
Stock-Time No Yes Yes No Yes Yes

Fit statistics
Observations 205,340,366 205,340,366 205,340,366 205,340,366 205,340,366 205,340,366
R2 0.10233 0.10921 0.13070 0.01440 0.02135 0.07734

Clustered (Fund & Stock-Time) standard-errors in parentheses.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

As can be seen, the coefficients on both presence dummy variables come out positive

and statistically significant, pointing to a bias to buy stocks that are already held in the
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portfolio (or were held before). This result, although not particularly surprising12, shows

that, unconditionally, funds tend to acquire stocks from positions they already hold, rather

than adding new ones to their portfolio.

More importantly, it is crucial for our purpose to make sure that, when being relatively

optimistic (pessimistic) about market outcomes, funds tilt their betas upward (downward)

using stocks that they are already holding in their portfolios. We check that running the

following specifications:

1(Buy)i,j,t = a0 + a11(Presence)i,j,t−1 + a2βCAPM
i,t−1 + a3ABCj,t + a41(Presence)i,j,t−1 × βCAPM

i,t−1

+ a51(Presence)i,j,t−1 × ABCj,t + a6βCAPM
i,t−1 × ABCj,t

+ a71(Presence)i,j,t−1 × βCAPM
i,t−1 × ABCj,t + δj + δi,t + ϵi,j,t

where, as before, 1(Buy)i,j,t refers to the buy dummy variable, 1(Presence)i,j,t−1 is referring

to either the 5Y presence or since inception presence dummy (1(5Y Presence)i,j,t−1 and

1(Inception Presence)i,j,t−1 respectively), βCAPM
i,t−1 denote stock i’s CAPM beta, ABCj,t refers

to active beta change of fund j at time t, δj denotes fund fixed effects and δi,t denotes

stock-time fixed effects. The results can be seen in Table 1.9.

12It could be the outcome of slow position building by mutual funds, or just the fact that funds tend to hold
stocks in their benchmark and not much more beyond that scope.
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Table 1.9: Portfolio Stickiness: Tilting Beta by Buying Stocks Already in Portfolio

Dependent Variable: 1(Buy)i,j,t 1(Buy)i,j,t 1(Buy)i,j,t 1(Buy)i,j,t 1(Buy)i,j,t 1(Buy)i,j,t

Model: (1) (2) (3) (4) (5) (6)

Variables
βCAPM

i,t−1 0.0027∗∗∗ 0.0068∗∗∗

(0.0002) (0.0011)
ABCj,t -0.0011∗∗ -0.0008 -0.0014∗∗∗ 0.0003 0.0002 -0.0006

(0.0005) (0.0005) (0.0005) (0.0012) (0.0013) (0.0013)
1(5Y Presence)i,j,t−1 0.1465∗∗∗ 0.1473∗∗∗ 0.1242∗∗∗

(0.0018) (0.0018) (0.0016)
1(Inception Presence)i,j,t−1 0.0554∗∗∗ 0.0557∗∗∗ 0.0299∗∗∗

(0.0017) (0.0018) (0.0019)
βCAPM

i,t−1 ×ABCj,t 0.0014∗∗∗ 0.0013∗∗∗ 0.0014∗∗∗ −2.1 × 10−5 0.0003 0.0008
(0.0003) (0.0004) (0.0004) (0.0008) (0.0009) (0.0010)

βCAPM
i,t−1 × 1(5Y Presence)i,j,t−1 -0.0112∗∗∗ -0.0115∗∗∗ -0.0109∗∗∗

(0.0011) (0.0011) (0.0011)
βCAPM

i,t−1 × 1(Inception Presence)i,j,t−1 -0.0060∗∗∗ -0.0063∗∗∗ -0.0072∗∗∗

(0.0011) (0.0013) (0.0013)
ABCj,t× 1(5Y Presence)i,j,t−1 -0.0253∗∗∗ -0.0259∗∗∗ -0.0251∗∗∗

(0.0062) (0.0061) (0.0059)
ABCj,t× 1(Inception Presence)i,j,t−1 -0.0026 -0.0023 -0.0023

(0.0016) (0.0017) (0.0015)
βCAPM

i,t−1 ×ABCj,t× 1(5Y Presence)i,j,t−1 0.0276∗∗∗ 0.0275∗∗∗ 0.0248∗∗∗

(0.0055) (0.0054) (0.0053)
βCAPM

i,t−1 ×ABCj,t× 1(Inception Presence)i,j,t−1 0.0034∗∗∗ 0.0027∗∗ 0.0021∗

(0.0011) (0.0011) (0.0012)

Fixed-effects
Stock Yes Yes Yes Yes Yes Yes
Fund No No Yes No No Yes
Stock-Time No Yes Yes No Yes Yes

Fit statistics
Observations 167,107,982 167,107,982 167,107,982 167,107,982 167,107,982 167,107,982
R2 0.09075 0.09741 0.11867 0.01257 0.01920 0.07232

Clustered (Fund & Stock-Time) standard-errors in parentheses.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

In order to understand whether being previously included in the portfolio predicts that

a stock is going to be traded based on a variation in expectations about market returns,

we need to compare the coefficient on βCAPM
i,t−1 × ABCj,t to the one on βCAPM

i,t−1 × ABCj,t

× 1(Presence)i,j,t−1 (whether five year or since inception presence). If funds trade in a

sticky way, and tilt their betas using stocks already in their portfolios, then the latter

coefficient should be way higher in magnitude than the former (and positive), suggesting

that market return chasing is mainly carried out exploiting existing stocks in the portfolio.
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This is indeed what we find across specification with the coefficients on βCAPM
i,t−1 × ABCj,t ×

1(Presence)i,j,t−1 being typically more than 20 times higher in magnitude than the ones on

βCAPM
i,t−1 × ABCj,t (which are even not significant for presence since inception). This validates

the fact that, when actively tilting their betas upward, funds typically use the stocks they

hold (or have held more or less recently) to achieve this shift in exposure.

1.5.6 Alternative Measures of Mutual Fund-level Market Expectations

In this section, we seek to address an important concern about our use of active beta change

as a measure of mutual-fund level market expectations, namely disentangling market chas-

ing from stock picking. Indeed, on top of beta trading (or market chasing), mutual funds

also engage in stock picking activities. When directly exploiting a measure of portfolio beta

variation due to trading, the two choices might partially confound the identification. In

other words, a concern could be that, in a given quarter, a positive active beta change comes

from a few stocks that the mutual fund picks and happen to be high beta stocks rather than

a conscious decision to increase portfolio exposure to market risk. Such a situation would

be uninformative of the mutual fund’s market expectations and yet be associated with a

non-zero (in this example, positive) active beta change.

In order to address this concern, we form two measures related to active beta change

that aim to isolate the variation induced by the fund’s beta trading. Both are within-stock

portfolio measures and are inspired from Bartik (1991) instruments. Note that we do not

engage into an instrumental variable exercise. Instead, we are using Bartik (1991)’s reasoning

to build alternative measures of mutual fund-level expectations.

Goldsmith-Pinkham et al. (2020) lay out the canonical situation of the use of Bartik-like

instruments:

yl = α + β0xl + ϵl

where yl is wage growth in location l, xl is the employment growth rate, and ϵl is a structural
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error term that is correlated with xl . Employment growth can be decomposed as:

xl = ∑
k

zlkglk

where zlk is the share of location l’s employment in industry k, and glk is the growth rate of

industry k in location l. The growth rate can be decompose as

glk = gk + gl + g̃lk

The corresponding Bartik (1991) instrument is then B = ∑k zlkgk.

In our case, we are most interested in a stock-level specification:

αi,t = c0 + c1βi,t−1 + c2ABCi,t−1 + c3βi,t−1 × ABCi,t−1 + ϵi,t

It must be noted we have an additional layer given that a stock’s ABC is the value-weighted

average of the holding funds’ ABCs:

ABCi = ∑
j∈MF

wi,jABCj

ABCj = ∑
k∈Stocks

βk∆qk,j

where ∆qk,j,t =
Wi,j,t/(1+ri,t)

Portj,t/(1+rp
j,t)

− Wi,j,t−1
Portj,t−1

. Wi,j,t is the dollar holdings of stock k by fund j, rit is

the return of stock i, Portj,t is the dollar value of fund j’s stock portfolio and rp
j,t is the return

of fund j’s stock portfolio. ∆qk,j represents the variation of fund j’s holdings of stock k as a

proportion of its stock portfolio and induced by active trading. We can further decompose:

ABCj = ∑
τ∈{Low Beta,High Beta}

∑
k∈Stock Type τ

βk∆qk,j

where the stock type τ ("high beta" or "low beta") plays the role of the industry in Bartik

(1991) reasoning. We can then decompose our holdings growth component into stock

picking and beta trading:

∆qk∈τ,j = ∆qstock picking
k,j + ∆qbeta trading

τ j
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Note that ∆qstock picking
k,j is probably correlated with stock k’s fundamentals as those are (at

least in part) what determines stock picking by a fund, while ∆qbeta trading
τ j only depends on

mutual fund j’s market beliefs and not on a stock’s fundamentals. We, then, define the beta

trading component as:

∆qbeta trading
τ j = Median

k∈Type τ
∆qk,j

The underlying assumption of this empirical strategy is that only extreme values of ∆qk,j

refer to stock picking (a fund picks or unpicks only a few stocks in a given quarter). Thus,

the median value of ∆qk,j across the high (or low) beta stocks of fund j’s portfolio should not

be contaminated by the stock picked (or unpicked) by fund j as those should be reflected by

very high (or low) values of holdings variation.

Finally, we construct an alternative active beta change measure using a threshold θ for

the types (high beta or low beta):

ABCθ
j = ∑

τ∈{{k:βk<θ},{k:βk≥θ}}
∆qbeta trading

t,j ∑
k∈Stock Type τ

βk

To summarize, ABCθ
j is the active beta change of fund j if the fund was changing all his low

beta stock holdings in the same proportions (∆qbeta trading
τ,j where τ is low beta) and its high

beta stocks holdings in the same proportions (∆qbeta trading
τ,j where τ is high beta). Note also

that this measure is a within-stock portfolio active beta change: it does not take cash into

consideration as before. While cash can be an instrument used by the fund to tilt its beta

upwards or downwards, we gain precision by only considering variations in stock holdings

in the construction of the measure.

In order to better grasp the rationale for this proposed measure of active beta change

that corrects for stock picking activities, one can illustrate it with the following example.

Consider Tesla’s stock (which is considered as a high beta stock) in calendar year 2020. Its

market capitalisation was roughly multiplied by 10, and it gained considerable importance

and coverage in the technological sector. This is likely to imply two kinds of behavior from
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mutual funds: some of them are going to buy Tesla as it becomes a trendy stock with great

prospects (which looks like stock picking and will be reflected as a high holdings variation

of Tesla), some others (who previously owned Tesla) may reduce aggressively their Tesla

holdings as their portfolios became too concentrated (which looks like stock "un-picking"

and will be reflected as a low holdings variation of Tesla). This will result into a high active

beta change in the former case, and a low active beta change in the latter case, although

the Tesla trading does not reflect any market expectations. Our correction effectively censor

Tesla’s holdings variation for those funds, and attribute to Tesla the median holdings varia-

tion of the funds’ high beta stocks. This way, Tesla’s specific stock price pattern (which in

turn likely reflected in funds’ trading behavior) does not contaminate ABCθ
j with features

unrelated to market expectations.

In what follows, we look at two thresholds θ. For the first one, we compute the lagged

stock portfolio beta of the mutual fund: θ = β
port
j,t−1, such that

ABCβ
j,t = ∑

τ∈{{k:βk<β
port
j,t−1},{k:βk≥β

port
j,t−1}}

∆qbeta trading
τ j ∑

k∈Stock Type τ

βk

The idea behind it is that any stock with a beta higher than the stock portfolio beta looks

like a high beta stock to the fund manager, and conversely for stocks with betas lower than

the stock portfolio beta.

For the second one, we take θ = 1 as the threshold, such that

ABC1
j,t = ∑

τ∈{{k:βk<1},{k:βk≥1}}
∆qbeta trading

τ j ∑
k∈Stock Type τ

βk

Here, the idea is that buying a stock with beta higher than one can be seen as a way to

over-expose the fund to the market, and conversely for buying a stock with beta lower than

one.

Next, we re-do our main portfolio analysis using those two new measures. As a reminder,
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we double sort stocks along their betas at t (5 portfolios) and their ABCβ (or ABC1) at t (5

portfolios), forming 25 value-weighted portfolios. Then, for each ABCβ bin (1 through 5),

we form the beta anomaly portfolio by going long the low beta portfolio and going short

the high beta one and report the annualized Carhart (1997)-Fama-French four factor alpha

of each portfolio at t + 1.

Table 1.10: Long-Short Beta Anomaly Portfolios’ Alphas for each ABCβ Bin

Beta
Anomaly Alpha T-Stat
Portfolio

ABCβ 1 4.35% 0.971
ABCβ 2 5.89% 1.402
ABCβ 3 6.14% 1.460
ABCβ 4 3.58% 0.839
ABCβ 5 11.52% 2.778

Table 1.10 suggest that the beta anomaly is reflected into statistically significant alphas

only for the two highest ABCβ bins. Moreover, the highest ABCβ beta anomaly portfolio has

the highest alpha and the strongest significance, consistently with the idea that the mutual

funds owning those stocks are the ones whose margin constraint is the most binding, and

thus are over-buying those high beta stocks. This result is very similar to the one displayed

in Table 1.11, which shows the exact same analysis albeit using ABC1 as the mutual fund

belief sorting variable. In Appendix A.4, we also show consistent results for a regular

within-stock portfolio active beta change measure.

49



Table 1.11: Long-Short Beta Anomaly Portfolios’ Alphas for each ABC1 Bin

Beta
Anomaly Alpha T-Stat
Portfolio

ABC1 1 0.51% 0.136
ABC1 2 6.14% 1.472
ABC1 3 1.54% 0.318
ABC1 4 11.52% 2.375
ABC1 5 18.18% 3.843

Moreover, we re-run our main regression using our new measure:

αi,t = c0 + c1βi,t−1 + c2ABCβ
i,t−1 + c3βi,t−1 × ABCβ

i,t−1 + δi + δt + ϵi,t

where we are most interested in the interaction coefficient between beta and ABCβ. We also

run this with ABC1 instead of ABCβ.
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Table 1.12: Predictive Regression, Explaining Stock Alpha using Beta ABCβ/ABC1

Dependent Variables: αi,t αi,t αi,t αi,t

Model: (1) (2) (3) (4)

Variables
βCAPM

i,t−1 -0.0002*** -0.0002*** -0.0002*** -0.0002***
(0.0000) (0.0000) (0.0000) (0.0000)

ABCβ
i,t−1 0.0137*** 0.0145***

(0.0009) (0.0009)
ABCβ

i,t−1 × βCAPM
i,t−1 -0.0028*** -0.0027***

(0.0006) (0.0006)
ABC1

i,t−1 0.0137*** 0.0146***
(0.0009) (0.0009)

ABC1
i,t−1 × βCAPM

i,t−1 -0.0028*** -0.0027***
(0.0006) (0.0006)

Rm,t 0.0024*** 0.0024***
(0.0002) (0.0002)

Fixed-effects
Time FE No Yes No Yes
Stock FE Yes Yes Yes Yes

Fit statistics
Observations 208,630 208,630 208,630 208,630
R2 0.0057 0.0121 0.0058 0.0121

Clustered Bootstrap (at stock level) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 1.12 shows the results of our estimation. Across all our specifications, the inter-

action coefficients are found to be negative and statistically significant. Furthermore, the

magnitude of the interaction is very comparable to the one found for regular active beta

change.

Our analysis thus suggests a strong relationship between investors’ expectations, stocks’
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beta and future returns. It predicts that high beta stocks display low future returns following

periods characterized by optimism on market returns, as constrained investors use them to

increase their market exposure. Our result is robust to different, yet consistent, specifications

of our fund-level expectations variable.

1.6 Extrapolative Beliefs

Throughout our discussion we analyze and stress how investors’ heterogeneous expectations

can generate implications for asset prices and shape the security market line. A natural ques-

tion that might arise is whether our results are consistent with the patterns of non-rational

expectation formation that have been uncovered by modern financial theory. Recent surveys

and experimental studies have consistently shown that individuals’ forecasts of aggregate

of market returns are positively correlated with past returns (Andreassen and Kraus (1990),

De Bondt (1993), Durell (2001), Fisher and Statman (2000), Vissing-Jorgensen (2003), Qiu

and Welch (2004), Bacchetta et al. (2009), Dominitz and Manski (2011), Greenwood and

Shleifer (2014) and Amromin and Sharpe (2014) ), while the financial theory has increasingly

introduced non-standard extrapolative expectations as powerful tools to potentially explain

asset pricing puzzles (Bordalo et al. (2020), Choi and Mertens (2019) and Bouchaud et al.

(2019)).

In this section, we specify a belief formation mechanism, and show some testable impli-

cations that naturally arise from it. Consistently with the literature cited above, we argue

that extrapolative expectations are a good framework to model how mutual funds construct

their market expectations, and hence shape their trading behaviour.

Extrapolation in beliefs implies that investors construct their expectation of future market

returns based on recent market dynamics. This suggests that investors will look to increase

their market exposure more aggressively when past market returns have been particularly

positive. We thus start by cutting our sample along the time series values of the lagged
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market returns into three parts: periods of market returns below the 33rd percentile, periods

of returns between the 33rd and 66th percentile, and those for which market returns were

above the 66th percentiles respectively. Then, we compare the distributions of active beta

change for when past market returns were low (below the 33rd percentile) and when past

market returns were high (above the 66th percentile).

Figure 1.4 provides a visual representation of the difference between the distribution of

active beta change in periods following high versus low market returns. In particular, the

left panel plots an histogram of the distribution of active beta change, while the right one

displays its cumulative distribution function in the two scenarios. Consistently with our

intuition, it appears that the distribution when past market returns were high stochastically

dominates the distribution when past market returns were low: the high distribution is

shifted to the right (towards higher values of active beta change) compared to the low one.

Additionally we run the Kolmogorov–Smirnov test to compare the two, and reject the null

hypothesis of an identical distribution with a p-value below 10−16.

(a) Empirical Distribution (b) Cumulative Distribution Function

Figure 1.4: Distributions of Active Beta Change with High/Low Past Market returns ( between -0.1 and 0.1)

We then connect more precisely active beta change with past market returns running the
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following set of fund-level regressions:

ABCj,t = cj + c1Rm,t−1 + c2Xj,t−1 + ϵj,t

where we use regular ABC, ABCβ and ABC1 as left-hand side variables, X denotes a set

of fund-level controls at t − 1 that includes CAPM beta, fund returns, log of TNA and the

fraction of TNA invested in stocks. According to the extrapolative beliefs theory, we expect

c1 to be positive.

Table 1.13: Predictive Regression, Explaining Active Beta Change with Past Market Returns

Dependent Variables: ABCj,t ABCj,t ABCβ
j,t ABCβ

j,t ABC1
j,t ABC1

j,t

Model: (1) (2) (3) (4) (5) (6)

Variables
Rm,t−1 0.0745*** 0.0777*** 0.0245*** 0.0171*** 0.0233*** 0.0159***

(0.0074) (0.0068) (0.0047) (0.0052) (0.0048) (0.0052)
βCAPM

j,t−1 -0.1210*** -0.1201*** -0.0346*** -0.0348*** -0.0337*** -0.0339***

(0.0017) (0.0018) (0.0018) (0.0017) (0.0018) (0.0017)
Rj,t−1 0.0004 -0.0022 -0.0517*** -0.0473*** -0.0499*** -0.0456***

(0.0065) (0.0065) (0.0043) (0.0046) (0.0045) (0.0046)
Log TNAj,t−1 -0.0003** 0.0048*** 0.0048***

(0.0001) (0.0003) (0.0003)
Stock Port/TNAj,t−1 0.0038* 0.0024* 0.0026*

(0.0020) (0.0013) (0.0014)

Fixed-effects
Fund FE Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 253,145 252,271 253,145 252,271 253,145 252,271
R2 0.0618 0.0624 0.0061 0.0105 0.0058 0.0102

Clustered Bootstrap (at fund level) standard-errors in parentheses.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

As shown in Table 1.13, our results suggest that past market returns are positively
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correlated with active beta change as a measure of beliefs. This holds regardless of the

specific active beta change we use and the controls we add.

After having tested the assumption that mutual fund managers’ market expectation for-

mation mechanism is extrapolative, we single out periods where mutual funds should hold

relatively optimistic expectations on average, and periods where mutual funds should hold

relatively pessimistic expectations on average. We would typically expect the beta anomaly

premium to be particularly strong across the board following high past market returns, and

conversely to be relatively weak/non-existent following low past market returns.

In order to test this, we take back the time series sample cut used for Figure 1.4: periods

of market returns below the 33rd percentile, periods of returns between the 33rd and 66th

percentile, and those for which market returns were above the 66th percentiles respectively.

We look at the returns of beta anomaly portfolios for each active beta change bin when

lagged market returns were above the 66th percentiles (optimistic periods-Table 1.14) and

below the 33rd percentiles (pessimistic periods-Table 1.15). We report the annualized four

factors alphas of each beta anomaly portfolio at t + 1.

Table 1.14: Long-Short Beta Anomaly Portfolios’ Alphas for each Active Beta Change Bin when lagged market
return is above the 66th Percentile

Beta
Anomaly Alpha T-Stat
Portfolio

ABC 1 11.01% 1.888
ABC 2 17.41% 2.730
ABC 3 15.62% 2.461
ABC 4 15.10% 2.454
ABC 5 14.08% 2.550
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Table 1.15: Long-Short Beta Anomaly Portfolios’ Alphas for each Active Beta Change Bin when lagged market
return is below the 33rd Percentile

Beta
Anomaly Alpha T-Stat
Portfolio

ABC 1 0.00% 0.001
ABC 2 -6.91% -0.772
ABC 3 -0.51% -0.068
ABC 4 2.82% 0.338
ABC 5 16.13% 1.973

In Table 1.14, where mutual funds hold optimistic expectations on average, the beta effect

is reflected in all the active beta change bins. This is because virtually all margin constraints

are binding (due to high expectations), generating the high beta stocks over-buying pattern

for the majority of mutual funds, which in turn generates the beta anomaly for essentially

all stocks.

Meanwhile, in Table 1.15, most of the beta anomaly portfolios have alphas statistically

indistinguishable from zero, except for the highest active beta change bin, for which it is

positive and statistically significant. In this time sample, (extrapolative) mutual funds hold

relatively bearish expectations on average, making their margin constraints not binding at

all (and hence no beta anomaly premium is uncovered for the stocks they own). Yet, the few

mutual funds being optimistic (despite the lagged return being low) are located into the fifth

ABC bin, and their expectations generate the beta anomaly premium for the stocks they own.

We also carry out this analysis for the two robust active beta change measures, ABCβ and

ABC1. Table 1.16 presents the results for ABCβ, where the left panel refers to periods where

lagged market return was relatively high (above the 66th percentile), and the right panel

refers to the ones when lagged market return was relatively low (below the 33rd percentile).

Table 1.17 is its counterpart using ABC1.

56



Table 1.16: Long-Short Beta Anomaly Portfolios’ Alphas for each ABCβ Bin across Past Market Returns level

Beta Anomaly Port. Alpha T-Stat Beta Anomaly Port. Alpha T-Stat
for High Rm,t−1 for Low Rm,t−1

ABCβ 1 8.96% 1.671 ABCβ 1 -3.58% -0.419
ABCβ 2 11.78% 2.117 ABCβ 2 7.42% 0.870
ABCβ 3 9.73% 1.452 ABCβ 3 -6.91% -0.774
ABCβ 4 17.41% 2.532 ABCβ 4 2.30% 0.232
ABCβ 5 28.16% 3.888 ABCβ 5 15.10% 1.604

Table 1.17: Long-Short Beta Anomaly Portfolios’ Alphas for each ABC1 Bin across Past Market Returns level

Beta Anomaly Port. Alpha T-Stat Beta Anomaly Port. Alpha T-Stat
for High Rm,t−1 for Low Rm,t−1

ABC1 1 9.73% 1.781 ABC1 1 -3.07% -0.349
ABC1 2 11.01% 1.969 ABC1 2 9.47% 1.105
ABC1 3 9.73% 1.440 ABC1 3 -4.35% -0.508
ABC1 4 17.92% 2.630 ABC1 4 1.54% 0.154
ABC1 5 29.18% 4.075 ABC1 5 16.13% 1.560

As with regular active beta change, Table 1.16 shows that the beta effect is virtually

present for all ABCβ bins when past market returns were high, although it is stronger and

more significant for the highest bins (which is line with our theory). Meanwhile, it’s missing

when past market returns were low, although the beta anomaly portfolio displays an alpha

that is close to be significant for stocks exposed to the most optimistic mutual funds (the

last ABCβ bin).

The analysis for ABC1 in Table 1.17 shows very similar results to the ABCβ analysis. The

beta effect tend to be present when past market returns were high and absent when past

market returns were low (although the alpha of the last ABC1 bin is close to be significant).

Overall, this analysis shows that our belief narration and its effect on the beta anomaly is

consistent with a model of extrapolative beliefs formation for investors. Indeed, if investors
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are extrapolative, periods following good market performance push them to be more

optimistic about future prospects on average, thus triggering a desire for higher exposure

to market risk, which in turn translates into a ubiquitous beta anomaly. On the contrary,

periods characterized by lower past market returns lead to a more pessimistic feeling about

the market, resulting in the anomaly (almost) disappearing.

1.7 Mutual Fund Returns Prediction

In the previous sections we showed how mutual funds’ expectations and the associated

buying behaviour could generate cross-sectional predictions for stock returns and the beta

anomaly. In particular, high beta stocks held by relatively optimistic mutual funds tend to

experience lower alphas going forward.

In this section we move one step further: we investigate the real effects of fund beliefs on

their returns. More specifically, we look at whether our stock level predictions go hand in

hand with fund returns dynamics: the market tilting behavior of mutual funds should also

have predictive power for mutual funds’ returns. Indeed, if a fund is relatively bullish and

buys high beta stocks that happen to be bought by other bullish investors as well, then this

stock is predicted to earn low alpha going forward, and so should the funds that own this

stock. In other words, mutual funds returns should reflect the dynamics of the stocks they

trade, the more so the higher the behavioral coordination between investors’ trading. The

key point is that the other investors holding the stock should be relatively bullish as well

(and have their margin constraints bind) for the stock to run a meaningfully lower alpha,

and this effect to translate into the fund’s alpha.

According to the extrapolative beliefs theory discussed in the previous section, investors

in general should be relatively optimistic when past market returns are high. Then, the

average mutual fund wants to increase its market exposure, which makes its margin con-

straint binding, and leads it to over-buy high beta stocks. If sufficiently many investors
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of a given high beta stock follow this pattern (which, as argued above, typically happens

when past market returns were high), then, this stock should run meaningfully low alpha

going forward, which should in turn translate into the alphas of the funds buying it. Taking

stock, a high active beta change by mutual fund j should be associated with negative returns

going forward exactly when market sentiments were particularly optimistic, i.e. in periods

following relatively high market returns.

To test this theory, we run the following panel regression at the fund-time level:

αj,t = c0 + c1ABCj,t−1 + c2Rm,t−2 + c3ABCj,t−1 × Rm,t−2 + ϵj,t

where αj,t is fund j’s daily four factor alpha. We estimate the above regression both using the

baseline ABC, ABCβ and ABC1. The interaction coefficient between the active beta change

and the past market return is expected to be negative as it is exactly when past market

return is high that many investors hold optimistic expectations and bid up high beta stocks.

This in turn translates in low alphas for the funds following this buying pattern (those with

high active beta change).
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Table 1.18: Predictive Regression, Explaining Mutual Funds’ Alphas using Active Beta Change and past
Market Returns

Dependent Variables: αj,t αj,t αj,t αj,t αj,t αj,t

Model: (1) (2) (3) (4) (5) (6)

Variables
ABCj,t−1 0.0001*** 0.0001***

(0.0000) (0.0000)
ABCj,t−1 × Rm,t−2 -0.0007*** -0.0014***

(0.0002) (0.0005)
ABCβ

j,t−1 0.0000* 0.0000

(0.0000) (0.0000)
ABCβ

j,t−1 × Rm,t−2 -0.0011*** -0.0026***

(0.0002) (0.0004)
ABC1

j,t−1 0.0000** 0.0000
(0.0000) (0.0000)

ABC1
j,t−1 × Rm,t−2 -0.0012*** -0.0027***

(0.0002) (0.0004)

Fixed-effects
Fund FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 229,873 58,992 229,873 58,992 229,873 58,992
R2 0.0784 0.0871 0.0786 0.0889 0.0786 0.0889
Funds (% Stocks in Port.) Any > 95% Any > 95% Any > 95%

Clustered Bootstrap (at fund level) standard-errors in parentheses.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

The results are displayed in Table 1.18. As one can see, the interaction coefficient between

past market returns and the various definitions of ABC indeed comes out as negative and

statistically significant across specifications, thus providing evidence in favor of the idea

that market chasing can be harmful for fund performance. Moreover, it’s interesting to

note that the magnitude is doubled when restricting to funds with at least 95% of their

assets invested in stocks. This is consistent with the idea that funds having limited dry

powder face a tighter portfolio constraint, leading them to engage more aggressively in the
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acquisition of high beta stocks.

1.8 Momentum, Expectations and Asset Pricing

In our work, we fundamentally study how investors’ expectations determine market dynam-

ics and asset pricing anomalies. Until now, our main focus has been on market expectations

as the market factor represents the cornerstone of any factor model that explains returns. We

now move on to show how a very similar approach can be deployed to analyze the implica-

tions of expectations on momentum. Momentum is a both a well known, significant/strong

return factor and an intuitive trading concept in terms of investors’ desire to bet on stocks

that have best performed in the recent past. It is thus natural to think that investors trade

based on their expectations of momentum in returns in a very similar manner as they trade

on expectations about market returns.

In the same way as we did for market beliefs in Section 1.4.2, we construct a portfolio-

based measure of investors momentum beliefs, which we label as ABCMOM
i,t−1 . ABCMOM

i,t−1

measures the active variation in investors exposure to momentum beta (βMOM) in their

portfolio. Coherently with what we discussed in Section (1.5.1), a positive (negative) ac-

tive variation in momentum beta can be thought of as a measure of investors’ optimism

(pessimism) on aggregate momentum strategies. Expectation-induced portfolio rebalancing

should thus predict lower returns going forward for stocks that are exposed to such dynam-

ics.

In order to illustrate this point, we run the following regression:

αi,t = c0 + c1βMOM
i,t−1 + c2ABCMOM

i,t−1 + c3βMOM
i,t−1 × ABCMOM

i,t−1 + δi + δt + ϵi,t

where αi,t is stock i’s four factor alpha, ABCMOM
i,t−1 is stock i’s exposure to active momentum-

beta change by its investors at time t − 1, and βMOM
i,t−1 is stock i’s UMD/momentum beta. For

robustness purposes, we also run this regression with the interaction between the regular
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(CAPM) active beta change and CAPM beta ABCi,t−1 × βCAPM
i,t−1 , and we include volatility

controls.

Results are displayed in Table 1.19. Interestingly, and consistently with the beliefs

mechanism outlined for market expectations, the interaction term between momentum beta

and active beta change is found to be negative and statistically significant. Our estimation

suggests that momentum stocks previously exposed to optimistic investors (or investors

with a positive momentum active beta change) tend to experience negative alpha going

forward. Columns (4) and (5) further show that the momentum beliefs effect coexist with

our previous market beliefs effect, represented by the interaction between CAPM beta and

regular active beta change. Market and momentum are two factors that are inherently

different in nature: while forming beliefs on market returns implies having expectations

about the time series variation of aggregate stock performance, forming expectations on

momentum implies having a belief regarding the best recent performers versus worst recent

performers in the cross-section of stock returns. It is thus crucial to show that both time

series (market) beliefs and cross-sectional (momentum) beliefs are priced in. Table A.3 in

Appendix A.5 adds the funding constraint channel of Frazzini and Pedersen (2014), and

show that this momentum active beta change effect co-exists with the funding constraint one.

This is consistent with the idea that those high momentum beta stocks were over-bought

and thus subsequently mean-revert. By studying a risk factor that is orthogonal to the

market and over which investors can build expectations, this result generalizes the effect

of investors’ expectations on asset prices. In particular, it showcases the cross-sectional

predictability power of past expectations on stock performance.
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Table 1.19: Predictive Regression, Explaining Stock Alpha using MOM Beta and MOM Active Beta Change

Dependent Variables: αi,t αi,t αi,t αi,t αi,t

Model: (1) (2) (3) (4) (5)

Variables
ABCMOM

i,t−1 -0.0008*** -0.0008*** -0.0001 -0.0001 -0.0002
(0.0003) (0.0003) (0.0003) (0.0003) (0.0003)

βMOM
i,t−1 -0.0001*** -0.0001*** -0.0001*** -0.0001*** -0.0001***

(0.0000) (0.0000) (0.0000) (0.0000) (0.0000)
ABCMOM

i,t−1 × βMOM
i,t−1 -0.0012*** -0.0012*** -0.0015*** -0.0015*** -0.0014***

(0.0003) (0.0003) (0.0003) (0.0003) (0.0003)
ABCi,t−1 0.0032*** 0.0033***

(0.0009) (0.0009)
βCAPM

i,t−1 -0.0002*** -0.0002***
(0.0000) (0.0000)

ABCi,t−1 × βCAPM
i,t−1 -0.0016** -0.0016**

(0.0007) (0.0007)
Rm,t−1 0.0022*** 0.0022***

(0.0001) (0.0001)
Stock Vol.i,t−1 -0.0113**

(0.0046)
Idio. Vol.i,t−1 0.0299***

(0.0047)

Fixed-effects
Stock FE No Yes Yes Yes Yes
Time FE No No Yes Yes Yes

Fit statistics
Observations 206,160 206,160 206,160 206,160 206,160
R-squared 0.0029 0.0031 0.0095 0.0106 0.0140

Clustered Bootstrap (at stock level) standard-errors in parentheses.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

In essence, momentum investing is about stock return chasing, or, in other words, buying

(selling) over-performing (under-performing) assets. While the concept of market beta is
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widely known and used by even the most unsophisticated investors, that is not necessarily

true for (four factor) momentum beta. Nonetheless, our identification does not require

investors to have a precise understanding of what momentum exposure means. In fact, as

long as money managers act as if they could identify momentum-exposed stocks (and they

are correct on average), they would implicitly reveal their desire to load on such factor. In

that spirit, rather than acting on the basis of a precise measure of momentum beta, they

could be using simpler proxies, the most natural of which is past stock return, to determine

which stock to buy/sell when being optimistic/pessimistic.

We thus run this similar regression:

αi,t = c0 + c1Ri,t−2 + c2ABCMOM
i,t−1 + c3Ri,t−2 × ABCMOM

i,t−1 + δi + δt + ϵi,t

where we replace the interaction between momentum ABC and momentum beta by the

interaction between momentum ABC and past stock return, and the results are displayed in

Table 1.20. This interaction coefficient is indeed found to be statistically negative, validating

the fact that stocks which over-performed in the past and are exposed to momentum

optimism tend to display a negative alpha (or mean-reversion) going forward.
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Table 1.20: Predictive Regression, Explaining Stock Alpha using MOM Active Beta Change and Past Stock
Return

Dependent Variables: αi,t αi,t αi,t αi,t

Model: (1) (2) (3) (4)

Variables
ABCMOM

i,t−1 -0.0005* -0.0004 0.0002 -0.0000
(0.0003) (0.0003) (0.0003) (0.0003)

Stock Returni,t−2 -0.0003*** -0.0004*** -0.0003*** -0.0003***
(0.0000) (0.0000) (0.0000) (0.0000)

ABCMOM
i,t−1 × Stock Returni,t−2 -0.0075*** -0.0074*** -0.0086*** -0.0080***

(0.0013) (0.0014) (0.0015) (0.0015)
Rm,t 0.0021*** 0.0020***

(0.0001) (0.0001)
Stock Vol.i,t−1 -0.0277***

(0.0032)
Idio. Vol.i,t−1 0.0456***

(0.0033)

Fixed-effects
Stock FE No Yes Yes Yes
Time FE No No Yes Yes

Fit statistics
Observations 198,544 198,544 198,544 198,544
R2 0.0028 0.0037 0.0093 0.0131

Clustered Bootstrap (at stock level) standard-errors in parentheses.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

After showing how momentum beliefs are reflected into stocks’ returns, we now move

on to better understanding the process of momentum expectations formation. In Section 1.6

we discussed how our market belief measure is consistent with extrapolative expectation

formation theory. In particular we showed that active beta change could be explained by

past market returns. We now provide evidence that momentum beliefs are correlated with

past momentum factor returns.
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To that end, we run the following fund-level regression:

ABCMOM
j,t = cj + c1RMOM

t−1 + c2Xj,t−1 + ϵj,t

where RMOM
t−1 denotes past momentum factor return, X denotes a set of fund-level controls

at t − 1 that includes fund returns, momentum beta, log of TNA and the fraction of TNA

invested in stocks. The extrapolative expectations theory would predict a positive c1.

Table 1.21: Predictive Regression, Explaining Fund-level MOM Active Beta Change with Past Momentum
Factor Returns

Dependent Variables: ABCMOM
j,t ABCMOM

j,t ABCMOM
j,t

Model: (1) (2) (3)

Variables
RMOM

t−1 0.0436*** 0.1898*** 0.1924***
(0.0022) (0.0044) (0.0040)

Rj,t−1 0.3393*** 0.3417***
(0.0077) (0.0081)

βMOM
j,t−1 -0.3063*** -0.3056***

(0.0050) (0.0055)
Log TNAj,t−1 -0.0015***

(0.0003)
Stock Port/TNAj,t−1 0.0007

(0.0014)

Fixed-effects
Fund FE Yes Yes Yes

Fit statistics
Observations 317,318 317,318 316,076
R2 0.0006 0.1708 0.1716

Clustered Bootstrap (at fund level) standard-errors in parentheses.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Results are presented in Table 1.21. As predicted, the coefficient on past momentum

factor return is positive and statistically significant across specifications, validating the

extrapolative behavior theory according to which an investor is more optimistic about

momentum stock returns following high momentum factor returns.

As discussed above, fund managers could also act on simpler proxies than the ones

related to the aggregate momentum factor in order to form their beliefs. If their proxy is

past stock return, then a strong performance of the stocks they own should lead them to

be optimistic about momentum prospects. Thus, their recent portfolio return should be

positively related to their momentum expectation. This intuition is confirmed by Table 1.21

(Columns (2) and (3)), where the coefficient on past fund return is found to be statistically

positive.

On the one hand, this section shows that that the methodology developed in this paper

to elicit market beliefs at fund-level can be used to proxy for expectations on other factors,

such as momentum. On the other, we argue that the relevance of investors expectations in

explaining asset pricing dynamics is not confined to market beliefs alone. Indeed, investors

constantly form expectations on various trading strategies, whether it is market chasing

or momentum, and trade accordingly. Those expectations thus provoke meaningful asset

pricing dynamics, and have implications for the cross-section of stock returns.

1.9 Conclusion

Understanding the role of investors’ expectations in shaping the demand for assets is of

crucial importance to explain stock price patterns and anomalies. Market returns represent

the cornerstone of any model that describes stock returns in terms of exposure to risk factors.

Consistently, expectations of market returns represent a natural primitive on which investors

base investment decisions. We thus investigate how investors expectations about market

returns affect the relative returns of assets characterized by different betas and the shape
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of the security market line. The beta anomaly has attracted considerable interest from the

academic literature since the 1970’s, although its connection to investors’ trading behavior

and portfolio construction has traditionally been overlooked.

We first document a strong pattern of correlation between the time series return of

a betting-against-beta portfolio (a long-short equity portfolio constructed taking a long

position in low-beta stocks and a short position in high-beta ones) and investors expectations

of market returns. We argue that such evidence is consistent with leverage constrained

investors attempting to tilt their market exposure upwards when optimistic on market

returns. In other words, whenever they expect the market to deliver highly positive returns,

they would overweight high beta stocks, thus generating negative alpha going forward.

Then, our work provides a theoretical framework to interpret the interaction of investors’

heterogeneous expectations and portfolio constraints in shaping the cross-section of stock

returns together with the time-series evolution of the slope of the security market line. This

stems from investors tilting their market exposure upwards or downwards according to

their beliefs. Our model also motivates the construction of active beta change as a fund-level

measure of market expectations, which can be further corrected for stock picking activities

carried out by mutual funds.

We empirically document that, consistently with our theoretical predictions, stocks

owned by over-optimistic mutual funds tend to display a much stronger beta anomaly

premium. This effect is generated in our model by the interaction of margin constraints and

investors’ market returns expectations, which lead optimistic investors to bid up the high

beta stocks they own. Our empirical evidence co-exists with more traditional explanations

of time-varying margin constraints affecting the other side of the trade. Moreover, we show

that our active beta change belief measure also carries predictive power for fund returns, as

over-optimistic funds engage into high beta stocks’ trading that proves an inefficient way to
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tilt their market exposure upwards.

Finally, in the last part of the paper, we generalize our analysis on investors’ expectations

and their asset pricing implications. We thus construct a fund-level measure of momentum

return expectations based on the one we exploit to elicit market beliefs. We then show

how momentum expectations, summarized by active variation in momentum beta, have

significant implications for stock prices: momentum stocks previously exposed to optimistic

investors tend to experience negative alpha going forward.
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Chapter 2

Trading Around Core Positions 1

2.1 Introduction

The analysis of how funds’ trading and portfolio structure respond to flows represents a cru-

cial step towards interpreting their role in the financial system. Understanding institutional

investors’ portfolio rebalancing and asset liquidation dynamics in response to ouflows is

of vital importance to shed light on shocks transmission mechanisms in markets and asset

prices. The emergence of large correlated movements in asset prices, broadly labelled as

risk-on vs risk-off dynamics, together with the growth of large institutional investors, French

(2008), Stambaugh (2014) and Kim (2020), has naturally raised questions on the role of large

money managers in amplifying market fluctuations. As funds liquidate their portfolios

when experiencing outflows (Ben-David et al. (2018)), concentration of assets, testified by

the fact that the ten biggest institutional investors have quadrupled their US stock holdings,

Ben-David et al. (2021), might represent a serious systemic risk for markets.

In this paper, we study the selling and liquidation decisions by mutual funds when

exposed to outflows and their asset pricing implications. Funds have clear strategies and, as

described by Antón et al. (2021), they display a defined set of high conviction, long standing

1Co-authored with Pierre Jaffard
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and well known positions on which they trade effectively. Consistently with practitioners,

we label such stocks core positions, that ought to be distinguished from managers’ side bets,

or low conviction positions which we define as satellite positions. We show that outflows (in-

flows) have major impact on funds’ portfolio structure and composition and that, contrary to

standard financial theory, fund managers display a strong pecking order in liquidating their

positions. In particular, they respond to outflows by consolidating their portfolio towards

their highest conviction positions, core positions, while trimming their exposure to their

satellite positions, i.e. their portfolio’s side bets. This pattern has profound implications both

for funds’ portfolio structure across different phases of the flow cycle and for the return pro-

cesses of the underlying stocks. Stocks that are relatively more core in funds’ portfolios are,

at least partially, insulated from liquidation dynamics induced by outflows. They thus have

desirable properties in periods of market turbulence by maintaining higher level of liquidity

and displaying relatively higher returns conditional on their investors suffering redemptions.

While the analysis of the drivers and the real effects of institutional fund flows have

attracted an extensive literature, little attention has been dedicated to understanding their

portfolio implications and how funds trade in reaction to them. Open-End funds are con-

stantly subject to outflows/inflows depending on their performance, rating and volatility

(Berk and Green (2004), Del Guercio and Tkac (2008), Bu and Lacey (2013), Agarwal et al.

(2018). Shleifer (1986), Warther (1995), Edelen and Warner (2001), Teo and Woo (2004),

Coval and Stafford (2007), Frazzini and Lamont (2008), Deuskar and Johnson (2011) and

Ben-Rephael et al. (2011) show that mutual fund flows generate contemporaneous price

pressure and potential reversion in the following period, while Lou (2012) finds that trading

induced by flows has predictive power for funds’ portfolio stocks. Finally Kim (2020) studies

fund flows risk premium and how it interacts with liquidity risk.

As mutual funds only hold a small fraction of their total assets in cash (3-6%), are

both prohibited from short selling and limited in their borrowing abilities when in distress,
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their redemptions often translate into stock sales, Dubofsky (2010). In a standard portfolio

allocation problem, fund flows only affect the dimension of the overall portfolio, but not

the relative weights of the assets within it. In reality, we document that, when in need

to liquidate assets, fund managers selectively sell stocks. We show that mutual funds,

when experiencing withdrawals, sell proportionally less their core holdings, i.e, those high

conviction positions that represent the fulcrum of their portfolio. We characterize core

positions by two attributes, namely Interim Return and Longevity. Interim return is the

theoretical/paper return on a position, while longevity is a weighted average of the length

of time for which each stock has been present in a fund’s portfolio. In a revealed preference

approach, we think of interim return and longevity as two portfolio measures of long-term

conviction and knowledge of a given position. Interim return represents both a result and

a by-product of manager’s conviction towards a stock. On the one hand, fund managers

are skilled in picking their best ideas (Antón et al. (2021)) on which they tend to perform

well. On the other, in a sort of hot hand fallacy, the better a manager performs on a position,

the more confident she gets about her pick and her ability to trade it efficiently. Longevity

meanwhile is a pure choice variable from the manager, that directly measures the length of

her track-record with the position, and proxies for the desire to hold it for the long-term.

Interestingly this behavior is inconsistent with spontaneous liquidation patterns displayed

by individual investors such as disposition effects, Weber and Camerer (1998), Henderson

(2012), Magnani (2015), as they would predict fund managers to sell their best performing

stocks, i.e. those with higher paper returns.

In the first part of our paper we show that fund flows have implications for portfolio

concentration and the number of positions in portfolio. In other words, outflows (inflows)

result in a more concentrated portfolio and push managers to close (open) existing (new)

positions. This phenomenon is inconsistent both with standard portfolio theory, that sug-

gests that managers should adjust each existing position proportionally to the amount of

assets they can deploy, and with models in which investors face research costs associated to
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maintaining multiple positions open in their portfolio, as they imply that once new inflows

occur managers would re-acquire the same assets that they previously sold as them as

display the best risk-reward profile. This evidence, instead, suggest that investors that

investors display time-varying confidence towards stocks as a function of flows they receive.

We thus develop a model, inspired by Gabaix and Koijen (2021), that shed light on the asset

pricing implications of fund flows. In particular it discusses how time varying confidence

towards stocks, modelled in the spirit of Gennaioli et al. (2015), implies that high confidence

positions are traded countercyclically with respect to the flow cycle and how this pattern of

trading results in a stabilizing effect of core stock pricing and lower beta. When outflows are

sufficiently large funds consolidate their portfolio towards their core stocks only, completely

dropping their satellite positions. Our model also suggests two natural proxies to identify

core from satellite positions in a fund’s portfolio, namely interim return and longevity. To

illustrate the mechanism we can think of a fund holding two stocks in its portfolio. One has

been hold for the long term, is a high conviction position, has contributed to differentiating

the fund from its competitors and has been traded successfully by the manager. The other

instead has been recently added as a side bet to potentially increase diversification and

eventually add risk to the portfolio. Once the fund manager receives outflows she is forced

to sell part of its portfolio. As the opportunity cost of being long assets for which the

conviction is relatively low and for which she has a relatively short history of trading, she

will consolidate its portfolio towards her core positions while dropping its satellite ones.

Consequently she will eventually trade countercyclically core positions thus acting as a

counterbalance to potential selling pressure.

We then provide the empirical evidence for the mechanism described in our simple

model by showing that core positions get shielded from liquidation dynamics induced by

outflows and we argue that our findings have powerful implications for understanding the

cross section of stock returns. In particular our identification relies on comparing how the

same stock, held by two different funds, one for which it is core and one for which it is
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satellite, gets differentially sold when they experience outflows. Funds for which the stock is

core, tend to preserve such stock when experiencing outflows, compared to funds for which

it is satellite. As flows tend to be correlated across funds, the relative positioning of stocks

in investors portfolio determines how they will respond to periods of high market volatility

and its correlation with the broad market. Stocks that are relative more core (satellite) are less

(more) aggressively sold by mutual fund investors when experiencing outflows. They will

thus display a lower (higher) flow beta and as flows are a function of market returns a lower

(higher) beta with respect to the aggregate stock market. Moreover as outflows increase in

presence of larger volatility, core (satellite) will display a higher coskewness.

Our work contributes to three main areas of research. First, our paper directly speaks to

the literature on institutional investors’ portfolio composition and trading behavior. From a

static portfolio construction perspective, the idea that fund managers display heterogeneous

level of conviction towards different part of their portfolios and they are generally good in

picking their best ideas (Antón et al. (2021)) is well established in the literature. They don’t

treat all their positions as equal and they experience gains from specialization, Cremers and

Petajisto (2009), Shumway et al. (2009), Pomorski (2009), Wermers et al. (2012), Jiang et al.

(2014), and Chan et al. (2002) . Although, from the perspective of maximizing risk adjusted

returns, fund portfolios should comprise only high conviction stocks on which the manager

holds superior information due to specialization (Van Nieuwerburgh and Veldkamp (2010),

Wermers (2000), Chen et al. (2000), Cohen et al. (2002), Massa et al. (2010), Kacperczyk et al.

(2005)), due to the nature of their compensation and to the reward they get for diversifica-

tion, fund managers have incentive to include in their portfolio positions whose ability to

generate alpha they don’t believe in. From a trading perspective, the literature has shown

that investors use heuristics and are affected by behavioral biases, although mainly focusing

on retail investors and generally unsophisticated market participants, Barber and Odean

(1999), Grinblatt and Keloharju (2000), Griffin et al. (2003), Barber et al. (2009), Kaniel et al.

(2011), Kelley and Tetlock (2011) and Strahilevitz et al. (2011). Retail investors display limited
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attention (Barber and Odean (2008), Li et al. (2021)), overconfidence (Barber and Odean

(2001)) and tend to be averse to losses (Larson et al. (2016)) and regrets (Gazel (2015)). On

the contrary, relatively little has been written on the institutional investors side. Wermers

(1999) documents mutual funds herding behavior, especially in trading small stocks, Hong

et al. (2005) shows that fund managers in the same city tend to trade in a correlated way,

finally Akepanidtaworn et al. (2021) argues that although fund managers display skills in

selecting stocks and buying them, their selling decisions underperform substantially

Secondly our work contributes to the debate on the real effects and asset pricing conse-

quences of fund flows. From an empirical stand point, fund flows have been proven relevant

both in explaining security returns and volatility. Unexpected fund flows are strongly

correlated to aggregate securities returns (Warther (1995)), generate temporary price pres-

sure (Lou (2012)) and account for a significative portion of market variance (Deuskar and

Johnson (2011)) . Coval and Stafford (2007), instead, analyze asset fire sales from mutual

funds suggesting that outflows (inflows) forcing a contraction (expansion) of funds port-

folios create price pressure in the securities mutual funds hold. Moreover fund flows can

propagate liquidity shocks and increase non-fundamental volatility of securities (Ben-David

et al. (2018)). From a theoretical standpoint, instead, Gabaix and Koijen (2021) develop a

framework that shed lights on how institutional investors constraints result in a low elasticity

of demand of the aggregate stock market and a consequently large impact of flows on prices.

Finally by analyzing the implications of heterogeneous placement in investors’ portfolio

between core and satellite positions, we contribute to the study of the outcomes of fire sales

in financial markets (Shleifer and Vishny (1992)) and of portfolio segmentation in equity

markets. In particular Greenwood and Thesmar (2011) discuss the relationship between

ownership structure of financial assets, its exposure to non-fundamental demand shifts

(which they label as fragility) and asset pricing dynamics. Anton and Polk (2014) instead

analyze how shared ownership causes excess comovement across stock prices.
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The paper is organized as follows. Section 2.2 provides background on the data used.

Section 2.3 provide some motivating empirical facts inconsistent with standard portfolio

theory. Section 2.5 provides empirical evidence highlighting mutual funds’ trading behavior,

while Section 2.6 provides a placebo analysis around it. Section 2.7 provides asset pricing

implications consistent arising from core position trading. Section 2.8 provides evidence on

how a core position is determined. Finally, Section 2.9 provides concluding remarks.

2.2 Data

In our empirical analysis, given that we are studying active trading behavior, we mainly

focus on domestic actively managed open-end stock mutual funds, for which holdings data

are more reliable, and we use an index funds sample for robustness purposes. Our fund

selection follows Kacperczyk et al. (2014).

We then use data from the Center for Research on Security and Prices (CRSP) Survivor-

ship Bias Free Mutual Fund Database that provides us with information on fund returns,

assets under management and other fund-specific characteristics. We then merge it with

information coming from Thomson Reuters s12 Master file for mutual stock holding and

with stock price and return data from CRSP.

We then get information on market returns and factors (which we exploit to calculate

stocks risk adjusted returns from Carhart (1997)’s four factor model) from the Kenneth

French Data Library. Finally, we obtain analysts’ earnings expectations data from I/B/E/S.

Our sample periods ranges from 2004 to 2020, as the systematic collection of mutual fund

portfolio information at a quarterly level starts in the last quarter of 2003.
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2.3 Motivating Empirics: Fund Portfolio Formation and Flows

Standard portfolio construction theory predicts that investors construct their portfolio by

choosing their holdings and relative weights trough a mean-variance optimization problem.

Relative weights across assets change only in presence of additional information or a varia-

tion in the investment opportunity set, in absence of which the portfolio is just scaled up or

down as a response to cash inflows or outflows respectively. The relative weight of assets in

portfolio and its concentration is thus independent from both the scale of the portfolio and

the flows it is exposed to.

Things are very different empirically. We start our work by providing evidence that

portfolio structure is significantly time varying and that investors consolidate their port-

folio/close some positions when receiving outflows and that they diversify their portfo-

lio/open new positions when receiving inflows.

We first study whether the number of positions in the stock portfolio varies with the

flows received by the holding fund. We thus run the following set of specifications:

∆Positionsj,t = a0 + a1Flowsj,t + Xj,t + γj + γt + ϵj,t

Opening Positionsj,t = a0 + a1Flowsj,t + Xj,t + γj + γt + ϵj,t

Closing Positionsj,t = a0 + a1Flowsj,t + Xj,t + γj + γt + ϵj,t

(2.1)

where Xj,t includes fund returns, market returns and lagged fund turnover as controls, γj

and γt denote fund and time fixed effects, and the three left-hand side variables are defined

as:

∆Positionsj,t =
#Openingsj,t − #Closingj,t

#Positionsj,t−1

Opening Positionsj,t =
#Openingsj,t

#Positionsj,t−1

Closing Positionsj,t =
#Closingj,t

#Positionsj,t−1
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and #Openingsj,t refers to the number of newly opened positions by fund j between t − 1

and t, #Closingj,t refers to the number of closed positions by fund j between t − 1 and t and

#Positionsj,t−1 is the total number of newly positions in fund j’s portfolio at t − 1. Table 2.1

display the regression results for this specification.

Table 2.1: Effect of Flows on Positions Openings/Closings

Dependent Variable: ∆Positionsj,t ∆Positionsj,t Opening Positionsj,t Opening Positionsj,t Closing Positionsj,t Closing Positionsj,t

Model: (1) (2) (3) (4) (5) (6)

Variables
Flowsj,t 0.0214*** 0.0126*** 0.0166*** 0.0113*** -0.0073 -0.0062***

(0.0022) (0.0014) (0.0020) (0.0014) (0.0054) (0.0017)
Turnoverj,t−1 -0.0563 -0.1581** 0.0973*** 0.0691** 0.3979*** 0.2990***

(0.0683) (0.0651) (0.0340) (0.0292) (0.0716) (0.0333)
Rj,t -0.0020 -0.0022*** -0.0005 -0.0015** 0.0040 0.0003

(0.0014) (0.0007) (0.0015) (0.0006) (0.0027) (0.0054)
Rm,t -0.0224 -0.0339 0.0353

(0.0433) (0.0326) (0.1205)

Fixed-effects
Fund FE Yes Yes Yes Yes Yes Yes
Time FE No Yes No Yes No Yes

Fit statistics
Observations 333,038 333,038 333,038 333,038 333,038 333,038
R2 0.0647 0.1167 0.1990 0.2252 0.1349 0.2538

Clustered (Fund & Time) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Intrestingly, we find a positive coefficient on flows for ∆Positions and Opening Positions

and a negative one for Closing Positions. This means that inflows tend to increase the

number of positions in a portfolio, while outflows tend to decrease that number, which is

not consistent with a standard scaling of the stock portfolio with the flows received.

Next, we turn to whether portfolio concentration also varies with flows as a result of a

differential trading from mutual funds. We use two measures of concentration, the first one

is the Herfindahl–Hirschman index (HHI) defined as:

HHIj,t = ∑
i

(
PiQij

Wj

)2
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where PiQij
Wj

is the weight of stock i in fund j’s portfolio. Note that an increase of portfolio

HHI is related to an increase in portfolio concentration. The other measure is the entropy

defined as:

Entropyj,t = −∑
i

PiQij

Wj
log
(

PiQij

Wj

)
Note that an increase in Entropy is associated to a decrease in portfolio concentration. In

order to test our portfolio concentration predictions, we run the two specifications:

∆HHIj,t = a0 + a1Flowsj,t + Xj,t + γj + γt + ϵj,t

∆Entropyj,t = a′0 + a′1Flowsj,t + Xj,t + γj + γt + ϵj,t

(2.2)

where Xj,t includes fund returns and lagged fund turnover as controls while γj and γt

denote fund and time fixed effects. The results are shown in Table 2.2.
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Table 2.2: Effect of Flows on Portfolio Concentration

Dependent Variable: ∆HHIj,t ∆HHIj,t ∆HHIj,t ∆Entropyj,t ∆Entropyj,t ∆Entropyj,t

Model: (1) (2) (3) (4) (5) (6)

Variables
Flowsj,t -0.0004*** -0.0003*** -0.0004*** 0.0215*** 0.0217*** 0.0211***

(0.0001) (0.0001) (0.0001) (0.0026) (0.0028) (0.0026)
Turnoverj,t−1 0.0050*** -0.2207***

(0.0014) (0.0324)
Rj,t 0.0006 0.0257

(0.0013) (0.0213)
Constant 0.0001 0.0001*** -0.0003*** -0.0017 -0.0017*** 0.0156***

(0.0001) (0.0000) (0.0001) (0.0024) (0.0001) (0.0025)

Fixed-effects
Fund FE No Yes Yes No Yes Yes
Time FE No Yes Yes No Yes Yes

Fit statistics
Observations 319,192 318,783 308,177 319,192 318,783 308,177
R2 0.0002 0.0405 0.0416 0.0013 0.0359 0.0425

Clustered (Fund & Time) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table 2.2 shows that flows negatively affect portfolio’s HHI (Column 1 to 3) and posi-

tively affect portfolios’ entropy. This suggests that inflows are associated with a reduction in

portfolio concentration while outflows, on the contrary, result in higher portfolio consolida-

tion. Table 2.3 shows that the result that links portfolio concentration to fund flows is not

driven by extreme events but rather pretty monotonic. In other words, Table 2.3 shows the

implications of flows on portfolio concentration using flows quintile as a right hand side

variable flows quintiles, and otherwise mimicking equation 2.2. We observe that the effect

of flows on portfolio displays a strong pattern of monotonicity and especially strong for

extreme quintiles (difference Q1-Q2 and Q4-Q5). These results are consistent with those

displayed in Table 2.1: as outflows (inflows) are received, funds tend to liquidate (open)
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positions, all else equal leading to an increase (decrease) in portfolio concentration.

Table 2.3: Effect of Flows (Quintiles) on Portfolio Concentration

Dependent Variable: ∆HHIj,t ∆HHIj,t ∆HHIj,t ∆Entropyj,t ∆Entropyj,t ∆Entropyj,t

Model: (1) (2) (3) (4) (5) (6)

Variables
Q2 Flowsj,t -0.0001 -0.0001 -0.0001 0.0049*** 0.0052** 0.0048**

(0.0001) (0.0001) (0.0001) (0.0018) (0.0020) (0.0020)
Q3 Flowsj,t -0.0002*** -0.0002** -0.0002** 0.0068*** 0.0077*** 0.0075***

(0.0001) (0.0001) (0.0001) (0.0015) (0.0018) (0.0018)
Q4 Flowsj,t -0.0002*** -0.0003*** -0.0003*** 0.0101*** 0.0111*** 0.0112***

(0.0001) (0.0001) (0.0001) (0.0015) (0.0014) (0.0015)
Q5 Flowsj,t -0.0005*** -0.0005*** -0.0005*** 0.0180*** 0.0198*** 0.0206***

(0.0001) (0.0001) (0.0001) (0.0017) (0.0020) (0.0019)
Turnoverj,t−1 0.0051*** -0.2229***

(0.0014) (0.0322)
Rj,t 0.0007 0.0244

(0.0013) (0.0213)
Constant 0.0003*** 0.0003*** -0.0001 -0.0090*** -0.0098*** 0.0076***

(0.0001) (0.0000) (0.0001) (0.0026) (0.0011) (0.0026)

Fixed-effects
Fund FE No Yes Yes No Yes Yes
Time FE No Yes Yes No Yes Yes

Fit statistics
Observations 319,192 318,783 308,177 319,192 318,783 308,177
R2 0.0004 0.0406 0.0418 0.0012 0.0357 0.0426

Clustered (Fund & Time) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Looking at these results through the lens of standard portfolio theory represents a puzzle.

If an investor displays conviction towards a stock and considers its risk-reward tradeoff

favorable at time t, there is no reason why such a stock should exit her portfolio when

receiving outflows. This evidence suggests that investors actually display time varying
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confidence towards various assets depending on the conditions they are facing, and in

particular depending on the the flows they are facing. In the next section we thus present a

simple model in which investors display relative confidence towards stocks that changes with

flows and we show the trading and asset pricing implications of investors’ flows-induced

portfolio adjustments.

2.4 Model

sec:model We develop a model, inspired by Gabaix and Koijen (2021), that sheds light on the

asset pricing implications of fund flows in presence of flows dependent investors conviction.

We propose a framework characterized by two investor, a mutual fund (m henceforth) and a

hedge fund (h hereafter) that invest the majority of their assets in stocks, keep a fraction of

them in the form of liquidity/dry powder and receive inflows/outflows. While the hedge

fund has a correct understanding of the variance of assets’ dividend processes, mutual

funds display differential behavioral conviction towards assets that leads them to have a

noisy perception of the variance of their least favorite stock.

2.4.1 Set Up

There are two investors, namely a mutual fund m and a hedge fund h, that invest θ ∈ (0,1) of

their assets in stocks, while keeping (1 − θ) of their portfolio in cash equivalent instruments

for exogenous regulatory reasons. The market is composed of a cash asset and two stocks,

indexed by i = 1,2 with price Pi, dividend process di and fixed supply Q̄i. Stocks’ true

dividend processes are identically and independently distributed with mean d̄ and variance

σ2. While the hedge fund is able to correctly understand both stocks’ dividend processes,

the mutual fund displays a behavioral lack of conviction towards one stock, which, without

loss of generality, we label stock 2 or satellite position. On the other hand, we label stock 1

as the core position for which the fund manager has a correct understanding of the dividend

process.
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The idea that manager’s confidence affects their investment is consistent with Scheinkman

and Xiong (2003), where investors tend to their private signal (they are "overconfident")

when filtering the true aggregate dividend process. In the spirit of Gennaioli Schleifer Vishny

(2015), we capture the mutual fund’s lack of confidence towards such stock by a parameter

a( f j) that multiplies the true variance of the staellite stock. Notably, confidence varies

with fund flows: whenever a fund managers receives inflows (outflows) she is more (less)

confident in her assessment of dividend risk. In other words, the mutual fund perceives the

satellite dividend variance as:

σ2
2,m = a( f j)σ

2

where a( f j) ≥ 0 and a′( f j) ≤ 0. In the following, we consider a( f j) =
2
π Arctan(−as f j) + 1

for as ≥ 0, which is bounded between 0 and 2, and verifies a(0) = 1 (equilibrium where the

two stocks are equally perceived) and a′( f j) = − as
1+a2

s f 2
j
≤ 0. The shape of this confidence

function is shown in Figure 2.1 for different values of as. The case as = 0 corresponds to the

constant function equal to one, where the two stocks are equally perceived by the mutual

fund, regardless of the flows it receives. Note that as is the absolute value of the derivative

of a for f j = 0. Thus, for larger values of as, a small perturbation induced by flows has a

larger effect on the relative weighting of the satellite position with respect to the core one.

In other words, a larger as is associated with a lower understanding of the satellite w.r.t the

core one, as a small perturbation from flows moves the perception by a wide margin. We

thus interpret the parameter as as a quantitative measure of relative coreness of stock 1 w.r.t.

stock 2.
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Figure 2.1: Confidence Function a for Different Values of as

Moving on to the model’s mechanics, demand for stock i by fund j, denoted by Qi,j, is

assumed to follow a fixed rule:

PiQi

Wj
= θYij

where Wj is the wealth (or total assets) of fund j and Yij is the portion of stock portfolio

invested by fund j in stock i.

When deciding how to allocate their stock portfolio between the two stocks, the two funds

faces a standard mean variance maximization problem, along with a constraint involving a

fixed cost for maintaining more than one position (K). Such cost can be rationalized as a

research cost or a monitoring cost associated to the holding of several assets in its portfolio.
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In other words, fund j’s problem writes:

max
Y1,j,Y2,j

Y1,jd̄+Y2,jd̄ − 1
2

(
Y2

1,jσ
2
1 + Y2

2,jσ
2
2,j

)
s.t.

Y1,j + Y2,j = 1

Y1,jd̄ + Y2,jd̄ − 1
2

(
Y2

1,jσ
2 + Y2

2,jσ
2
2,j

)
≥ d̄ +

1
2

σ2 + K

where K is the cost associated with maintaining more than one position open in fund j’s

portfolio. We study in depth the case of a low fixed cost where both funds stay invested in

both stocks in Section 2.4.2. We briefly study the portfolio implications of a high fixed cost

where the constraint binds for the mutual fund and one position is liquidated in Section

2.4.3.

2.4.2 The case where the Mutual Fund Holds both Stocks

We first look at the case where the fixed cost constraint does not bind such that both funds

hold both stocks. The output from the mean-variance optimization in Appendix B.1 yields

the following general demand:

Yi,j =
σ2
−i,j

σ2
i,j + σ2

−i,j

where σ2
i,j is the variance of stock i perceived by fund j. This gives for the two funds :

Y1,h = Y2,h =
1
2

and

Y1,m =
a( f j)σ

2

σ2 + a( f j)σ2 =
a( f j)

1 + a( f j)

Y2,m =
σ2

σ2 + a( f j)σ2 =
1

1 + a( f j)

Looking at the mutual fund’s demands and accounting for the fact that a′( f j) < 0, we

draw the following proposition:

85



Proposition 6. When the mutual fund incurs outflows, it relatively increases its investment into its

core position and relatively decreases its investment into its satellite position.

Consider the equilibrium variables at t = 0−: W̄j, Q̄ij, Ȳij. Then, we have

W̄j = P̄iQ̄ij + P̄−iQ̄−ij + B̄j

where Bj represents bond/cash equivalent holdings, and at t = 0:

Wj = PiQ̄ij + P−ijQ̄−ij + B̄j + ∆Fj

The percentage change in wealth thus write:

wj =
∆Wj

W̄j
=

(∆Pi)Q̄ij

W̄j
+

(∆P−i)Q̄−ij

W̄j
+

∆Fj

W̄j

= θjȲij pi + θjȲ−ij p−i + f j

where pi =
Pj

P̄i
and f j =

∆Fj

W̄j
. We also have:

PiQij

P̄iQ̄ij
=

Wj

W̄j

Yij

Ȳij

Proceeding to a linearization, one gets:

pi + qij = wj + yij

Note that for the hedge fund, y1,h = y2,h = 0 as it does not change its relative weighting.

Looking closer at yi,m =
Yi,m−Ȳi,m

Ȳi,m
after linearizing, we get that:

yi,m =



a( fm)− 1
2

, if i = 1 (core)

1 − a( fm)

2
, if i = 2 (satellite)

Putting altogether, we get the following proposition:

86



Proposition 7. The demand functions by the mutual fund write:

q1,m = −
(

1 − θȲ1,m

)
p1 + θȲ2,m p2 + fm +

a( fm)− 1
2

q2,m = −
(

1 − θȲ2,m

)
p2 + θȲ1,m p1 + fm +

1 − a( fm)

2

The core demand by the mutual fund relatively under-reacts to flows compared to the satellite demand.

In words, mutual fund’s demand for stock i is a function of the variation in the percep-

tion of the satellite stock’s risk, depends negatively on its price variation, positively on the

variation in price of the alternative substitute assets (−i) and on its flows fm. Proposition 7

suggests that in presence of outflows, the mutual fund will express a surplus demand for

its core position which is balanced by the sale of satellite position. This comes from the fact

that the portfolio manager is relatively less confident about the satellite position, leading

to a higher risk perception for stock 2. This change in perception motivates a core/satellite

rebalancing behavior.

In order to further build intuition around Proposition 7, we extend the model forward

over 100 periods to underline the variation of stock demands with respect to flows (still in

the case where the fixed cost does not bind), such that the mutual fund remains invested

in both securities. We simulate a flow path as an AR(1) process2 and show how partial

equilibrium demand for core versus satellite stocks evolve along the flow cycle in Figure 2.2.

Note that demands in a partial equilibrium setting are derived with p1 = p2 = 0, and hence

do not incorporate the price effects.

As can be seen, the demand for the satellite position tends to over-react to the flow cycle,

while the one for core position tends to under-react. This comes from the core/satellite

rebalancing: as flows increase (decrease), the mutual fund manager is more (less) confident

in its assessment of the satellite position, thereby reducing (increasing) its perceived variance:

2We assume the flows of the two funds to have a common factor that follows an AR(1) process, plus an
idiosyncratic noise term: f j,t = γt + ϵj,t, with γt = ργt−1 + ηt.
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Figure 2.2: Evolution of Partial Equilibrium Demand with Flows for the Mutual Fund

88



this further increases (decreases) the demand for the satellite position (on top of the regular

flow effect), hence amplifying the flow cycle. The reverse is true for the core position

demand for which the flow cycle is mitigated by this rebalancing effect.

Figure 2.3: Evolution for Core Partial Equilibrium Position’s Demand for Different values of as

Next, based on the same flow process, we simulate the core position partial equilibrium

demands by the mutual fund for different values of as on Figure 2.3 (we look at as = 0, 1, 2).

As argued above, as can be viewed as a quantitative measure of how core stock 1 is w.r.t. to

the satellite one. As such, we would expect a more core position to react less to flows, as the

core/satellite rebalancing motives is stronger for a more core position. That is indeed what

the graph shows: core position’s demands for higher values of as react less to the flow cycle.
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We now move on to equilibrium pricing. In the economy, the aggregate demand for

stock i is represented by:

Qi = ∑
j

Q̄ij(1 + qij)

which implies that:

qi =
∆Qi

Q̄i
=

∑j Q̄ijqij

∑j Q̄ij
= ∑

j
sijqij

where sij =
Q̄ij

∑j Q̄ij
is the share of stock i owned by fund j ex-ante. In words, the variation in

the demand for asset i is a weighted average of the variation in the demand from each fund

j for stock i, where weights are represented by the investment position of each fund in stock

i at time 0, i.e. at equilibrium.

As outlined in Appendix B.2, we aggregate individual demands and impose market

clearing to understand the price variation in the following proposition:

Proposition 8. The price of security i writes:

pi =
(1 − θ ∑j s−ijȲ−ij)∑j sij

(
f j + yij

)
− θ(1 − ∑j sijȲij)∑j s−ij

(
f j + y−ij

)(
1 − θ ∑j sijȲij

) (
1 − θ ∑j s−ijȲ−ij

)
+ θ2

(
1 − ∑j sijȲij

) (
1 − ∑j s−ijȲ−ij

)
Proposition 8 shows how flows affect stock prices. In general, outflows received by

the two funds negatively affect stock prices proportionally to the fraction of their equity

holdings. However, those outflows affect the two stocks asymmetrically. Typically, the price

drop of stock 1 (core) is mitigated, while the price drop of stock 2 (satellite) is amplified

through core rebalancing behavior.

In order to illustrate this latter point, and resorting again on simulations, we aim at

showing that the price of the core position is relatively protected from the flow cycle due to

our core/satellite rebalancing motive. To do that, we first take back our flow process from

Figures 2.2 and 2.3 and show the evolution of the price of the core position and that of the

satellite position. Figure 2.4 shows that the price of the core position tend to under-react to

the flow cycle compared to the price of the satellite position, consistently with the intuition
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provided above on the price formula.

Figure 2.4: Evolution of Prices with Flows

Moreover, and consistently with Figure 2.3 for the core position’s demands, Figure 2.5

shows the evolution of the core position price for different values of as. Consistently with

the idea that a higher as represents a relatively more core position, the price reacts less to

the flow cycle (represented by a dotted line) for higher values of as.

Next, we build systematic evidence in favour of the intuition that the core position’s

price reacts less to the flow cycle, and the higher as, the more so. We start by looking at the

beta of each position with respect to the total flows, that is f = fh + fm. We thus compute

βtot,i =
cov(pi, f )

var( f )
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Figure 2.5: Evolution of Prices for Different Values of as
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for both the core and satellite position over 100 periods. We then run 1000 such independent

simulations and report the mean of those betas as a function of as in Figure 2.6. As the

core/satellite rebalancing motive makes the core position less exposed to flows and the

satellite position more exposed to flows, and these two effects are reinforced for higher as

(relatively more core/satellite positions), we expect first that the core position’s βtot,i should

be below the one of the satellite position, and second that βtot,i is decreasing for the core

position, and increasing for the satellite position. The simulations in Figure 2.6 validate this

reasoning.

Figure 2.6: Total Flows Beta for the Core and Satellite Position

As a robustness check, we also compute the beta of each position with respect to the flows

it faces, that is the flows weighted by the fund’s weight in the given position: fi,j = ∑j si,j f j.
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We then compute

βindiv,i =
cov(pi, fi,j)

var( fi,j)

for both positions, and report the mean across simulations as a function of as in Figure 2.7.

We find a similar picture.

Figure 2.7: Stock-Weighted Flow Beta for the Core and Satellite Position

Drawing motivation from the above simulations on Figures 2.2 and 2.6, we rewrite

the demands and prices in a simpler form to derive further asset pricing applications. In

particular, let’s express:

pi = βF
i f = βF

i ( fh + fm)

with 0 < βF
1 < βF

2 , which means that the core stock has a lower flow beta. Furthermore, let’s

express the flows as a function of aggregate market conditions, as well as an idiosyncratic
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term:

f j =
1
2
(ϕrrm − ϕσ(σ

2
m − σ̄2

m) + ϵF
j )

such that

f = fh + fm = ϕrrm − ϕσ(σ
2
m − σ̄2

m) +
ϵF

h + ϵF
m

2

which expresses the idea that flows vary positively with market returns and negatively with

market variance. We further assume a negative correlation between market returns and

variance: cor(rm,σ2
m − σ̄2

m) = −ρ. Let’s first compute the CAPM beta in this context:

βCAPM
i =

cov(pi, rm)

var(rm)

= βF
i

(
ϕr + ϕσρ

√
var(σ2

m − σ̄2
m)√

var(rm)

)

showing that βCAPM
1 < βCAPM

2 , that is the core stock has a lower market exposure or CAPM

beta. This comes from the fact that market returns drive the common component of flows

and , as seen previously, the core stock tend to be less exposed to the flow cycle, and hence is

less correlated to the market. Turning to the CAPM idiosyncratic volatility, one can rewrite

the price of stock i:

pi = βCAPM
i rm − βF

i ϕσρ

√
var(σ2

m − σ̄2
m)√

var(rm)
rm − βF

i ϕσ(σ
2
m − σ̄2

m) +
ϵF

h + ϵF
m

2

= βCAPM
i rm + ϵCAPM

i

We thus have

var
(

ϵCAPM
i

)
= (βF

i )
2

[
var

(
ϕσρ

√
var(σ2

m − σ̄2
m)√

var(rm)
rm + ϕσ(σ

2
m − σ̄2

m)

)
+ var

(
ϵF

h + ϵF
m

2

)]

which implies that var
(
ϵCAPM

1

)
< var

(
ϵCAPM

2

)
, or the core stock has a lower idiosyncratic

volatility. This comes from the fact that the satellite stock is overexposed to the randomness

of flows, which partly comes from market returns and partly from other factors (the

uncorrelated part of market variance, idiosyncratic flow component), leading to a higher

idiosyncratic volatility. Next, we turn to risk attributes (how stocks behave in distress
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situations). In particular, we look at cov
(
ϵCAPM

i , (σ2
m − σ̄2

m)
)

to understand which stock

co-moves in the most favorable way with market volatility. Using the expression above for

ϵCAPM
i , we have:

cov
(

ϵCAPM
i , (σ2

m − σ̄2
m)
)
= −βF

i (1 − ρ2)ϕσvar(σ2
m − σ̄2

m)

which implies that this covariance is higher for stock 1: the core stocks fare better during

high market variance episodes, which comes from the fact that they are less liquidated when

funds receive outflows thanks to the core/satellite rebalancing effect. This allows the core

stock to perform relatively better in high market volatility periods. Finally, we study the

relative liquidity of the two stocks, or the price impact of excess demand by the two funds.

For the sake of simplicity, let’s rewrite the funds’ demands:

qi,m = −κpi + κ′p−i + γi,m fm

qi,h = −κpi + κ′p−i + γh fh

where the constant on prices are identical at t = 0−, and γ1,m < γ2,m represents and the fact

that the satellite demand is more exposed to flows due to the core/satellite rebalancing,

as shown in Figure 2.2. Then, we look at cov (pi, qi,m + qi,h) in order to study the effect of

funds’ demands on prices. The higher this correlation, the higher the price impact is and

hence the less liquid stock i is. We have:

cov (pi, qi,m + qi,h) = −2κvar(pi) + 2κ′var(p−i) + βF
i γi,mcov( fm + fh, fm) + βF

i γhcov( fm + fh, fh)

Given that βF
1 < βF

2 , γ1,m < γ2,m and the two covariances cov( fm + fh, fm) and cov( fm + fh, fh)

are positive, we find that this cov (pi, qi,m + qi,h) is higher for stock 2: the satellite stock

incurs a relatively higher price impact and can be deemed less liquid than the core one. We

summarize all those asset pricing implications in the following proposition:

Proposition 9. Assuming that flows depend positively on market returns and negatively on market

volatility, the core position tends to have higher exposure to the market (CAPM beta), higher

idiosyncratic volatility, tends to be less risky (or performs better) during high market volatility events,
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and tends to be relatively more liquid.

2.4.3 The case where the Mutual Fund Liquidates its Satellite Position

We now move on to the case when the fixed cost constraint binds. We consider the cost K

such that

d̄ − 1
2

(
1
4

σ2 +
1
4

σ2
)
> d̄ +

1
4

σ2 + K

such that the hedge fund stays invested in both stocks. On the other hand, we consider an

f ∗m that verifies:

Y1,md̄ + Y2,md̄ − 1
2
(
Y2

1,mσ2 + a( f ∗m)Y
2
2,mσ2) = d̄ +

1
2

σ2 + K

such that for all fm < f ∗m, it is more profitable for the mutual fund to concentrate its portfolio

in stock 1 only. Note that this only happens for high outflows (very low fm). Put it differently,

whenever the mutual fund receives sufficiently high outflows (that is when it is relatively

less confident on the satellite’s dividend process), it liquidates its satellite position and focus

on its core one.

As shown in Appendix B.2, the mutual fund uses the proceeds from stock 2’s liquidation

to buy stock 1, while the hedge fund accommodates by selling stock 1. This causes a further

downward price pressure on stock 2, and a relative positive one for stock 1. This effect

reinforces the core core/satellite rebalancing effect, as it causes a further negative price

pressure on the satellite stock.

The main additional prediction from the case where the fixed cost binds is one in terms

of opening/closing positions and portfolio concentration, summarized in the proposition

below.

Proposition 10. When the Mutual Fund receives big enough outflows, it liquidates its satellite

position, leading to an extreme portfolio concentration towards its core position.
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Proposition 5 shows that for sufficiently big outflows, the satellite position is closed had

the mutual fund had the two positions open before, while for sufficiently big inflows the

satellite position is open, had the fund been invested in stock 1 only. The reason is all about

the satellite perception: as outflows mount, the mutual fund is less and less confident about

the risk associated with the satellite position. It becomes less and less profitable (in expected

utility terms) to maintain the satellite position opened. As outflows reach a threshold, it

is even liquidated, and only the core position (stock 1) remains in the portfolio, leading to

an extreme portfolio concentration towards the core stock. On the other hand, the satellite

position is reopened when flows go back to their long-term average and turn positive, which

in turn leads to a decrease in portfolio concentration.

Figure 2.8: Evolution of the number of Positions in the Mutual Fund’s Portfolio Along the Flow Cycle
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In order to illustrate this prediction, we take back the simulation of a flow path (the

same as Figures 2.2 and 2.3), and we show the number of positions in the mutual fund’s

portfolio along the flow cycle in the presence of an important fixed cost (such that the

satellite position is more easily dropped). As can be seen, in the presence of very negative

outflows, the mutual fund liquidates the satellite position, and reopens it when outflows

come back to zero/inflows kick in.

2.4.4 Proxies for the "Coreness" of a Position

In this model, the relative coreness/sateliteness is driven by the parameter as (the absolute

value of derivative of the confidence function at 0). As the fund manager’s confidence is

unobservable in practice, we introduce two proxies for the coreness of a position. The first

one is the Interim Return of a position defined as:

Interim Reti,j,t =
Pi,t

Cost Basisi,j,t
− 1

where Cost Basisi,j,t is the weighted average cost fund j paid for stock i. The second one is

the Longevity of a position, defined by induction:

Longevityi,j,t =


Qi,j,t−1

Qi,j,t
(Longevityi,j,t−1 + 1) if Qi,j,t − Qi,j,t−1 > 0

Longevityi,j,t−1 + 1 if Qi,j,t − Qi,j,t−1 ≤ 0

where we recall that Qi,j,t is the number of shares of stock i held by fund j at time t. We

think of interim return and longevity as two portfolio measures of long-term conviction and

knowledge of a given position. Interim return represents both a result and a by-product

of manager’s conviction towards a stock. On the one hand, fund managers are skilled

in picking their best ideas (Antón et al. (2021)) on which they tend to perform well. On

the other, in a sort of hot hand fallacy, the better a manager performs on a position, the

more confident she gets about her pick and her ability to trade it efficiently. Longevity

meanwhile is a pure choice variable from the manager, that directly measures the length of

her track-record with the position, and proxies for the desire to hold it for the long-term.
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The idea behind those two proxies is that core positions are traded in a countercyclical

way with respect to the flow cycle. More specifically, and as illustrated by Figure 2.3, the flow

cycle in demand functions is increasingly mitigated with as (i.e. for high values of "coreness").

This means that for higher values as (for a stock 1 that is more core), the mutual fund buys

relatively more in the flow cycle trough (when stocks are relatively cheap in general), and

sell relatively more in the flow cycle peak (when stocks are relatively expensive in general).

This should yield a higher core interim return compared to the satellite interim return, and

the higher as the more so. Figure 2.9 presents the average ratio of core-to-satellite interim

return after 100 periods, averaged across 1000 simulations for different values of as. As can

be seen, the ratio is greater than 1 and increasing with as, consistently with the intuition ex-

pressed above, making interim return a valid proxy for the degree of "coreness" of a position.

Following the same line of reasoning, and relying again on Figure 2.3, the mitigation of

the flow cycle for higher values of as imply that the number of shares of the core position

held by the mutual fund is increasingly stable with as. This in turn, given the definition

of longevity, implies a higher core position longevity for higher values of as. The idea is

confirmed by Figure 2.10 where we plot the average ratio of core-to-satellite longevity after

100 periods, averaged across 1000 simulations for different values of as. As in the case

of interim return, the longevity ratio is greater than 1 and increasing with the degree of

coreness as, consistently with the above explanation, and also making longevity a valid

proxy for the coreness of a position.
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Figure 2.9: Simulated Interim Return as a function of as
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Figure 2.10: Simulated Longevity as a function of as
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2.5 Empirical Results: Mutual Funds’ Trading behavior

According to our theory, when conviction towards stocks is time varying and heterogeneous

across stocks, core positions are preserved from selling pressure in periods of outflows.

Moreover, our simple model framework allows us to identify interim return and longeity as

measures of coreness of a position in funds’ portfolios.

Proposition 7 emphasizes that core positions are relatively less sold than satellite po-

sitions when funds receive outflows from their investors. In order to test it, we run the

following specification:

∆qijt = Core Position Qtli,j,t−1 + a1Core Position Qtli,j,t−1 × Outflowsj,t + a2
Qi,j,t−1

Q̄i,t−1

+ a3
Qi,j,t−1

Q̄i,t−1
× Outflowsj,t + a4

Pi,t−1Qi,j,t−1

Wj,t−1
+ δi,t + δb(j),t + ϵi,j,t

(2.3)

where ∆qijt is the holdings variation of stock i in fund j’s portfolio scaled by the variation of

fund j’s stock portfolio. The fact that it is scaled by the variation in fund’s portfolio means

that, if the fund sells its holdings in proportion when incurring outflows, ∆qijt should be

equal to zero. If it is positive, stock i is relatively less sold, while if it is negative stock i is

relatively more sold. As funds display very different strategies, age of inception, investment

styles and turnover, we cannot directly compare interim return and longevity of single

stocks across funds. We thus construct quintiles variables within fund portfolios. As a

consequence, we use Core Position Qtli,j,t−1, which denotes the quintile of either Interim

Return or Longevity (one of our two coreness measures defined in the same way as in our

model) of stock i in portfolio j. Outflowsj,t measures the redemptions suffered by fund j

at time t in proportion to its assets. It’s worth noticing that outflows are, by contruction,

the truncation of the fund flows variable when it is negative, hence big outflows represent

highly negative values of this variable. Pi,t−1Qi,j,t−1/Wj,t−1 denotes the fraction of stock i

in portfolio j at time t-1 and controls for (time-invariant) basic rebalancing mechanisms.

Qi,j,t−1/Q̄i,t−1 denotes the share of stock i held by fund j and is a proxy for the trading cost
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of selling a given position i (as holding a large fraction of a stock makes it more difficult

and expensive to liquidate a position both because the fund manager would move the

market against her, and because it is hard and expensive to find a counterpart for a large

block-trade). δi,t denotes stock-time fixed effects and is the basis of our identification: it

allows us to compare a given stock that is core in one portfolio and satellite in another.

Finally, δb(j),t denotes fund benchmark3-time fixed effects: it controls for the possibility that

funds would center on stocks composing their benchmarks when going through distress

periods.

Results are displayed in Table 2.4. While the coefficient on outflows (which corre-

sponds to the first quintile, or most satellite stocks) shows that the most satellite stocks

are over-sold compared to a simple down-scale of the portfolio, the interaction coefficient

between outflows and the interim return quintiles display a statistically significant decreas-

ing pattern, validating our theory that core positions are relatively protected when funds

are experiencing outflows (recall that outflows are characterized by a negative sign). The

coefficients are highly statistically significant and robust to the introduction of controls for

potential trade costs, rebalancing consideration and both supply and demand unobservable

shocks (proxied by stock-time and fund sector-time fixed effects). What’s more, interaction

terms between quintiles of core measures and outflows suggest that the effect on outflows

is virtually inexistent for position that are strongly in the core of the portfolio of each

fund. The trading costs component of trading behavior in presence of outflows and it ap-

pears as significatively shaping funds’ trading on top of our core effect: funds tend to keep

the stocks they have big stakes in and that would be costly to sell when they receive outflows.

Notice that in our identification, any stock-specific alternative explanation such as past

returns (Akepanidtaworn et al. (2021), Griffin et al. (2003)), attention (announcements -Barber

and Odean (2008)) or liquidity are controlled for as we compare the same stock in two

3As defined by the Lipper classification from CRSP
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different fund portfolios - one where it is core and one where it is satellite. Another potential

rationale for the mechanism we uncover is represented by the fact that funds could be simply

selling their own past winners, coherently with retail investors’ behavior, and realize gains,

a behavior known as disposition effect. Our results though point exactly in the opposite

direction. Interim return is arguably the best measure to identify a fund’s past winner, but

the behavior we uncover is inconsistent with any disposition effect trading: funds tend

to keep their past winners and hold on to them when receiving outflows. As shown in

our model, past winners are typically funds’ core positions, or the positions they have

the most conviction in. The exact same pattern can be found when longevity is used as a

measure of coreness, validating our core/satellite rebalancing effect across our two measures.

Finally, the concept of best ideas developed by Antón et al. (2021) could be related to

our core measures and mutual funds’ trading behavior. Best ideas are positions that the

portfolio manager overweight in portfolio compared to market benchmarks, thus signalling

that she believes in their return potential. Although such measure is relevant in studying

static portfolio structure, it is not really informative on the dynamic trading behavior of

investors. We discuss this topic in depth in Appendix B.4. In particular, we show that

relating flows-induced trading to a measure of single-stock portfolio-overweight yields to

trading dynamics that are very different from the core vs satellite dynamics we described

above and that are consistent with a classical value-weighting rebalancing behavior. A

possible explanation is that a position overweight is a relatively static measure that can

change dramatically from one quarter to another, while our interim return and longevity

measures account for long-term trading patterns, and hence are more informative about the

status of a position in a fund’s portfolio.
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Table 2.4: Mutual Funds’ Selling behavior and Core Positions

Dependent Variable: ∆qijt

Model: (1) (2) (3) (4) (5) (6)

Variables
Outflowsj,t 0.0250∗∗∗ 0.0161∗∗ 0.0197∗∗∗ 0.0305∗∗∗ 0.0223∗∗ 0.0248∗∗∗

(0.0087) (0.0066) (0.0069) (0.0091) (0.0086) (0.0088)
Q2 Interim Reti,j,t−1 -0.0067∗∗∗ -0.0093∗∗∗ -0.0095∗∗∗

(0.0023) (0.0025) (0.0025)
Q3 Interim Reti,j,t−1 -0.0165∗∗∗ -0.0214∗∗∗ -0.0218∗∗∗

(0.0037) (0.0042) (0.0042)
Q4 Interim Reti,j,t−1 -0.0306∗∗∗ -0.0376∗∗∗ -0.0382∗∗∗

(0.0051) (0.0061) (0.0061)
Q5 Interim Reti,j,t−1 -0.0525∗∗∗ -0.0625∗∗∗ -0.0631∗∗∗

(0.0067) (0.0082) (0.0082)
Pi,t−1Qi,j,t−1

Wj,t−1
-6.354∗∗∗ -6.918∗∗∗ -6.896∗∗∗ -6.288∗∗∗ -6.801∗∗∗ -6.785∗∗∗

(0.1569) (0.1610) (0.1616) (0.1575) (0.1615) (0.1617)
Outflowsj,t × Q2 Interim Reti,j,t−1 -0.0085∗ -0.0064 -0.0071

(0.0046) (0.0045) (0.0045)
Outflowsj,t × Q3 Interim Reti,j,t−1 -0.0112∗∗ -0.0082 -0.0091∗

(0.0052) (0.0050) (0.0050)
Outflowsj,t × Q4 Interim Reti,j,t−1 -0.0149∗∗ -0.0113∗∗ -0.0125∗∗

(0.0058) (0.0055) (0.0054)
Outflowsj,t × Q5 Interim Reti,j,t−1 -0.0274∗∗∗ -0.0237∗∗∗ -0.0253∗∗∗

(0.0069) (0.0066) (0.0065)
Qi,j,t−1
Q̄i,t−1

-0.2742∗∗∗ -0.2047∗∗

(0.0893) (0.0917)

Outflowsj,t ×
Qi,j,t−1
Q̄i,t−1

-1.157∗∗ -1.032∗

(0.5565) (0.5707)
Q2 Longevityi,j,t−1 0.0087∗∗ 0.0090∗∗ 0.0090∗∗

(0.0036) (0.0036) (0.0036)
Q3 Longevityi,j,t−1 0.0135∗∗ 0.0141∗∗∗ 0.0141∗∗∗

(0.0051) (0.0051) (0.0051)
Q4 Longevityi,j,t−1 0.0216∗∗∗ 0.0226∗∗∗ 0.0226∗∗∗

(0.0059) (0.0059) (0.0059)
Q5 Longevityi,j,t−1 0.0378∗∗∗ 0.0391∗∗∗ 0.0391∗∗∗

(0.0071) (0.0071) (0.0071)
Outflowsj,t × Q5 Longevityi,j,t−1 -0.0084 -0.0071 -0.0072

(0.0063) (0.0065) (0.0064)
Outflowsj,t × Q3 Longevityi,j,t−1 -0.0230∗∗∗ -0.0224∗∗∗ -0.0226∗∗∗

(0.0076) (0.0077) (0.0077)
Outflowsj,t × Q4 Longevityi,j,t−1 -0.0273∗∗∗ -0.0265∗∗∗ -0.0268∗∗∗

(0.0091) (0.0091) (0.0091)
Outflowsj,t × Q5 Longevityi,j,t−1 -0.0266∗∗ -0.0258∗∗ -0.0261∗∗

(0.0117) (0.0117) (0.0117)

Fixed-effects
Stock-Time Yes Yes Yes Yes Yes Yes
Fund Sector-Time Yes Yes Yes Yes

Fit statistics
Observations 22,209,651 22,209,651 22,209,651 22,209,651 22,209,651 22,209,651
R2 0.10414 0.11215 0.11217 0.10464 0.11266 0.11267
Within R2 0.03344 0.03490 0.03492 0.03399 0.03546 0.03547

Clustered (Fund & Stock & Time) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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We thus think of flows as affecting portfolio relative weights through preferences. We

provide additional evidence on the mechanism in the Appendix. In particular as fund flows

are a function of aggregate market conditions and fund specific performances we show

how fund trade consistently with the above displayed dynamics when exposed to shifter

variables for fund outflows. Two natural candidates are represented by aggregate volatility

and the tracking error of the fund with respect to the market. Indeed, both are likely to

cause withdrawals from investor and put the fund in a distress position. From there, a

similar pecking order as the one just uncovered above should prevail. We thus consider the

following two specifications:

∆qijt = Core Position Qtli,j,t−1 + a1Core Position Qtli,j,t−1 × MVolt + a2
Qi,j,t−1

Q̄i,t−1

+ a3
Qi,j,t−1

Q̄i,t−1
× MVolt + a4

Pi,t−1Qi,j,t−1

Wj,t−1
+ δi,t + δb(j),t + ϵi,j,t

(2.4)

and

∆qijt = Core Position Qtli,j,t−1 + a1Core Position Qtli,j,t−1 × Mkt. Dev. Vol.j,t + a2
Qi,j,t−1

Q̄i,t−1

+ a3
Qi,j,t−1

Q̄i,t−1
× Mkt. Dev. Vol.j,t + a4

Pi,t−1Qi,j,t−1

Wj,t−1
+ δi,t + δb(j),t + ϵi,j,t

(2.5)

where MVol stands for market volatility, which represents aggregate uncertainty, and

Mkt. Dev. Vol. stands for the standard deviation of fund returns minus market returns and

represents the tracking error of the fund w.r.t. a popular benchmark, the market as a whole.

Tables B.1 and B.2 in Appendix B.3 presents the output for specification 2.4 for interim

return and longevity respectively, while Tables B.3 and B.4 also in Appendix B.3 presents

the output for specification 2.5 for interim return and longevity. As can be seen there,

funds indeed tend to sell less of their core positions (with a monotonic pattern) when in

distress from either high market volatility or high volatility of their return w.r.t. the market

thereby confirming previous results, although the patterns for longevity are not statistically

significant.
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Next, we turn to mutual funds’ buying behavior when experiencing inflows. When

dealing with outflows, due to the fact that mutual funds are not allowed to short sell,

the interpretation of results, in term of selling current position, is straightforward. On

the contrary when receiving inflows funds can either increase their exposure to current

holding or add new positions to their portfolio. Consistently, the implications of the model

are less clear cut. If satellite positions remain in the portfolio (that is if the fixed cost of

holding several positions does not bind in the context of our model), core positions should

be less bought when inflows arrive as mutual funds have a better perception of satellite

positions’ risk and operate a core-to-satellite portfolio rebalancing. If on the other hand

satellite positions are liquidated (as in the model when the fixed cost binds: the mutual

fund liquidates the satellite position altogether), then core positions should be more bought

as old satellite positions are closed and potentially new ones are being opened. To check

which of these two explanations prevail, we first run:

∆qijt = Core Position Qtli,j,t−1 + a1Core Position Qtli,j,t−1 × Inflowsj,t + a2
Qi,j,t−1

Q̄i,t−1

+ a3
Qi,j,t−1

Q̄i,t−1
× Inflowsj,t + a4

Pi,t−1Qi,j,t−1

Wj,t−1
+ δi,t + δb(j),t + ϵi,j,t

(2.6)

where the Inflowsj,t variable is the truncation of the flow variable when it is positive and

the rest of the variables is defined as for Equation 2.3. Notice that our measure of variation

in holding is defined only for already existing positions.

The results are displayed in Table 2.5. As can be seen, core positions (high interim

return/longevity quintiles) tend to be relatively more bought compared to satellite ones,

with a fairly monotonic pattern across quintiles.

Estimation from Table 2.5 need to be interpreted together with the evidence, provided in

Section 2.3 that funds open new positions when experiencing inflows and close some when

experiencing outflows. Our results suggest that mutual funds, when experiencing inflows,

rather than adding on to their satellite position, reinforce their core stocks and they add new

side bets to their portfolio. This is consistent with the case of our model where the fixed
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cost of holding the satellite position was binding: old satellite positions were liquidated, and

potentially new ones are being opened, as in Proposition 10. This shift explains why the

core positions are more bought: they remain high conviction and hence investors double

down on them when scaling up their assets, while old satellite positions are closed in favor

of new ones. In summary, outflows lead to satellite position liquidation while inflows lead

to the opening of (possibly new) satellite positions. Consistently the number of positions

being opened (closed) is a function of inflows (outflows) .

This result also sheds more light on our result on portfolio concentration. More specifi-

cally, when mutual funds receive outflows (inflows), they tend to operate satellite-to-core

(core-to-satellite) rebalancing or position closings (openings), which lead to an increase

(decrease) in stock portfolio concentration. This is indeed what we found in Specification

2.2 in Section 2.3: outflows (inflows) are associated with an increase (decrease) in portfolio

concentration as a result from core-to-satellite rebalancing and satellite position liquidations.
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Table 2.5: Mutual Funds’ Buying behavior and Core Positions

Dependent Variable: ∆qijt

Model: (1) (2) (3) (4) (5) (6)

Variables
Inflowsj,t -0.0121∗∗∗ -0.0117∗∗∗ -0.0121∗∗∗ -0.0121∗∗∗ -0.0117∗∗∗ -0.0120∗∗∗

(0.0028) (0.0023) (0.0026) (0.0029) (0.0027) (0.0028)
Q2 Interim Reti,j,t−1 -0.0065∗∗∗ -0.0091∗∗∗ -0.0094∗∗∗

(0.0023) (0.0026) (0.0026)
Q3 Interim Reti,j,t−1 -0.0162∗∗∗ -0.0212∗∗∗ -0.0216∗∗∗

(0.0037) (0.0043) (0.0043)
Q4 Interim Reti,j,t−1 -0.0302∗∗∗ -0.0374∗∗∗ -0.0379∗∗∗

(0.0052) (0.0062) (0.0061)
Q5 Interim Reti,j,t−1 -0.0516∗∗∗ -0.0618∗∗∗ -0.0624∗∗∗

(0.0067) (0.0082) (0.0082)
Pi,t−1Qi,j,t−1

Wj,t−1
-6.355∗∗∗ -6.919∗∗∗ -6.896∗∗∗ -6.289∗∗∗ -6.801∗∗∗ -6.784∗∗∗

(0.1565) (0.1609) (0.1615) (0.1571) (0.1614) (0.1616)
Inflowsj,t × Q2 Interim Reti,j,t−1 0.0032∗∗ 0.0028∗∗ 0.0029∗∗

(0.0014) (0.0014) (0.0013)
Inflowsj,t × Q3 Interim Reti,j,t−1 0.0044∗∗∗ 0.0039∗∗ 0.0040∗∗∗

(0.0016) (0.0015) (0.0015)
Inflowsj,t × Q4 Interim Reti,j,t−1 0.0052∗∗∗ 0.0047∗∗ 0.0048∗∗∗

(0.0019) (0.0018) (0.0018)
Inflowsj,t × Q5 Interim Reti,j,t−1 0.0062∗∗ 0.0058∗∗ 0.0060∗∗∗

(0.0023) (0.0022) (0.0022)
Qi,j,t−1
Q̄i,t−1

-0.2389∗∗ -0.1743∗

(0.0896) (0.0919)

Inflowsj,t ×
Qi,j,t−1
Q̄i,t−1

0.0939 0.1166

(0.1915) (0.1903)
Q5 Longevityi,j,t−1 0.0089∗∗ 0.0092∗∗ 0.0092∗∗

(0.0035) (0.0035) (0.0035)
Q3 Longevityi,j,t−1 0.0143∗∗∗ 0.0149∗∗∗ 0.0149∗∗∗

(0.0051) (0.0051) (0.0050)
Q4 Longevityi,j,t−1 0.0226∗∗∗ 0.0236∗∗∗ 0.0236∗∗∗

(0.0058) (0.0058) (0.0058)
Q5 Longevityi,j,t−1 0.0386∗∗∗ 0.0399∗∗∗ 0.0399∗∗∗

(0.0071) (0.0071) (0.0071)
Inflowsj,t × Q5 Longevityi,j,t−1 0.0025 0.0025 0.0025

(0.0021) (0.0021) (0.0021)
Inflowsj,t × Q3 Longevityi,j,t−1 0.0037 0.0036 0.0036

(0.0030) (0.0030) (0.0030)
Inflowsj,t × Q4 Longevityi,j,t−1 0.0051 0.0048 0.0048

(0.0033) (0.0033) (0.0033)
Inflowsj,t × Q5 Longevityi,j,t−1 0.0070∗∗ 0.0067∗ 0.0068∗

(0.0034) (0.0034) (0.0034)

Fixed-effects
Stock-Time Yes Yes Yes Yes Yes Yes
Fund Sector-Time Yes Yes Yes Yes

Fit statistics
Observations 22,209,651 22,209,651 22,209,651 22,209,651 22,209,651 22,209,651
R2 0.10415 0.11217 0.11219 0.10466 0.11268 0.11269
Within R2 0.03346 0.03493 0.03495 0.03400 0.03548 0.03549

Clustered (Fund & Stock & Time) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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2.6 Robustness: Placebo Analysis on Index Funds

Possible criticism to the specification 2.3 studied above could be that the results are due

to some mechanical trading pattern/rebalancing, or just due to some other stock level

characteristics (such as the weight in the portfolio) that would be somehow correlated with

our core measures. While we profusely discussed how we tackle the letter potential issue,

we focus on the former in an attempt to dismiss any data mining/mechanic explanation for

the trading behavior we uncover. In order to build further confidence in this result, we thus

turn to a placebo test. In particular, we switch our funds sample to passively managed index

funds, which by definition are not supposed to have any core/satellite positions or have

any particular conviction tilt towards one stock versus another. Instead, they are supposed

to passively follow a benchmark and trade accordingly, rebalancing their positions when

necessary. We compute our core measures, namely interim return and duration, for each

index funds’ positions and run the exact same specification as in equation 2.3 for our index

funds sample.

Results are shown in Table 2.6. Interestingly, as can be seen, there is no statistically

significant pattern across quintiles of our "coreness" measures. Coherently with the idea

that pecking order in liquidation is driven by money managers preferences and tme-varying

conviction towards different assets, no statistically significant monotonic pattern can be

observed when estimating our model for index funds, thus ruling out any mechanical

explanation driving our results.

As with outflows, a similar criticism on mechanical aspect of our results, could be raised

when looking at inflows dynamics. We thus engage in a similar exercise as with outflows

and consider a placebo specification where we restrict our sample to index funds and and

run the exact same specification as in equation 2.6. The results can be seen in Table 2.7.

As with outflows, there is no statistically significant pattern across coreness quintiles. If

anything, the signs are opposite as in the actively managed mutual funds case, but again no

statistically significant pattern can be uncovered., ruling out a mechanical effect.
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Table 2.6: Index Funds’ Selling behavior and Core Positions

Dependent Variable: ∆qijt

Model: (1) (2) (3) (4) (5) (6)

Variables
Outflowst 0.0139∗∗∗ 0.0149∗∗∗ 0.0149∗∗∗ 0.0113∗∗ 0.0124∗∗ 0.0124∗∗

(0.0050) (0.0050) (0.0050) (0.0046) (0.0047) (0.0047)
Q2 Interim Reti,t−1 6.77 × 10−5 5.95 × 10−5 5.95 × 10−5

(0.0012) (0.0012) (0.0012)
Q3 Interim Reti,t−1 0.0003 0.0003 0.0003

(0.0020) (0.0020) (0.0020)
Q4 Interim Reti,t−1 -0.0003 -0.0003 -0.0003

(0.0023) (0.0023) (0.0023)
Q5 Interim Reti,t−1 0.0003 0.0003 0.0003

(0.0029) (0.0029) (0.0029)
Pi,t−1Qi,j,t−1

Wj,t−1
-62.78∗∗ -62.80∗∗ -62.80∗∗ -61.73∗∗ -61.75∗∗ -61.75∗∗

(26.43) (26.43) (26.43) (25.97) (25.97) (25.97)
Outflowsj,t × Q2 Interim Reti,j,t−1 -0.0040 -0.0040 -0.0040

(0.0030) (0.0030) (0.0030)
Outflowsj,t × Q3 Interim Reti,j,t−1 -0.0061∗ -0.0061∗ -0.0061∗

(0.0035) (0.0035) (0.0035)
Outflowsj,t × Q4 Interim Reti,j,t−1 -0.0039 -0.0039 -0.0039

(0.0041) (0.0041) (0.0041)
Outflowsj,t × Q5 Interim Reti,j,t−1 -0.0061 -0.0060 -0.0060

(0.0038) (0.0037) (0.0037)
Qi,j,t−1
Qi,t−1

-0.4035∗∗∗ -0.4035∗∗∗ -0.4036∗∗∗ -0.4036∗∗∗

(0.0886) (0.0886) (0.0890) (0.0890)

Outflowsj,t ×
Qi,j,t−1
Qi,t−1

-0.4846 -0.4846 -0.4824 -0.4824

(0.4422) (0.4422) (0.4382) (0.4382)
Q2 Longevityi,t−1 0.0113∗∗∗ 0.0113∗∗∗ 0.0113∗∗∗

(0.0020) (0.0020) (0.0020)
Q3 Longevityi,t−1 0.0161∗∗∗ 0.0161∗∗∗ 0.0161∗∗∗

(0.0027) (0.0027) (0.0027)
Q4 Longevityi,t−1 0.0178∗∗∗ 0.0179∗∗∗ 0.0179∗∗∗

(0.0030) (0.0030) (0.0030)
Q5 Longevityi,t−1 0.0190∗∗∗ 0.0190∗∗∗ 0.0190∗∗∗

(0.0032) (0.0032) (0.0032)
Outflowsj,t × Q2 Longevityi,j,t−1 0.0007 0.0007 0.0007

(0.0033) (0.0033) (0.0033)
Outflowsj,t × Q3 Longevityi,j,t−1 -0.0019 -0.0019 -0.0019

(0.0037) (0.0037) (0.0037)
Outflowsj,t × Q4 Longevityi,j,t−1 -0.0042 -0.0042 -0.0042

(0.0051) (0.0051) (0.0051)
Outflowsj,t × Q5 Longevityi,j,t−1 -0.0016 -0.0016 -0.0016

(0.0061) (0.0061) (0.0061)

Fixed-effects
Stock-Time Yes Yes Yes Yes Yes Yes
Fund Sector-Time Yes Yes

Fit statistics
Observations 2,453,663 2,453,663 2,453,663 2,453,663 2,453,663 2,453,663
R2 0.33297 0.33307 0.33307 0.33488 0.33499 0.33499

Clustered (Fund & Stock & Time) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table 2.7: Index Funds’ Buying behavior and Core Positions

Dependent Variable: ∆qijt

Model: (1) (2) (3) (4) (5) (6)

Variables
Inflowsj,t 0.0003 0.0003 0.0003 0.0022∗ 0.0023∗ 0.0023∗

(0.0004) (0.0004) (0.0004) (0.0013) (0.0013) (0.0013)
Q2 Interim Reti,j,t−1 0.0002 0.0002 0.0002

(0.0012) (0.0012) (0.0012)
Q3 Interim Reti,j,t−1 0.0005 0.0005 0.0005

(0.0020) (0.0020) (0.0020)
Q4 Interim Reti,j,t−1 −8.73 × 10−5 −9.42 × 10−5 −9.42 × 10−5

(0.0024) (0.0024) (0.0024)
Q5 Interim Reti,j,t−1 0.0005 0.0005 0.0005

(0.0029) (0.0029) (0.0029)
P/i,t−1Qi,j,t−1

Wj,t−1
-62.81∗∗ -62.83∗∗ -62.83∗∗ -61.76∗∗ -61.78∗∗ -61.78∗∗

(26.42) (26.41) (26.41) (25.96) (25.95) (25.95)
Inflowsj,t × Q2 Interim Reti,j,t−1 -0.0001 -0.0001 -0.0001

(0.0003) (0.0003) (0.0003)
Inflowsj,t × Q3 Interim Reti,j,t−1 -0.0002 -0.0002 -0.0002

(0.0005) (0.0005) (0.0005)
Inflowsj,t × Q4 Interim Reti,j,t−1 -0.0003 -0.0003 -0.0003

(0.0006) (0.0006) (0.0006)
Inflowsj,t × Q5 Interim Reti,j,t−1 -0.0004 -0.0004 -0.0004

(0.0008) (0.0008) (0.0008)
Qi,j,t−1
Qi,t−1

-0.3704∗∗∗ -0.3704∗∗∗ -0.3706∗∗∗ -0.3706∗∗∗

(0.0980) (0.0980) (0.0981) (0.0981)

Inflowsj,t ×
Qi,j,t−1
Qi,t−1

-0.0115 -0.0115 -0.0094 -0.0094

(0.1537) (0.1537) (0.1573) (0.1573)
Q2 Longevityi,j,t−1 0.0114∗∗∗ 0.0114∗∗∗ 0.0114∗∗∗

(0.0020) (0.0020) (0.0020)
Q3 Longevityi,j,t−1 0.0163∗∗∗ 0.0163∗∗∗ 0.0163∗∗∗

(0.0028) (0.0028) (0.0028)
Q4 Longevityi,j,t−1 0.0182∗∗∗ 0.0182∗∗∗ 0.0182∗∗∗

(0.0031) (0.0031) (0.0031)
Q5 Longevityi,j,t−1 0.0192∗∗∗ 0.0192∗∗∗ 0.0192∗∗∗

(0.0033) (0.0033) (0.0033)
Inflowsj,t × Q2 Longevityi,j,t−1 -0.0014 -0.0014 -0.0014

(0.0010) (0.0010) (0.0010)
Inflowsj,t × Q3 Longevityi,j,t−1 -0.0031∗ -0.0031∗ -0.0031∗

(0.0016) (0.0016) (0.0016)
Inflowsj,t × Q4 Longevityi,j,t−1 -0.0029∗ -0.0029∗ -0.0029∗

(0.0016) (0.0016) (0.0016)
Inflowsj,t × Q5 Longevityi,j,t−1 -0.0031∗ -0.0031∗ -0.0031∗

(0.0016) (0.0016) (0.0016)

Fixed-effects
Stock-Time Yes Yes Yes Yes Yes Yes
Fund Sector-Time Yes Yes

Fit statistics
Observations 2,453,663 2,453,663 2,453,663 2,453,663 2,453,663 2,453,663
R2 0.33290 0.33299 0.33299 0.33482 0.33491 0.33491

Clustered (Fund & Stock & Time) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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2.7 Asset Pricing Implications

After analyzing how trading evolve in response to outflows and inflows, we now focus on

understanding its asset pricing implications. We thus now shed light on how flows affect

returns, volatility, risk exposure and coskewness of stocks. In particular, we show how the

effect of flows displays a strong heterogeneity across stocks depending on their position

within investors’ portfolios.

2.7.1 Time Varying Liquidity and Idiosyncratic Volatility

The first direct implication of our model and previous results is in terms of stock prices.

Fund flows are known to have significative effects on asset returns as buying (selling)

pressure from their investors is reflected into prices. Our results confirm this pattern.

We sort stocks along their exposure on current flows FFi,t received by mutual funds

owning them, and compute Fama-French-Carhart (1997) daily Alphas. The results are

shown in Table 2.8.

Table 2.8: Daily Four Factor Alphas of Fund Flows-Sorted Portfolios

Portfolio

FFi,t 1
FFi,t 2
FFi,t 3
FFi,t 4
FFi,t 5

αi,t

-0.015%
-0.012%
-0.014%
0.005%
0.007%

TStat

-3.711
-2.554
-3.114
1.649
2.308

As can be seen, stocks exposed to Mutual Funds with outflows (inflows) tend to run

negative (positive) alphas, translating contemporaneous price-pressure from the mutual

funds that are selling (buying) them. This portfolio-sorting exercise suggests that the flow

premium long-short portfolio Low Flows minus High flows runs statistically negative alpha.
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Time-varying preferences for stocks imply though that when funds are exposed to flows they

differentially tilt their asset allocation towards core or satellite positions. As a consequece, if

our theory is correct, the flow pressure on prices should be relatively stronger on satellite

positions compared to core ones.

Next, we study how core and satellite positions differ with respect to this contemporane-

ous price pressure effect. As we define core stocks as stocks characterized either by high

interim return or high longevity in funds’ portfolios, in order to better analyze stock level

asset pricing implications, we construct a unique value-weighted measure of coreness at the

stock level by averaging quintiles of Longevity and Interim Return across funds:

Corei = ∑
Fund j

si,j
Qtl Interim Reti,j + Qtl Longevityi,j

2

where sij =
Qi,j

Q̄i
is the share of stock i held by fund j.

Our fund holdings analysis suggests satellite (core) positions to be relatively more

(less) exposed to current flows. Indeed, in our model, we showed that the core/satellite

rebalancing effect tends to decrease the flow beta of core positions and increase the one of

satellite positions. In order to test this statement, we double sort stocks along current fund

flows and the lagged core variable, form the flow premium long-short portfolios Low Flows

minus High flows for each core bin and compute their daily four factor alphas. We expect

this alpha to be more negative for less core positions as they are the most protected from

fund flows. Results are displayed in Table 2.9.
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Table 2.9: Daily Four Factor Alphas of Flow Premium Long-Short Portfolios Across Lagged Coreness Bins

Portfolio

Low FFi,t − High FFi,t 1
Low FFi,t − High FFi,t 2
Low FFi,t − High FFi,t 3
Low FFi,t − High FFi,t 4
Low FFi,t − High FFi,t 5

αi,t

-0.053%
-0.042%
-0.033%
-0.023%
-0.023%

Tstat

-4.011
-3.729
-3.290
-2.645
-2.914

Table 2.9 displays a decreasing pattern (in magnitude) for the Alpha of the Flow premium

long-short portfolios Alphas. In particular, it translates the fact that satellite positions

exposed to outflows tend incur a way stronger negative price pressure. This is exactly in

line with the model and the fund holdings regressions. To build further confidence in this

result and provide additional tests for the heterogeneous effect of fund flows on stock prices,

we also resort to the following regression specification:

αit = a0 + a1Corei,t−1 + a2Flowsi,t + a3Corei,t−1 × Flowsi,t + a4Log MEi,t−1 + a5B-to-Mi,t−1

+ a6Reti,t−1 + a7βCAPM
i,t−1 + a8Idio. Vol.i,t−1 + a9Fund Sharei,t−1δSIC(i),t + δi + ϵit

Rit = b0 + b1Corei,t−1 + b2Flowsi,t + b3Corei,t−1 × Flowsi,t + b4Log MEi,t−1 + b5B-to-Mi,t−1

+ b6Reti,t−1 + b7βCAPM
i,t−1 + b8Idio. Vol.i,t−1 + b9Fund Sharei,t−1 + δSIC(i),t + δi + ηit

(2.7)

where the left hand-side variables are four factor alpha and full stock return over the

quarter, Stock Return is the return of the stock over the quarter, Fund Share is the share of

the stock held by mutual funds, Idio. Vol. refers to the stock’s idiosyncratic volatility from

the four factor model, Log ME denotes the log of market equity, δi refers to stock fixed

effects and δSIC(i),t refers to an SIC-Time fixed effect. We expect the interaction coefficients

between Flows and the core variable a3 and b3 to be negative as coreness mitigates the

flow-induced price pressure. The results are presented in Table 2.10.
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Table 2.10: Effect of Flows and Coreness on Stock Alpha/Return

Dependent Variable: αi,t αi,t αi,t Ri,t Ri,t Ri,t

Model: (1) (2) (3) (4) (5) (6)

Variables
Flowsi,t 0.0050*** 0.0026** 0.0032*** 0.6541** 0.2706*** 0.3041***

(0.0014) (0.0011) (0.0010) (0.2566) (0.0886) (0.0819)
Corei,t−1 0.0000 -0.0003*** 0.0001** 0.0012 -0.0174*** 0.0019

(0.0000) (0.0000) (0.0000) (0.0052) (0.0027) (0.0017)
Flowsi,t × Corei,t−1 -0.0014*** -0.0010** -0.0008** -0.1358** -0.0993*** -0.0844**

(0.0005) (0.0004) (0.0004) (0.0614) (0.0360) (0.0326)
Log MEi,t−1 -0.0012*** -0.0722***

(0.0001) (0.0042)
B-to-Mi,t−1 0.0005*** 0.0364***

(0.0001) (0.0095)
Reti,t−1 -0.0002 -0.0059

(0.0001) (0.0105)
βCAPM

i,t−1 -0.0001** -0.0025
(0.0000) (0.0029)

Idio. Vol.i,t−1 0.0015 -0.4153**
(0.0026) (0.1798)

Fund Sharei,t−1 -0.0002** -0.0096***
(0.0001) (0.0035)

Fixed-effects
Stock FE No Yes Yes No Yes Yes
SIC Industry -Time FE No Yes Yes No Yes Yes

Fit statistics
Observations 206,133 189,170 170,687 206,134 189,172 170,687
R2 0.0002 0.2238 0.2627 0.0018 0.3820 0.4100

Clustered ( Stock & Time) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Consistently with our model predictions, we can observe that the interaction between

flows and the coreness variable is statistically negative across specifications (while the flow
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variable alone display a positive coefficient, translating the contemporaneous price pressure).

This is in line with core positions’ prices being relatively less responsive to fund flows.

Following-up on stock prices/returns findings, we turn now to the asset pricing pre-

dictions highlighted in Proposition 9. We start exploring the liquidity levels of core versus

satellite stocks when they incur outflows/inflows. If Core positions are relatively protected

from fund selling, they should maintain a higher level of liquidity (translated as a lower

bid-ask spread) in times of distress. We thus run the regression:

Bid-Aski,t = a0 + a1Corei,t−1 + a2Flowsi,t + a3Corei,t−1 × Flowsi,t + a4Bid-Aski,t−1 + a5Idio. Vol.i,t−1

+ a6Stock Returni,t−1 + a7Fund Sharei,t−1 + a8Log MEi,t−1 + δSIC(i),t + ϵi,t

(2.8)

where Bid-Ask is defined as Ask minus Bid scaled by the midquote, we include past

controls such as log of market equity, book-to-market ratio, past returns, CAPM beta, (four

factor) idiosyncratic volatility, the share of stock held by mutual funds, and δSIC(i),t denotes

SIC industry-time fixed effects. Results are shown in Table 2.11.

We also look at the effect of coreness and flows on idiosyncratic volatility. . We check

that running:

Idio. Vol.i,t = a0 + a1Corei,t−1 + a2Flowsi,t + a3Corei,t−1 × Flowsi,t + a4Idio. Vol.i,t−1

+ a5Stock Returni,t−1 + a6Fund Sharei,t−1 + a7Log MEi,t−1 + δSIC(i),t + ϵi,t

(2.9)

where the left hand-side variable is current four factor idiosyncratic volatility and

we control for past log of market equity, book-to-market ratio, past returns, CAPM beta,

idiosyncratic volatility and δSIC(i),t denotes SIC industry-time fixed effects. The idea is

that coreness mitigates the exposure to flow-induced noise, which in turn should imply

a positive coeffcient on the interaction between flows and coreness. The results are also

presented in Table 2.11.
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Table 2.11: Effect of Coreness and Flows on Stock Bid-Ask Spread and Idiosyncratic Volatility

Dependent Variable: Bid-Aski,t Bid-Aski,t Bid-Aski,t Idio. Vol.i,t Idio. Vol.i,t Idio. Vol.i,t
Model: (1) (2) (3) (4) (5) (6)

Variables
Flowsi,t -0.0229*** -0.0105*** -0.0044 -0.0367*** -0.0255** -0.0280***

(0.0042) (0.0035) (0.0035) (0.0104) (0.0108) (0.0066)
Corei,t−1 -0.0007*** 0.0006*** 0.0005*** -0.0021*** -0.0014*** -0.0017***

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)
Flowi,t × Corei,t 0.0031** 0.0035*** 0.0025** 0.0090*** 0.0107*** 0.0098***

(0.0012) (0.0011) (0.0012) (0.0023) (0.0024) (0.0028)
Bid-Aski,t−1 0.5983*** 0.4228*** 0.4190*** 0.1782*** 0.1500***

(0.0197) (0.0148) (0.0124) (0.0322) (0.0077)
Log MEi,t−1 -0.0013*** -0.0013*** -0.0013*** -0.0015***

(0.0001) (0.0001) (0.0001) (0.0001)
B-to-Mi,t−1 0.0010*** 0.0009*** 0.0012*** 0.0009***

(0.0002) (0.0001) (0.0003) (0.0003)
βCAPM

i,t−1 -0.0020*** -0.0021*** 0.0006*** 0.0012***
(0.0002) (0.0002) (0.0002) (0.0001)

Idio. Vol.i,t−1 0.1046*** 0.1035*** 0.6655*** 0.5227*** 0.4709***
(0.0114) (0.0112) (0.0388) (0.0248) (0.0117)

Reti,t−1 -0.0022*** -0.0021*** -0.0068*** -0.0051***
(0.0006) (0.0005) (0.0011) (0.0007)

Fund Sharei,t−1 -0.0013*** -0.0015*** -0.0004 -0.0004**
(0.0002) (0.0002) (0.0003) (0.0002)

Fixed-effects
SIC Industry FE Yes Yes Yes Yes Yes Yes
SIC Industry-Time FE No No Yes No No Yes

Fit statistics
Observations 171,969 171,905 156,661 171,906 171,905 156,661
R2 0.4148 0.4732 0.5438 0.5266 0.5754 0.6752

Clustered ( Stock & Time) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

As can be see, more core (satellite) stocks that tend to receive outflows have a lower

(higher) bid-ask spread, or a higher liquidity. This is coherent with the fact that more core
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(satellite) stocks tend to be more (less) protected from selling by mutual funds when they

receive outflows, leading them to maintain a higher (lower) liquidity level on average. The

picture is the same when looking at the interaction between coreness and market volatility:

in times of distress (high market volatility, which typically leads to high aggregate outflows),

more core stocks tend to maintain higher levels of liquidity. On a similar note, more core

(satellite) stocks are associated with lower (higher) idiosyncratic volatility when they receive

outflows, validating the reasoning discussed above.

In order to further strengthen the liquidity result, we look at another measure of liquidity:

Pástor and Stambaugh (2003)’s γi,t. This is the coefficient of stock return on signed stock

dollar volume, and can be viewed as a measure of price impact of investors’ trading (which

typically comes from mutual fund flows). The authors argue that it is typically negative,

and the more negative the lower the liquidity of the stock. Hence, we look at whether more

core stocks tend to have higher liquidity gammas running the following specification:

γi,t = a0 + a1Corei,t−1 + a2Log MEi,t−1 + a3B-to-Mi,t−1 + a4Reti,t−1

+ a5βCAPM
i,t−1 + a6Idio. Vol.i,t−1 + a7Fund Sharei,t−1 + a8γi,t−1 + δSIC(i),t + ϵit

(2.10)

where we control for past log of market equity, book-to-market ratio, returns, CAPM beta,

(four factor) idiosyncratic volatility, the share of stock held by mutual funds, and δSIC(i),t

denotes SIC industry-time fixed effects. We expect a positive coefficient on coreness as more

core stocks are relatively protected from buying/selling dynamics on the mutual fund side,

which should lower a price impact measure. Results are presented in Table 2.12.
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Table 2.12: Effect of Coreness on Liquidity Gamma

Dependent Variable: γi,t

Model: (1) (2) (3)

Variables
Corei,t−1 0.1379** 0.2186** 0.1868**

(0.0647) (0.0863) (0.0871)
γi,t−1 0.0529*** 0.0461*** 0.0376***

(0.0120) (0.0123) (0.0125)
Log MEi,t−1 -0.2007** -0.2027**

(0.0921) (0.0912)
B-to-Mi,t−1 0.2605 0.0619

(0.2289) (0.3007)
βCAPM

i,t−1 -0.3563* -0.3886
(0.2094) (0.2405)

Idio. Vol.i,t−1 12.5699 13.4013
(9.4987) (10.0345)

Reti,t−1 -0.0711 -0.0744
(0.2973) (0.4212)

Fund Sharei,t−1 -0.2708* -0.2872*
(0.1432) (0.1536)

Fixed-effects
Time FE Yes Yes Yes
SIC Industry-Time FE No No Yes

Fit statistics
Observations 169,151 152,483 137,341
R2 0.0049 0.0054 0.1266

Clustered ( Stock & Time) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

As can be seen, the coefficients on coreness are statistically positive across specifications,

validating the reasoning above: stocks that re relatively core tend to be protected from
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selling dynamics by the mutual funds holding them and are less pro-cyclical. This implies

that those stocks are less hit by massive sell-off or position building, leading to a higher

liquidity gamma.

2.7.2 Risk Exposure and Equilibrium Outcomes

After analyzing how core (satellite) stocks are less (more) exposed to liquidation or acqui-

sition dynamics induce flows when they occur, we now move on to understanding more

equilibrium outcomes that represent the stocks’ risk attributes. The idea is that core stocks

are relatively protected from outflows-induced price movements, and hence should have

relatively more attractive risk properties as flows co-move with aggregate market returns

and uncertainty. We first study stocks’ market exposure (CAPM betas) and run the following

specification:

βCAPM
it = a0 + a1Corei,t−1 + a2Log MEi,t−1 + a3B-to-Mi,t−1 + a4Reti,t−1

+ a5βCAPM
i,t−1 + a6Idio. Vol.i,t−1 + a7Fund Sharei,t−1 + δSIC(i),t + ϵit

(2.11)

where the left hand-side variable is current CAPM beta and we include past controls

such as log of market equity, book-to-market ratio, past returns, CAPM beta, (four factor)

idiosyncratic volatility, mutual fund share and δSIC(i),t denotes SIC industry-time fixed

effects. One would expect the core variable coefficient a1 to be negative as coreness mitigates

the reaction to the flow cycle, which is itself partly driven by market returns. The results are

presented in Table 2.13. As can be seen, the coefficient on coreness is statistically negative

across specifications, validating the theory above.

We then look at the priced downside risk of core versus satellite positions, in the form of

coskewness, defined as:

Coskewi,t =
E[ϵi,t+1ϵ2

m,t+1]√
E[ϵ2

i,t+1]E[ϵ
2
m,t+1]
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where ϵi,t+1 = ri,t+1 − ai − birm,t+1. It represents the covariance between stock i’s return and

market variance. As outlined in our model, core positions fare relatively well in bad market

conditions (such as in times of high volatility or negative market returns). We thus run the

regression:

Coskewi,t = a0 + a1Corei,t−1 + a2Log MEi,t−1 + a3B-to-Mi,t−1 + a4Reti,t−1

+ a5βCAPM
i,t−1 + a6Idio. Vol.i,t−1 + a7Fund Sharei,t−1 + δSIC(i),t + ϵit

(2.12)

where Fund Share is the share of the stock held by mutual funds, Stock Return is the

return of the stock over the quarter, Idio. Vol. refers to the four factor idiosyncratic volatility

over the quarter, βCAPM is the CAPM beta over the quarter, Log ME denotes the log of

market equity, B-to-M refers to teh book-to-market ratio, and δSIC(i),t refers to an SIC-Time

fixed effect. Results are also shown in Table 2.13.
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Table 2.13: Effect of Coreness on CAPM Beta and Coskewness

Dependent Variable: βCAPM
i,t βCAPM

i,t βCAPM
i,t Coskewi,t Coskewi,t Coskewi,t

Model: (1) (2) (3) (4) (5) (6)

Variables
Corei,t−1 -0.0166** -0.0371*** -0.0396*** 0.0075*** 0.0072*** 0.0053***

(0.0064) (0.0053) (0.0049) (0.0018) (0.0016) (0.0014)
Log MEi,t−1 0.0510*** 0.0595*** -0.0004 -0.0001

(0.0047) (0.0045) (0.0013) (0.0012)
B-to-Mi,t−1 -0.0104 -0.0194* -0.0027 -0.0069***

(0.0143) (0.0108) (0.0021) (0.0021)
βCAPM

i,t−1 0.5220*** 0.4900*** 0.4470*** 0.0173*** 0.0168***
(0.0212) (0.0221) (0.0212) (0.0045) (0.0040)

Idio. Vol.i,t−1 3.5603*** 3.3195*** -0.4490*** -0.3503***
(0.4900) (0.4223) (0.1519) (0.1185)

Reti,t−1 0.0422 0.0405 -0.0384*** -0.0228***
(0.0440) (0.0378) (0.0087) (0.0064)

Fund Sharei,t−1 0.0818*** 0.0540*** 0.0011 0.0059
(0.0108) (0.0103) (0.0044) (0.0037)

Coskewi,t−1 0.0148 0.0111 0.0097
(0.0095) (0.0094) (0.0069)

Fixed-effects
Time FE Yes Yes Yes Yes Yes Yes
SIC Industry-Time FE No No Yes No No Yes

Fit statistics
Observations 211,011 189,984 173,548 205,213 186,035 170,425
R2 0.2955 0.3283 0.4628 0.0216 0.0286 0.2306

Clustered ( Stock & Time) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

As can be seen, the coefficients on coreness for coskewness are statistically positive

across specification, meaning that more core positions tend to have higher coskewness, or

in other words have relatively higher returns in times of high market volatility. This is
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consistent with our model and previous asset pricing evidence: considering that outflows

are correlated across funds and typically strike in times of distress, or high market volatility,

and given that core stocks tend to be relatively protected from outflows, they are, in turn,

protected against aggregate market uncertainty as they are less sold. This translates as a

higher coskewness at equilibrium.

2.8 Determinants of Coreness

In our model, we model a satellite position i to a given fund j as the fact that fund j

overweights the risk (in our model, dividend variance) of stock i. In equilibrium, this should

translate as a the risk of a relatively satellite stock to be perceived as higher. In order to test

that and build credibility on our modeling of satellite vs. core positions, we look at whether

a relatively satellite stock tend to be a stock upon which analysts tend to disagree more at

equilibrium. More specifically, we run the following regression:

Corei,t = a0 + a1SD Disagreementi,t−1 + a2Stock Returni,t−1 + a3βCAPM
i,t−1 + a4Log MEi,t−1

+ a5B-to-Mi,t−1 + a6Corei,t−1 + δSIC(i),t + ϵit

Corei,t = b0 + b1Max-Min Disagreementi,t−1 + b2Stock Returni,t−1 + b3βCAPM
i,t−1 + b4Log MEi,t−1

+ b5B-to-Mi,t−1 + b6Corei,t−1 + δSIC(i),t + ηit

(2.13)

where SD Disagreementi,t−1 stands for the standard deviation of earnings per share scaled

by the share price, Max-Min Disagreementi,t−1 stands for the difference between max and

min of earnings per share scaled by the share price, and we include fundamentals controls

such as market exposure, past return, Book-to-market ratio and log of size. The results are

shown in Table 2.14.

125



Table 2.14: Coreness and Analysts’ Disagreement

Dependent Variable: Coreit

Model: (1) (2) (3) (4)

Variables
SD Disagreementi,t−1 -0.8130*** -0.6090***

(0.1047) (0.0954)
Max-Min Disagreementi,t−1 -0.3824*** -0.2916***

(0.0450) (0.0405)
Stock Returni,t−1 0.0121 0.0099 0.0102 0.0082

(0.0158) (0.0139) (0.0158) (0.0138)
βCAPM

i,t−1 -0.0232*** -0.0237*** -0.0213*** -0.0224***
(0.0053) (0.0045) (0.0053) (0.0045)

Log MEi,t−1 0.0314*** 0.0316*** 0.0324*** 0.0323***
(0.0050) (0.0048) (0.0050) (0.0049)

B-to-Mi,t−1 0.0035 -0.0168** 0.0073 -0.0140*
(0.0070) (0.0073) (0.0070) (0.0072)

Corei,t−1 0.7628*** 0.7405*** 0.7611*** 0.7394***
(0.0176) (0.0186) (0.0177) (0.0186)

Fixed-effects
Time Yes Yes Yes Yes
SIC Industry-Time No Yes No Yes

Fit statistics
Observations 141,084 126,921 141,084 126,921
R2 0.6438 0.7053 0.6441 0.7054

Clustered ( Stock & Time) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

As can be seen, a higher disagreement among analysts, whether in terms of standard

deviation of scales earnings per share or scaled max minus min of those earnings, is

associated with a lower coreness variable, or a more satellite stock. This results is immune

to fundamentals controls or industry-time effects. This lends support to our modelling as
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satellite stocks are exactly the ones whose risk is more weighted by market participants,

which is consistent with analysts having a harder time predicting their financial ratios.

2.9 Conclusion

Understanding institutional investors’ portfolio rebalancing and asset liquidation dynamics

in times of distress is of vital importance to shed light on shocks transmission mechanisms

in markets. Given the dimension of their portfolio and the correlation in their trading,

large institutions potentially play a major role in amplifying market fluctuations or limiting

downward spirals in asset prices.

In our paper, we study how mutual funds trade in response to outflows and its asset

pricing implications. We first show that funds open and close positions in response to flows

and they consolidate their portfolio towards a smaller number of stocks when receiving

outflows, a behavior that is inconsistent with standard portfolio theory. Money managers

act as if they display time varying confidence towards stock and they shrink their portfolio

towards their highest conviction positions when in distress. We then show that investors

display a pecking order in liquidation based on the past history of each position in the

portfolio and layout a behavioral model to precisely identify the two core characteristics of

a position: interim return and longevity.

Then, we show that these two core characteristics have predictive power to rationalize

mutual fund buying and selling when under pressure from outflows. We exploit an identifi-

cation strategy that compares trading dynamics on the same stocks by two different funds,

one for which it represents a core position and one for which, instead, it is identified as

satellite. A placebo analysis confirms the validity of those findings. We also check that

the concept of core position is different from the "best ideas" of a mutual fund as portfolio

overweight measures lead to simple rebalancing dynamics.
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Subsequently, we show the asset pricing implications of our theory for core versus

satellite positions. As the former are relatively protected liquidation induced dynamics,

they are found to maintain higher returns and liquidity when such events occur. Moreover,

position that are core across fund portfolios tend to have more desirable risk properties,

whether in terms of lower market exposure or higher coskewness with the market. Finally,

following the idea that lower conviction stocks are those for which the return process is

perceived to be harder to predict, we provide evidence that more core stocks are also subject

to less disagreement about their fundamentals among stock analysts.
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Chapter 3

Banks and Mutual Funds: a Dangerous

Liaison 1

3.1 Introduction

Conflicts of interest are pervasive in the financial sector. In recent years, great attention has

thus been devoted to financial industry’s consolidation and regulation with the scope of

improving its stability and transparency. Scarred by the experience of the 2008 Financial

Crisis, regulators focused their attention on the banking sector: commercial and investment

banks have been in the eye of the storm, while investment funds have been relatively spared.

As a consequence of the increasing regulatory burden, that has led to a strengthening in

capital endowment and a contemporaneous reduction in profitability, the banking sector has

shrunk in favor of the more lightly regulated non-bank financial sector (de Guindos, 2018).

Total assets of the investment fund sector in the euro area have expanded by roughly

170% between 2008 and 2017 (de Guindos, 2018) and its systemic relevance has sharply

increased. Consistently, the Italian asset management industry has recently seen a significant

development, reaching the 60% of Italian GDP in terms of assets under management at the

end of 2017. Investment funds are rarely stand alone entities. About 40% of mutual funds

1Co-authored with Giorgio Albareto and Giuseppe Marinelli
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worldwide are run by asset management divisions of banking groups (Ferreira et al., 2018).

The phenomenon is even more marked in Continental Europe and Italy, where two thirds

of Italian funds are controlled by banks. In an environment characterized by increased

competition among mutual funds, fees compression, reduction in margins and increase

systemic relevance of the sector it is crucial to understand governance implications on funds

investment decisions and performances.

In our work we aim at understanding how bank ownership affects funds’ portfolio

construction and distorts their allocation of resources. We document that bank affiliated

mutual funds overweight securities issued by companies with which banks entertain busi-

ness relations compared to independent funds. In other words bank-affiliated funds hold

disproportionately more stocks and bonds issued by companies that are either controlling-

bank borrowers, or for which the bank serves as an underwriter for their securities, or

are part of the same group. In order to assess the causal nature of our observation, we

then develop an analysis of how funds’ portfolio evolves following the spin-off from their

controlling banking groups. Asset management spin-offs were induced by the necessity

to comply with more stringent regulation at bank level and are arguably exogenous to

fund characteristics. Our estimate suggest that bank affiliation explains almost 40% of

investment in securities issued by companies with which the controlling back has developed

some form of business relations. In the last part of our paper, we investigate potential

explanations for the bias in portfolio allocation deriving from bank affiliation. On the one

hand, Bank affiliation provides a fund with significant competitive advantages, stemming

from the access to broad group-level infrastructures, information spillovers and the access

to a large and sticky client base; on the other hand, it exposes funds to potential conflicts of

interests and reduce incentive for performance. In particular, we argue that overweight of

securities issued by controlling-bank clients, is not to be attributed to superior information

or ability to predict their performance, but rather by the desire to support the financial

position of those firms and to reinforce the strength of the relationship between banks and

their clients. In conclusion we connect affiliated mutual funds’ investment distortions to
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the underperformance that characterizes such funds (Ferreira et al., 2018) and we show

that fund performances are negatively related to the fraction of their portfolio invested in

conflicted securities.

Contributions which analyze the influence of corporate governance, market structure

and conflicts of interest on funds performances and investment strategies have increased

in recent years (Kim, 1998; Massa, 2004; Nanda et al., 2004; Gaspar et al., 2006; Cohen

and Schmidt, 2009; Gompers et al., 2003; Wellman and Zhou, 2008; Ding and Wermers,

2012). As for the role of mutual funds affiliation and its implications, the indications from

the theoretical literature are not clear. On the one hand, being part of a banking group

could generate relevant information or efficiency advantages for affiliated funds over their

competitors. In particular, as lending and investment banking activity generate critical

private information via repeated interactions, fund managers could benefit from positive

spillovers from banks within the same group (Petersen and Rajan, 1995; Drucker and Puri,

2005; Massa and Rehman, 2008). Besides that, funds affiliated to banking groups, benefiting

from larger operational structures, could be favored in reaching their optimal operational

scale. Unaffiliated funds, instead, tend to be smaller, a characteristic which could result

in a structure which could be not convenient for investors (Khorana and Servaes, 2011).

Finally, being part of a bigger and more structured group could result in relevant cost

advantages derived from the ability to access group infrastructure. On the other hand, the

close interaction of banks and mutual funds could result in a loss of value for investors

due to the fact that, as mutual funds do not represent banking groups’ core business,

investment activity could be distorted to support bank’s group interests at large (Ferreira

et al., 2018). In other words, in a profit maximization perspective, managers, who respond

to group wise interests, could be willing to sacrifice revenues/profits in an ancillary activity

with the scope of favoring groups’ main businesses. Moreover, additional incentives for

investment distortions could come from the fact that banking activities have corporations as

counterparties, while the majority of bank-controlled funds shares are held by households

or individual investors, whose relative contractual power is weaker.
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Exploiting a detailed dataset which matches security level data on funds’ portfolios with

information coming from the credit register, we develop a unique in-depth analysis of mutual

fund portfolios and investment distortions stemming from bank affiliation. In particular, we

are able to match all bank activities, ranging from lending to underwriting, with mutual

funds’ holdings and investigate how conflicts of interest distort investment decisions both

in terms of stocks and bonds. Under the assumption that if assets are optimally invested to

maximize investors’ returns, asset allocation should be independent of specific issuer-bank

relationship, we devise a relevant test for affiliated funds’ investment distortions comparing

their portfolio to that of independent funds. We document an investment bias in favor of

securities issued by borrowers of the bank that controls the fund (which we label as lending

bias henceforth), or by clients for which the bank serves as an underwriter (underwriting

bias) and in favor of securities issued by institutions of the same banking group to which

the fund belongs (own group bias hereafter). We also investigate how banks’ soundness

shapes conflicts of interests between banks and mutual funds. In fact, as bank regulation

is more pervasive and more stringent than that concerning other financial intermediaries,

regulatory burdens can exacerbate conflicts of interest arising from funds’ bank affiliation.

We thus show that funds affiliated to banks under pressure due to capital requirements are

more prone to same group bias. Finally we show how firms creditworthiness affects asset

allocation. In particular, we argue that bond funds’ investment strategies are sensitive to

the performing status of the credit relationship: bank-affiliated funds tend to reduce their

bond exposure when the owning bank signals the issuer as non performing, albeit such

effect is mitigated and possibly inverted depending on the length of the bank-firm credit

relationship, thus suggesting a key role of firm-bank specific information in shaping funds’

investments.

The overweight of securities issued by companies with which the fund-controlling bank

entertains some business relationship might have little causal content. Although, in our

analysis, we control for several company and fund level characteristics, the investment

bias towards such securities could be endogenous or simply driven by some time-varying
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unobservable characteristics. For example, larger funds, might be structurally prone to take

larger stakes in bigger companies that rely largely on bank financing. Bank affiliated funds

might favor investment strategies that put more weight on companies whose performance

is less exposed to interest rate risk or, being more mature, have tighter business relations

to the banking sector. Thanks to the uniqueness of our dataset, we are able to address the

endogeneity issues related to bank-affiliated funds investment distortions. The Financial

Crisis and the subsequent introduction of strict capital regulation for banks triggered the

sale of non core activities in an attempt to strengthen banks’ capital position. As banks

were desperately trying to reinforce their capital structure in response to increasingly

stringent regulatory requirements, several European banks engaged in divestments from

their asset management activities (Unicredit and Carige are two clear example). Since funds’

spin-offs are arguably orthogonal to fund specific characteristics and asset allocation, we

expoloit them to design a dynamic difference in difference estimation of the implication of

bank affiliation on funds’ portfolios. Our result suggest that following the spin-off, funds

reduce their exposure to securities issued by clients of the previously controlling bank by

approximately 30/40%.

Once established the causal nature of the correlation between banking activities and

funds portfolio construction, we investigate the rationale for such investment distortion. We

first test the hypothesis that trading on securities issued by clients of the controlling bank

is driven by superior information. In particular we investigate whether trading by bank

affiliated mutual funds have positive predictive power for securities performances. Our

result suggest that bank affiliated funds’ trading does not display any positive informational

advantage in trading. We then analyze correlation between bank-affiliated funds trading

and the probability of repeated bank business interactions and the probability of issuers’

delinquency. All our result point in the same direction: overweight of securities issued by

controlling bank’s client seem to be driven by conflict of interest and the pursue of group

level goals, rather than the maximization of investors’ alpha.

In the last part of our paper we link investment distortions and specific bank-fund
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interactions to performances. It has been widely documented that investment funds and

professional money managers underperform passive investment strategies net of fees (Jensen

(1968), Gruber (1996), French (2008), Bergstresser et al. (2008), Del Guercio et al. (2010),

Chalmers and Reuter (2012), Hackethal et al. (2012)). Although there is consensus on the

idea that bank-affiliated mutual funds underperform their independent competitors there is

little evidence about what could be the roots of such differential returns. Existing literature

suggests that asset management divisions could be either exploited to support commercial

banking or investment banking (Berzins et al., 2013; Degeorge and Pratobevera, 2017). In

particular, as for investment banking externalities, Ritter and Zhang (2007) and Johnson

and Marietta-Westberg (2009) examine how banks exploit affiliated funds in supporting

"cold" IPOs, so that more equity can be raised and more deals can be executed when

demand is weak. Consistently, Hao and Yan (2012) argue that investment bank affiliated

funds underperform unaffiliated ones and that they are also overexposed to the stocks

whose IPO their parent bank had executed. Additionally, especially in countries where

financial markets are less developed and investment banking activities are not central in

profit generation for banks, Golez and Marin (2015) show that fund conflicts of interest may

result in trading to support the price of bank-parent stocks. Moreover, Gil-Bazo et al. (2019)

suggest that bank affiliated funds support parent banks bond issues in times of difficulty. As

for commercial banking, Ferreira et al. (2018) show that bank-affiliated funds underperform

their competitors and they hint at the fact that such underperformance could be attributed

to an overweight of securities issued by banks syndicated lending clients in their portfolios.

Building on such contributions, we argue that distortion is investments and overweigth-

ing of securities of controlling-bank client hinders performance. In particular we directly

measure how any increase in the exposure towards borrowing-lient firms securities and

securities issued by institutions belonging to the same group negatively affect fund perfor-

mances. Moreover, we document how correlation in securities trading between banks and

their affiliated mutual funds affects performances. In particular, we show that whenever

banks sell securities which are contemporaneously purchased by their affiliated funds,
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performance of the latter gets strongly harmed, suggesting that funds’ investments could

be, at least partially, exploited to support prices of assets which are dropped from banks

portfolios.

The rest of the paper is organized as follows: Section 3.2 provides a description of the

institutional context in which the asset management companies operate, Section 3 describes

the data set and some stylized facts on the asset management industry. The core of the

paper lies in Section 4, 5 which respectively provide evidence of investment and estimates a

dynamic difference in difference model for the fraction of investment portfolio in conflicted

securities. Section 6 provides additional evidence on the rubustness of the results. Section 7

discusses potential explanations for the uncovered investment distortions, while Section 8

connects investment biases to underperformance. Section 8 concludes.

3.2 Institutional Context

Before moving to the empirical content of the paper, and in order to better understand the

nature of our results, it is important to shed light on the Institutional context of the asset

management industry in Europe, in general, and in Italy, more specifically.

In the aftermath of the recent financial crisis, great attention has been dedicated by

regulators and supervisory authorities towards the strengthening of the financial sector; and

specifically the the banking industry.

The regulatory framework of the European banking sector has been deeply strengthened

in 2013 when the European Union introduced a new package of prudential requirements

commonly referred to as CRD IV.2 The package is aimed at transposing the Basel III

regulatory framework into the European legislation, threreby introducing, inter alia, a more

stringent definition of capital, Common Equity Tier 1 capital, essentially consisting of equity

and retained earnings. Further enhancements concern the introduction of additional capital

2The banking directive CRD IV actually consists of Directive 2013/36/EU and Regulation (EU) 575/2013
representing the third set of amendments to the original 2006 banking directive CRD, also known as Capital
requirements directive.
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buffers and of limits to the distribution of dividends and of bonus payments. The new rules

have caused a positive shock to banks’ capital requirements, sparking a widespread hunger

for capital and a subsequent process of capital raising in the sector. The reaction of banks

has been heterogeneous: many of them were forced to raise capital on the market, whereas

others chose to focus on less capital-absorbing assets or to dismiss non-core activities in

exchange for cash.

Following economic recovery and falling unemployment in Europe, banks profitability,

though still at low levels, has improved. Banks have now higher capital ratios and appear to

be more resilient than they previously were, as testified by recent European level stress tests.

Nonetheless this process has come to a cost: the banking sector has contemporaneously

shrunk in favor of more lightly regulated non-bank financial sector (Louis de Guindos

2018) 3. In particular, the asset management industry over the past decade has almost

tripled its assets under management and increased its relevance thus demanding for a better

understanding of its vulnerabilities.

When it comes to Financial markets, instead, the regulation within the European

Union is based on two pillars: the Market Abuse Directive (MAD henceforth), Direc-

tive 2003/6/EC, and the Markets in Financial Instruments Directive (henceforth MIFID),

Directive 2004/39/EC.

The two pieces of regulation, approved following the process of integration of European

financial markets in an attempt to harmonize European Union’s member’s legislation,

complement one another. While the former which handles market abuse, is intended to

guarantee the integrity of European financial markets and enhance investors’ confidence,

the latter deals explicitly with the regulation of investment intermediaries with the goal of

increasing competition and investors’ protection in investment services.

On the one hand the MAD, which was later substituted by the Regulation (EU) No

596/2014 (MAD II henceforth), aims at preventing insider dealing and market manipulation

both by preventing any person who possesses inside information from using them (either

3https://www.ecb.europa.eu/press/key/date/2018/html/ecb.sp181112.en.html
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acquiring or disposing financial instruments to which that information relates), and by

limiting any transaction or order to trade that might provide misleading signals to the

market or distort the price of financial instruments in an abnormal way.

On the other MIFID, updated by the directive 2014/65/EU (MIFID II henceforth),

imposes more reporting requirements and tests on financial intermediaries with the scope

of increasing transparency and reduce the use of private financial exchanges and over-

the-counter trading. Under the new regulatory framework, specific attention has been

dedicated to conflicts of interests for investment services firms. The directive establishes

that intermediaries have to proactively identify conflicts of interests and establish rules to

shield the interests of their clients from the distortions stemming from such conflicts, thus

mitigating their potential impacts. Finally, in case the organizational and administrative

arrangements put in place by the investment firm to manage conflicts of interests were

not sufficient to ensure a substantial protection of clients, financial intermediaries should

provide their customers with sufficiently detailed information so to allow them to make

informed investment decisions.

3.3 Data and Summary Statistics

The backbone of our dataset is represented by the intersection of fund portfolio data with

the bank level information coming from the combination of the Bank of Italy Database on

Security Issuers and the Italian Credit Registry.

Our sample consists of 1,860 mutual funds managed by almost 120 asset management

companies (Table 3.1)4 and spans from the first quarter of 2005 to the first quarter of 2019.

Half of the AMCs are affiliated to banking groups, whereas the remaining half is split into

independent funds (one third), insurance-affiliated (one tenth) and a few funds with mixed

affiliation. The average size of investment funds greatly varies depending on the nature

4The total number of funds and of AMCs in Table 3.1 is not 1,860 and 120 since some of them have changed
affiliation during the sample period thereby leading to a few duplications when breaking down the sample by
affiliation.
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of their affiliation: bank affiliated funds are, on average, the largest managed ones (more

than euro 300 million of assets under management), whereas independent funds tend to be

smaller (euro 114 million). The share of mutual funds whose main assets are represented by

stocks5 is around one fourth for bank-controlled and independent funds and is higher for

insurance companies-controlled ones (46%). In terms of assets such share is even lower, i.e.

less than 20% for bank-affiliated and independent funds and one fourth for the others.

Table 3.1: Summary Statistics

Number of Assets (euro millions)
Affiliation Funds AMCs Total Mean Median SD

Bank 1627 69 150,825 308 95 789
Insurance 138 15 12,602 217 82 573
Mixed 274 7 17,852 276 137 494
Independent 349 47 13,236 114 45 251

Share of equity funds Net Returns (%)
Affiliation Number Assets Mean Median W. mean SD

Bank 23.2 15.75 0.25 0.38 0.48 5.15
Insurance 46.4 25.41 0.06 0.4 0.43 5.89
Mixed 17.1 23.97 0.35 0.3 0.66 5.13
Independent 25.5 17.13 0.32 0.44 0.59 6.34

Independent funds perform slightly better than bank-affiliated funds, especially in terms

of weighted average return where the difference is 11 basis points on a quarterly basis

(Table 3.1).6 Insurance affiliated funds are characterized by the lowest returns in terms of

simple and weighted mean. Bank-controlled funds and those with mixed affiliation are

characterized by the lowest variability of returns whereas independent funds are more

variable.

Such performance indicators may be obviously affected by the size of the fund or of the

AMC or by the type of investment, listed or non-listed instruments, by their investment

5We adopted the Assogestioni classification of mutual funds according to which these are classified into more
than 40 categories based on the portfolio proportion of equity or debt, the main geographic area of investment
and currency.

6Net returns are calculated as the difference between gross returns and total shareholder costs (TSC) which
include those that are charged on the fund and those directly attributed to subscribers (subscription and
redemption fees).
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strategy, or by the region of the investment. All these factors need to be considered in a

multidimensional analysis which accounts for all of them at once.

3.3.1 Funds’ Portfolios and Bank Loans

We exploit extremely granular data on mutual funds’ portfolios and on banking group loans

at borrower level. Data on funds’ portfolios are available at security by security (ISIN code)

level and were merged with the Bank of Italy Data Base on Security Issuers containing data

on issuer characteristics such as nationality and sector.

Data on individual loans at bank-firm level are drawn from the Bank of Italy Central

Credit Register (CCR) where all the loans with a granted amount larger than euro 30,0007

are reported by the universe of Italian banks. It can be safely assumed that the dataset

contains the universe of loans granted to the firms in our sample as we are dealing with

firms accessing the capital markets which, in Italy, is a prerogative of larger firms. We

consider only those firms that issued securities held in funds’ portfolios.

Overall the bank-issuer data set consists of 1.8 million quarterly observations with

information on the amount of loans granted by the universe of banks to firms whose

securities are held in the portfolios of investment funds between 2005 and the first quarter

of 2019. On average, the sample includes the lending positions and the portfolio connections

of 40 banks and 5,500 firms resulting in a total of 140 banks and more than 24,000 issuers in

the whole sample. The median number of firms’ credit relationships is 2 and rises to 5 in

the case of Italian non-financial corporations.

The extreme level of detail of the data set allows to identify the combinations of banks

and issuers where a link exists through funds’ portfolios and/or a credit relationship. Thus

we can derive a measure of potential conflict of interest based on the share of securities

issued by connected entities in the aggregate portfolio of bank-affiliated mutual funds.

The share of funds’ portfolios comprising securities issued by firms which are at the same

7A change of the threshold occurred in 2009 when it was lowered from euro 75,000. Such change should
not bias our sample of loans as security issuers are large firms characterized by loan amount significantly larger
than the thresholds.
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time borrowing from the same banking group is 3.8% on average in the sample period.

The fraction of funds’ portfolios invested in securities issued by the underwriting clients

of the banking group has been 2.2% on average in the last decade whereas the average

portfolio share of securities issued by institutions belonging to the same banking group of

the investment fund has been 0.28%.8

3.4 Measuring Investment Distortion

We start our analysis by investigating how the interaction of banking and investment

activities are associated with distortions in portfolio construction. Due to the unobservable

nature of each funds’ optimal asset allocation, which would represent the benchmark to

evaluate the efficiency of funds’ investment, we rely on the identification assumption that, in

absence of any distortions, investment decision should be orthogonal to bank-firm specific

variables. In other words, if fund managers are optimally deciding how to allocate their

asset across different securities to maximize fund’s returns, the investment process should

not incorporate any information on the relationship between the controlling bank and the

investment target. We can thus devise a meaningful test for the existence of distortion

in investment strategies of bank affiliated funds by showing that bank-firm relationships

affect the amount of resources invested in the securities issued by the firms involved in the

relationships.

We identify several sources of investment distortions arising from activities carried out

by the controlling bank in a financial group. The first potential distortion in asset allocation

arises from the controlling bank’s core business : the lending activity. On the one hand,

due to the credit relationship that exists between the controlling bank and the company

that issues securities, bank affiliated funds might hold superior information on borrowing

companies’ prospects. On the other, hand group-wise interests might find it optimal to

8We do not have information on the structure of business groups, which could lead to the underestimation
of the potential conflicts for example in the case of securities issued by a non-financial holding company and
loans to another firm of the business group. Such data limitation should not invalidate our analysis as it biases
the sample against finding evidence of conflict of interests.
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either exchange favors with their clients in terms of inflating the price of their stocks or

simply improving their access to credit and solvency by supporting the liquidity/value of

their bonds.

The second potential distortion, instead, is connected to investment banking activities

carried out by banks. In such a context, AMCs may be induced to support the price of the

securities underwritten or simply placed by the investment banking arm of the controlling

group. We label the former lending client bias and the latter underwriting bias.

Finally, a third type of investment distortion may arise from the fact that funds controlled

by banks tend to be part of a large financial group that itself issues securities. In this context,

funds that are part of a larger banking group might have incentives to overweight in their

portfolios securities issued by companies that are part of the same group. We label this same

gorup bias.

Exploiting a unique dataset which allows us to match funds’ holdings at security level

with data at bank-firm level from the Bank of Italy Central Credit Register (CCR), we thus

proceed in two steps: we first conduct a fund level analysis which allows us to compare

investment behavior of bank affiliated funds with independent ones, and then we conduct a

within-bank-affiliated funds’ portfolio allocation analysis.

3.4.1 Fund-level Analysis

In the first part of our empirical analysis we aim at understanding whether the fact that

there exists a business relation generates an overweight in funds’ portfolio of securities

issued by firms that are client of the controlling bank.

In our fund level analysis, when assessing the lending client bias and the underwriting bias,

we thus rely on the following fixed effects linear model:

ln
(
Sb,i,j,t

)
=βCCREDITb,i,j,t + βUUNDERWRITINGb,i,j,t

+δ⊺Xb,i,t + ηb + ηi,t + ηj,t + εb,i,j,t

(3.1)

The dependent variable, the logarithm of the amount of securities issued by firm j and
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held by the investment fund i which could be associated to banking group b at the end of

quarter t, is regressed on two dummy variables : CREDITb,i,j,t and UNDERWRITINGb,i,j,t.

CREDITb,i,j,t takes value one if fund i is affiliated to the banking group b that lends to issuer

firm j at time t, while UNDERWRITINGb,i,j,t assumes value one if fund i is associated to the

banking group b that has underwritten or placed securities of firm j in the last quarter. As

under the null investment should be independent of any bank-firm variable, we claim that

our variables correctly identify investment distortions stemming the intersection of banking

and investment activities. We also use a vector Xb,i,j,t of additional control variables at fund-

bank-firm-time level such as the length of the credit relationships and an indicator variable

for those positions that are flagged as non-performing by the intermediary.9 Thanks to fund-

time fixed effects ηi,t we control for shifts in the demand of securities over time, whereas

issuer-time fixed effects ηj,t account for shifts in the quality and in the volumes of supply at

firm-level. Finally, bank fixed effects ηb account for time constant bank characteristics which

could affect our estimates. Our identification relies on comparing the same security across

funds for which the issuing firm is either characterized by some business relationship with

the controlling bank or not.

In order to estimate the effect same-group bias on mutual funds’ portfolios, we propose

the following linear fixed effects model:

ln
(
Sb,i,j,t

)
=βGGROUPb,i,j,t + δ⊺Xb,i,t + ηb + ηi,t + ηj,t + εb,i,j,t (3.2)

where GROUPb,i,j,t is an indicator variable equal to one if the issuer j of the securities in

mutual fund i’s portfolio belongs to the same banking group b as the fund itself.

Table table:portfolio regression display the results of our estimation. Columns (1), (2) and

(3) present results for lending biases and underwriting biases in investments, while Columns

9The three subcategories of NPLs are ’bad loans’, ’unlikely-to-pay exposures’ and ’overdrawn and/or past-
due exposures’. Bad loans are exposures to debtors that are insolvent or in substantially similar circumstances.
Unlikely-to-pay exposures (aside from those included among bad loans) are those in respect of which banks
believe the debtors are unlikely to meet their contractual obligations in full unless action such as the enforcement
of guarantees is taken. Overdrawn and/or past-due exposures (aside from those classified among bad loans
and unlikely-to-pay exposures) are those that are overdrawn and/or past-due by more than 90 days and for
above a predefined amount.
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(4), (5) and (6) focus on the analysis of what we have defined as same group bias.

Table 3.2: Fund - Portfolio Regressions

(1) (2) (3) (4) (5) (6)
Full Sample Europe Italy Full Sample Europe Italy

CREDIT_D 0.0792∗∗ 0.0751∗∗ 0.0944∗∗

(0.0332) (0.0369) (0.0435)

UNDERWRITING 0.0466 0.0661 0.1188∗∗

(0.0528) (0.0539) (0.0532)

GROUP 0.1238 0.1702∗∗ 0.2464∗∗∗

(0.0794) (0.0769) (0.0787)

OTHER NPLs 0.0782 0.0894 0.1317∗

(0.0606) (0.0660) (0.0731)

ln(LENGTH) -0.0217 -0.0264∗ -0.0352∗∗

(0.0132) (0.0135) (0.0146)

Fund x Time FE Yes Yes Yes Yes Yes Yes

Issuer x Time FE Yes Yes Yes Yes Yes Yes

Bank FE Yes Yes Yes Yes Yes Yes
N 1842863 1069032 686096 1842863 1069032 686096
adj. R2 0.812 0.793 0.804 0.812 0.793 0.804
Bank-Time FEs 27730 19912 11529 27730 19912 11529
Issuer-Time FEs 200109 118187 84642 200109 118187 84642

Clustered at fund-time standard errors in parentheses
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Column (1) show results of our estimation carried out on the whole sample of funds,

Column (2) focuses on funds whose main investment focus is Europe, while Column (3)

zooms on funds whose main investment focus is represented by Italian issuers. Contrary to

the assumption that funds invest optimally in order to maximize profits, our analysis shows

that the existence of a lending relationship between the controlling bank and an issuer firm

increases by almost 8% the amount invested by funds in that specific security when focusing

on our full sample or on European funds, and by almost 9.5% when we restrict on Italian

focused funds only.

While the lending bias seems to be both statistically significant and economically relevant,

the same is not true for the underwriting bias, which emerges only, and it is statistically

significant at 5%, when we focus on the Italian subsample of funds. Consistently with the

idea that conflicts of interest determine investment distortion, we observe that the magnitude

of lending bias increases moving from global funds to Italian focused ones. Interestingly,

143



the fact that the specific borrowing firm is known by the bank to be non performing does

not display any statistically significant effect on the global or European subsample. On the

contrary, when dealing with the Italian subsample, our results suggest that whenever a firm

is signalled as facing difficulties in repaying its loans to the bank, funds affiliated to that

same bank increase their exposure towards that firm on average.

Moving to the analysis of same group bias, Columns (2), (3) and (4) show that belonging

to the same group sharply increases investment in a specific company. The effect is not

statistically significant when it comes to the full global sample, but it amounts to almost a

25% increase in the holding of a security when focusing on Italian funds.

In Table 3.3 we conduct and in depth analysis of portfolios distortion on the subset of

Italian focused funds. In particular, Column (1) displays results for lending bias on the whole

sample of stock and bond funds, Columns (2) and (3), instead, focus on stock and bond

funds respectively. Finally, Columns (4) and (5) estimate our model both for the three type

of potential distortions all together, namely lending bias, underwriting bias, same group bias on

the subsample of stock and bond funds.

Column (1) confirms that whenever the controlling bank has a lending relationship with

a firm that issues securities, those tend to be overweighted (by a little more than 9%) in

funds’ portfolios. Moreover, such overweight becomes more marked when the lending

relationship is non performing. Moreover the decomposition between stock and bond funds

provides us interesting intuitions. Columns (2) and (3) suggest that the magnitude and

statistical significance of the investment bias deriving from bank lending activity is stronger

for equities than for bond funds. On the contrary, the interaction between the dummy for

deteriorated credit and the length of the lending relationship displays no effect on stock

funds investments, while it has a strong predictive power for bond funds. In particular,

whenever the firm to whom the bank is lending is not repaying its obligations in a timely

fashion, funds that are affiliated to the lending bank sharply decrease their exposure (−36%),

but such direct effect is mitigated and possibly reversed when the firm holds a sufficiently

long term credit relationship with the bank. Under the assumption that lending and bond
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Table 3.3: Fund - Portfolio Regressions Italy

(1) (2) (3) (4) (5)
Ita Stock Ita Bond Ita Stock Ita Bond Ita

CREDIT_D 0.0944∗∗ 0.1254∗∗ 0.0871∗ 0.1252∗∗ 0.0980∗∗

(0.0435) (0.0505) (0.0462) (0.0502) (0.0459)

UNDERWRITING 0.1188∗∗ 0.2980∗∗∗ 0.0892∗ 0.1909∗∗ -0.0016
(0.0532) (0.0906) (0.0502) (0.0843) (0.0540)

OTHER NPLs 0.1317∗ 0.1416 -0.3590∗∗ 0.1447 -0.3356∗∗

(0.0731) (0.1245) (0.1438) (0.1246) (0.1424)

ln(LENGTH) -0.0352∗∗ -0.0312∗ -0.0421∗∗ -0.0320∗ -0.0495∗∗∗

(0.0146) (0.0169) (0.0159) (0.0169) (0.0162)

LENGTH*OTHER NPLs 0.0191 0.1472∗∗∗ 0.0175 0.1341∗∗∗

(0.0400) (0.0454) (0.0403) (0.0455)

GROUP 0.1950∗ 0.2370∗∗∗

(0.0974) (0.0857)

Fund x Time FE Yes Yes Yes Yes Yes

Issuer x Time FE Yes Yes Yes Yes Yes

Bank Yes Yes Yes Yes Yes
N 686096 98423 568618 98423 568618
adj. R2 0.804 0.810 0.806 0.810 0.806
Bank-Time FEs 11529 1792 9685 1792 9685
Issuer-Time FEs 84642 15148 75616 15148 75616

Clustered at fund-time standard errors in parentheses
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

funding are at least partially substitute and exposed to similar sources of default risk, this

result is consistent with the idea that bank affiliated funds support the activity of long term

bank clients overinvesting in their debt and supporting their activity. This outcome can be

interpreted either as a way for banking groups to provide support to firms to smooth out

negative idiosyncratic shocks, which, by virtue of a long term business interaction, they are

able to optimally identify, or as a form of zombie lending in favor of long term clients.10

In Columns (4) and (5) we further expand our investigation of investment distortions

on Italian stock and bond funds. Specifically, we add controls for same group bias. Our

estimations suggest that for both stock and bond funds being part of a banking group

provides incentives to overweight securities issued by firms belonging to the same group.

10Schivardi et al. (2017) analyze zombie lending and its effects during the financial crisis.
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On the contrary, underwriting bias displays a strong positive effect for stock funds only11.

3.5 Causality in Portfolio Distortions

In previous sections we have documented that bank affiliation is accompanied by an

overweight of securities issued by companies that have ties to funds’ controlling group. In

this section, we argue that our observation on portfolio distortion is indeed causal and that

bank affiliation actually induces mutual fund to overweight securities of companies which

are also bank’ client.

In order to do so we exploit the variation induced by spin off of asset management

divisions from banks to design a dynamic Difference-in-Difference model to estimate the

portfolio impact stemming from bank affiliation. In particular, we analyze how the fraction

portfolio allocated to securities deemed as in conflict, as issued by companies which are also

client of the larger banking group to which the asset management company is affiliated,

evolves after the fund is sold. The spin offs of asset management industries represent

the perfect setting for our estimation, as they were arguably orthogonal to any fund

specific charactetistics but rather dictated by the necessity to comply with more stringent

regulatory requirements for banks. In the context of the Italian banking sector, selloffs of

asset management arms from larger banking groups were mainly triggered by their desire

to consolidate their capital position and increase their resilience to stress tests. The most

famous example in this context is provided by the sale of Pioneer from Unicredit which, as

testified by the Wall street Journal, was intended to "boost to Italian bank’s capital buffers".

12

When analyzing the evolution of the fraction of funds’ portfolios allocated to securities

issued by bank group client after the fund is sold we face two main hurdles. First of all, by

11Such result might be driven by the nature of the UNDERWRITING variable which is in fact referred
to either the underwriting activity stricto sensu or the mere placement of securities without underwriting as
described in Table C.2. The placement of securities without underwriting is more common for bonds, thus the
variable might be capturing the underwriting activity of bonds in a not entirely precise way.

12https://www.wsj.com/articles/unicredit-seals-4-10-billion-sale-of-asset-manager-to-amundi-1481531842
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construction, once the fund is spun off, the definition of conflicted securities loses significance,

as the fund is not part of a larger group anymore. Secondly, if we fix the set of companies

which are considered to be conflicted before the fund is spun off, natural portfolio rotation

might generate the result that the fraction of portfolio invested in securities issued by such

companies decreases in time.

We thus proceed in three steps: we first match each treated (i.e. spun off) fund to a

control fund which displays similar characteristics but remains bank affiliated for the whole

sample period; we then assign each control unit an artificial "spin off" date equal to that

of corresponding treated unit; finally we fix for both the treated and control funds the set

of conflicted issuers as companies with which the controlling banking group had some

business relationship in the last two quarters preceding the (artificial or real) spin off. We

thus define the conflicted portfolio for the post treatment period as the set of securities

which were issued by companies that displayed some conflicts of interest in the pre-spin-off

(either real or synthetic) period for both the treatment and control group.

Our analysis crucially relies on two fundamental identifying assumptions: that of parallel

trends, i.e. that in absence of spin-off the evolution of the fraction of assets invested in

conflicted securities would have been the same in our treatment and control group, and that

of no selection, i.e. that the decision to sell an asset management company is uncorrelated

with funds’ portfolio structure. As for the first, in the following sections, we show that the

evolution on the fraction of the portfolio invested in conflicted securities is virtually identical

in the quarters leading to the spin-off date and that the funds in our control group represent

a good counterfactual for our treated. As for the second, instead, we argue that the decision

to dismiss asset management companies is independent of their portfolio allocation, as it is

the result of group-wide decisions rooted in the need of banks to strengthen their capital

positions. Asset Management Companies spin-offs were, in fact, concentrated in banks

whose capital structure was particularly weak and were realized in correspondence of banks

recapitalization attempts. Sales of Asset Management Companies were thus exploited by

Italian Banks to improve their capital structure when they needed it the most. Some clear
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examples of such pattern are represented by the sale of Pioneer by Unicredit and that of

Carige SGR by the omonimous Bank. Pioneer sale was completed in 2016 right before the

approval of a large recapitalization of the Bank and was openly advertised as a attempt

by its CEO to limit the amount of capital that need to be raised on the market 13. Carige

SGR, instead, happened in the context of a large spin-off of assets by Banca Carige, which

included also all its insurance business, as the bank was desperately in need to reinforce its

weak capital position.

3.5.1 Matching of Treated Funds

We preliminarily carry out a non-parametric matching procedure between treated funds,

i.e. those that have been spun-off from a banking group during our sample period, and the

pool of control funds which have never been spun-off. First we estimate a logistic regression,

where the outcome variable is the binary treatment variable equal to one if the mutual fund

has been spun off and zero otherwise. The vector of explanatory variables includes the

logarithm of assets under management, the logarithm of net redemptions and the share

of fund units distributed through bank distribution networks. The predicted values of the

regression represents the propensity score, i.e. the probability the fund is spun off based on

its characteristics employed as explanatory variables. Hence the result of this estimation is a

panel data set with the time-varying propensity scores for treated and untreated funds.

Next we select the 120 spin-offs of bank-affiliated mutual funds that occurred during

our sample period and for each of them we consider a subset of funds taken from the pool

of controls that can be continuously observed in the two years preceding the spin-off. For

each spin-off we have, on average, almost 300 mutual funds in the pool of eligible controls

from which we want to select the one that best matches the treated fund. The matching

is based on the propensity scores derived in the first stage. For each spun-off fund we

associate the control fund that minimizes the average squared propensity score difference

the pre-treatment period.

13https://www.repubblica.it/economia/finanza/2016/12/12/news/unicreditvendeamundi − 153931028/
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Table 3.4: Matching Procedure - Summary Statistics

Original Matched Percentage
Variable Treated Control Untreated difference difference Improvement

Mean
Propensity score 0.1929 0.1893 0.1491 0.0438 0.0036 91.7542
Assets under management 18.3575 18.2720 18.1532 0.2043 0.0856 58.1212
Redemptions 14.3028 14.4684 14.1372 0.1656 −0.1656 −0.0014
Bank distribution 0.7032 0.6987 0.7984 −0.0952 0.0045 95.2577

Standard deviation
Propensity score 0.1442 0.1372 0.0301 0.1142 0.0070 93.8489
Assets under management 1.3758 1.3713 0.5111 0.8646 0.0045 99.4822
Redemptions 2.3872 1.4207 1.2117 1.1754 0.9665 17.7755
Bank distribution 0.4013 0.4235 0.1087 0.2926 −0.0222 92.4069

Once the matching has been performed, we assess the quality of our procedure though

a series of tests. This is typically assessed, as a proxy, on a univariate basis through the

comparison of the moments of the variables’ distributions of the treatment and control

groups (Table 3.4). Firstly the original difference between the treated and the untreated in

terms of propensity score was a bit more than 4% and has fallen to 0.4% when comparing

the treated with the group of funds selected into the control group with a percentage

improvement which is greater than 90%. Similarly the distributional balance of the covariates

used in the estimation of the propensity scores has vastly improved in terms of mean values

and standard deviations except for net redemptions. A more intuitive assessment of the

distributional balance can be performed through graphical inspection of standardized mean

differences (Figure 3.1, top left panel) where the differences are scaled by the dispersion of

the variables they are referred to. An acceptable value of the standardized mean difference

should be smaller than 0.1 in absolute terms. The dramatic improvement of the balance in

terms of propensity score is reflected in all the covariates used in the matching procedure

and in additional variables with the most pronounced improvement being in the distribution

of the bank distribution share variable.

The analysis of summary statistics is complemented by visual inspection of the distribu-

tional densities (Figure 3.1, top right panel). The propensity score distribution of the treated
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This figure reports several tests on the distributional balance of the sample generated by a non-parametric
matching procedure of mutual funds that have been spun-off by banking groups between 2005 and 2018.
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Figure 3.1: Matching Balance Diagnostics

is indeed characterized by two modes which is not the case for the untreated group of the

raw data set. The group of funds selected into the control group through the matching

procedure has a bimodal density distribution which largely resembles that of the treated

group.
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3.5.2 Difference in Difference Estimation

We now proceed to the estimation of the impact of spin-off of asset management companies

from the controlling banking group. we first conduct a standard Difference-in-Difference

estimation and then we move to specifying a full Dynamic Difference-in-Difference model

that allows us to trace the evolution in time of the fraction of asset invested in conflicted

securities.

Standard DID

As our goal is to estimate the effect of funds’ spin-off from banking groups, we first estimate

a Difference-in-Difference model. We restrict our analysis to 6 quarters before and 6 quarters

after the spin off. We thus estimate the following equations:

Yi,t,m = α + β Posti,t,m × Treati,t + γXit + ζ Posti,t,m + δ Treati,t + ϵi,t,m

where subscript i,t and q stand for fund, time and match-pair. Yi,t,m is our outcome variable

and it identifies the fraction of the portfolio invested in conflicted securities by fund i that

is assigned to match m at time t. Xit is a vector of fund level controls. Treati,t is a dummy

variable which takes value one in case the fund belongs to the treated group, i.e. the funds

which have been sold by their parent banking groups. Posti,t,m is a dummy variable which

takes value one in the quarters following the spin-off the treated fund for every pair of

matched observations. The coefficient of interest is that of the interaction term, which we

label as β.

Estimation results, displayed in Table 3.5, suggest that the exit of a fund from a banking

group results in a decrease in the fraction of asset invested in conflicted securities between

0.05 and 0.06 (approximately 40% of the mean investment in such securities in our sample).

The results are pretty stable across specifications and robust to the introduction of spin-off

time and match fixed effects. Match fixed effects account for time constant differences across

different match pair, while spin-off date fixed effects account for potential heterogeneity in

the implications of fund sales on the evolution of their portfolio due to the specific period
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in which the fund were actually sold.

Table 3.5: Difference-in-difference Model Estimation Results

(1) (2) (3) (4)
VARIABLES DiD DiD DiD DiD

Post -0.0050 -0.0033 -0.0025 0.0032
(0.0101) (0.0104) (0.0118) (0.0114)

Spin-Off 0.1386*** 0.1305*** 0.1447*** 0.1439***
(0.0264) (0.0275) (0.0301) (0.0343)

Post × Spin-Off -0.0464*** -0.0524*** -0.0498*** -0.0611***
(0.0143) (0.0156) (0.0157) (0.0147)

Assets -0.0000*** -0.0000*** -0.0000** -0.0000
(0.0000) (0.0000) (0.0000) (0.0000)

Frac AuM 0.6052*** 0.7138*** 0.7901*** 0.6793**
(0.1617) (0.1469) (0.1513) (0.3211)

Inflows -0.0000 -0.0000 -0.0000**
(0.0000) (0.0000) (0.0000)

Net Redemptions -0.0000 0.0000 0.0000*
(0.0000) (0.0000) (0.0000)

Turnover -0.0554 -0.0495 -0.0426
(0.0578) (0.0533) (0.0388)

Observations 1,703 1,703 1,703 1,703
R-squared 0.1971 0.2247 0.2821 0.6308
Match FE no no no yes
Date Spin-Off FE no no yes no

Full Dynamic DiD

After estimating the effect of spin-off on bank affiliated fund portfolios though a standard

Difference in Difference, we now robustify our analysis estimating a full Dynamic Difference-

in-Difference model. This way we can both analyze the evolution of the fraction of portfolio

invested in conflicted securities in time and check whether the assumption of parallel trends

holds in our sample.
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We thus estimate the following equation:

Yi,t,m =
+6

∑
τ=−6

βτ1t=τ × Treati,t + γXit + αm + ϵi,t,m

where, as before, i,t and m stand for fund, time and match-pair. Yi,t,m stands for the fraction

of the portfolio invested in conflicted securities by fund i that is assigned to match m at time

t. Xi,t is a vector of fund level controls. αm stands for spin-off time/match-pair fixed effects.

1t=τ are event-time indicator variables. Finally Treati,t takes value one in case of a spun-off

fund.

Exploiting such specification we can trace out the differential evolution of the fraction

of portfolio invested in conflicted securities for the treated and control group in the post

treatment period, while checking that they are identical, in statistical terms, in the pre-spin-

off period.

Figure 3.2: Dynamic DID on the fraction of assets invested in conflicted securities

Table 3.6 displays the results of our estimation: Column (1) shows estimation outcome

when exploiting a parsimonious specification, Column (2) adds controls, Column (3) adds

spin-off date fixed effects fund fixed effects, while finally Column (4) introduces match-pair

fixed effects. Results appear consistent across specifications and show that the interaction of
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1t=τ × Treati,t becomes statistically significant only in the post spin-off period. This suggest

that, all-else equal, being sold from a banking group is associated with significative reduction

in exposure to conflicted securities. The contraction in such fraction increases in magnitude

in time and reaches a value between 0.05 and 0.07 (which represents approximately 30-

40% of the average conflicted securities exposure in our sample and is consistent with

our original Difference in Difference estimation), six quarters after the fund is separated

from the originally controlling banking group. Moreover the absence of any statistical

significative difference in the evolution of the fraction of portfolio invested in conflicted

securities between treated and control group in the 2 years preceding the spin-off builds

confidence on our identifying assumption.
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Table 3.6: Difference-in-difference Model Estimation Results

(1) (2) (3) (4)
VARIABLES Dynamic DiD Dynamic DiD Dynamic DiD Dynamic DiD

1t=−6 0.0207 0.0113 0.0186 0.0083
(0.0143) (0.0148) (0.0176) (0.0142)

1t=−5 0.0205 0.0104 0.0174 0.0045
(0.0144) (0.0154) (0.0182) (0.0149)

1t=−4 0.0199 0.0126 0.0188 0.0067
(0.0135) (0.0143) (0.0169) (0.0140)

1t=−3 0.0191 0.0134 0.0195 0.0102
(0.0121) (0.0130) (0.0154) (0.0122)

1t=−2 0.0066 -0.0032 0.0057 -0.0034
(0.0099) (0.0107) (0.0138) (0.0113)

1t=−1 -0.0004 -0.0067 -0.0054 -0.0068
(0.0065) (0.0079) (0.0086) (0.0043)

1t=1 0.0066 0.0056 0.0068 0.0089
(0.0066) (0.0090) (0.0091) (0.0085)

1t=2 0.0159* 0.0041 0.0126 0.0073
(0.0089) (0.0081) (0.0098) (0.0130)

1t=3 0.0183 0.0107 0.0172 0.0117
(0.0127) (0.0130) (0.0142) (0.0185)

1t=4 0.0156 0.0090 0.0148 0.0107
(0.0127) (0.0133) (0.0144) (0.0185)

1t=5 -0.0055 -0.0087 -0.0023 -0.0021
(0.0080) (0.0079) (0.0092) (0.0122)

1t=6 -0.0074 -0.0083 -0.0010 -0.0031
(0.0084) (0.0090) (0.0102) (0.0131)

Spin-Off 0.1320*** 0.1262*** 0.1406*** 0.1361***
(0.0227) (0.0230) (0.0261) (0.0303)

1t=−6×Spin-Off 0.0137 0.0100 0.0093 0.0134
(0.0200) (0.0203) (0.0203) (0.0188)

1t=−5×Spin-Off 0.0164 0.0120 0.0111 0.0165
(0.0198) (0.0198) (0.0199) (0.0184)

1t=−4×Spin-Off 0.0106 0.0065 0.0054 0.0110
(0.0177) (0.0183) (0.0183) (0.0178)

1t=−3×Spin-Off -0.0059 -0.0123 -0.0094 -0.0044
(0.0141) (0.0152) (0.0161) (0.0163)

1t=−2×Spin-Off 0.0027 -0.0002 -0.0015 0.0018
(0.0121) (0.0124) (0.0129) (0.0113)

1t=−1×Spin-Off 0.0111 0.0118 0.0141 0.0107
(0.0089) (0.0102) (0.0108) (0.0083)

1t=+1×Spin-Off -0.0171** -0.0138 -0.0168* -0.0169*
(0.0080) (0.0094) (0.0096) (0.0095)

1t=+2×Spin-Off -0.0295*** -0.0370*** -0.0332*** -0.0396***
(0.0097) (0.0108) (0.0116) (0.0140)

1t=+3×Spin-Off -0.0420*** -0.0548*** -0.0480*** -0.0548**
(0.0134) (0.0148) (0.0161) (0.0209)

1t=+4×Spin-Off -0.0603*** -0.0639*** -0.0639*** -0.0757***
(0.0164) (0.0189) (0.0189) (0.0232)

1t=+5×Spin-Off -0.0548*** -0.0688*** -0.0627*** -0.0822***
(0.0155) (0.0184) (0.0192) (0.0224)

1t=+6×Spin-Off -0.0501*** -0.0725*** -0.0686*** -0.0788***
(0.0168) (0.0190) (0.0186) (0.0194)

Assets -0.0000*** -0.0000*** -0.0000** -0.0000
(0.0000) (0.0000) (0.0000) (0.0000)

Frac AuM 0.6051*** 0.7154*** 0.7901*** 0.6782**
(0.1631) (0.1478) (0.1523) (0.3304)

Inflows -0.0000 -0.0000 -0.0000**
(0.0000) (0.0000) (0.0000)

Net Redemptions -0.0000 0.0000 0.0000*
(0.0000) (0.0000) (0.0000)

Turnover -0.0530 -0.0453 -0.0397
(0.0577) (0.0527) (0.0398)

AuM 0.0000*** 0.0000 0.0000
(0.0000) (0.0000) (0.0000)

Observations 1,703 1,703 1,703 1,703
R-squared 0.2016 0.2295 0.2864 0.6358
Date Spin-Off no no yes no
Match ID FE no no no yes
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3.6 Banking Group-level Analysis

After showing that bank affiliation results in overweight of securities issued by clients of

the controlling bank within a group, we now move to an analysis at bank group level and

estimate a within group elasticity of investment by asset managers to the amount of credit

granted or the value of securitites underwritten by the controlling bank.

We thus focus on the subsample of bank-affiliated mutual funds. Hence we aggregate

our dependent variable – the portfolio amount allocated to a specific issuer j – at bank b.

Thus, the group level counterparts of Equation 3.1 and 3.2 are respectively:

ln
(
Sb,j,t

)
= βCln

(
CREDITb,j,t

)
+ βUUNDERWRITINGb,j,t+

+ δ⊺Xb,j,t + ηb,t + ηj,t + εb,j,t

(3.3)

ln
(
Sb,j,t

)
= βGGROUPb,j,t + δ⊺Xb,j,t + ηb,t + ηj,t + ηs + ηc + εb,j,t (3.4)

Hence the dependent variable now is the log amount of securities issued by firm j that

are present in the aggregate portfolio of all the mutual funds issued by banking group b’s

AMCs. Similarly, the explanatory variables CREDIT and UNDERWRITING are still at

banking group level as in the econometric model at fund-level of the previous section but

the former now is the logarithm of the amount of credit granted by the banking group to

the security issuer. In such econometric setup we are now estimating the elasticity of funds’

purchases of securities with respect to the amount of loans the banking group has granted

to the issuer.

As shown by Khwaja and Mian (2008) and Jiménez et al. (2014), our identification

strategy relies on firms with multiple credit relationships and multiple funds investing in

their securities in order to exploit the variability between banks granting loans to the same

firm; Italian firms tend to have multiple credit relationships, especially if larger in size; the

median number of credit relationships of the firms in our sample is 5.

Table 3.7 reports the estimation results of Equation 3.3 on the full sample of banks and

issuers and on two subsamples of issuers, namely the subsample of European and Italian
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issuers. We find that the elasticity of the amount of securities bought by banking group

b AMCs to the amount of credit granted by the same group to the issuer is significantly

positive and ranges between 3% nd 4% depending on the subsample. The length of the credit

relationship has a negative impact on the amount of securities in funds’ portfolios, which is

also larger in absolute value if the issuer is flagged as non-performing, as one would expect.

Interestingly, the interaction of the credit relationship length with the non-performing status

dummy does have a positive and statistically significant coefficient. Hence, the total effect of

being non-performing has a negative impact on issuer’s securities in banking group funds

if the credit relationship has lasted for less than 5 years in the European subsample ( Table

3.7, Column 2). When considering the Italian subsample, the threshold for the positive

impact falls to 3 years. Considering the distribution of the duration of credit relationships

in our sample, the 3-year threshold corresponds to the average length we have in our data

set. Such result may be interpreted as a consequence of the information rent acquired by

lending banks over time, which in case of firms’ difficulties in repaying loans might come

into play in the evaluation of issuers’ potentialities.

The business model of Italian banking groups can be described as a traditional one,

whose cornerstone is represented by the lending activity. In the Italian banking sector the

investment banking activity based on advisory services, placement and underwriting of

securities is more limited, but its relevance in terms of fees has been increasing in the last

few years especially for larger groups (Albareto and Marinelli, 2018). Hence, we want to

test whether the underwriting activity, typical of the investment banking arm, may induce

distortions in the investment choices of mutual funds of the same group. The econometric

specification now includes an UNDERWRITING indicator variable which is equal to one

if the banking group b has underwritten or placed any securities of issuer j in the current

quarter. We estimate the model on the full sample and on the subsamples of European

and Italian issuers (Table 3.7, columns 4-6). The positive and significant coefficients of the

UNDERWRITING variable suggest that, once we control for shifts in the volumes and

in the quality of the supply of securities (issuer-time fixed effects) and for the demand
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Table 3.7: Bank-Issuer level Regressions - Lending and Underwriting clients Distortions

(1) (2) (3) (4) (5) (6)
Full sample Europe Italy Full sample Europe Italy

ln(CREDIT) 0.0410∗∗∗ 0.0387∗∗∗ 0.0291∗∗ 0.0331∗∗ 0.0304∗∗ 0.0158
(0.0126) (0.0130) (0.0125) (0.0130) (0.0131) (0.0121)

ln(LENGTH) -0.0952∗∗ -0.1068∗∗ -0.0693∗ -0.0992∗∗∗ -0.1114∗∗∗ -0.0767∗

(0.0352) (0.0388) (0.0391) (0.0343) (0.0378) (0.0378)

OTHER NPLs -0.3930∗∗∗ -0.3371∗∗ -0.3798∗∗ -0.3864∗∗∗ -0.3312∗∗ -0.3859∗∗

(0.1349) (0.1314) (0.1601) (0.1345) (0.1318) (0.1566)

OTHER NPLs x 0.1251∗∗∗ 0.1116∗∗ 0.1479∗∗∗ 0.1196∗∗ 0.1061∗∗ 0.1454∗∗∗

ln(LENGTH) (0.0443) (0.0430) (0.0468) (0.0438) (0.0426) (0.0453)

UNDERWRITING 0.3845∗∗∗ 0.3907∗∗∗ 0.4408∗∗∗

(0.1134) (0.1126) (0.1195)

lag(UNDERWRITING) 0.2662∗∗ 0.2687∗∗ 0.3516∗∗∗

(0.1119) (0.1110) (0.1144)

Bank x Time FE Yes Yes Yes Yes Yes Yes

Issuer x Time FE Yes Yes Yes Yes Yes Yes

Issuer Sector FE Yes Yes Yes Yes Yes Yes

Issuer Country FE Yes Yes No Yes Yes No
N 24794 23347 19538 24794 23347 19538
adj. R2 0.636 0.643 0.670 0.638 0.645 0.672
Bank-Time FEs 699 699 693 699 699 693
Issuer-Time FEs 7190 6619 5394 7190 6619 5394

(bank-time fixed effects), mutual funds tend to allocate higher amounts of their portfolios

in securities issued by firms for which the group has provided underwriting or placement

services. Such finding is consistent with the interests of the investment banking arm, for

which being the market maker and supporting the price of the underwritten securities are

key-objectives, not only for the income directly generated by these activities but also for

building a reputation in the market. The effect of being a lending client is still significant

when introducing the UNDERWRITING client indicator variable in the full sample and in

the European subsample of issuers, whereas it is not significant anymore when restricting

the sample to the Italian issuing firms, most probably for the smaller size of the sample,

especially with respect to the large number of fixed effects. The threshold of the credit

relationship duration beyond which the impact of being non-performing has nonetheless a

positive effect on the amount of securities in funds’ portfolios has now increased to 6 and 12

years for the Italian and European subsamples respectively.
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Table 3.8: Bank-issuer level Regressions - Same-group Distortions

(1) (2) (3) (4) (5) (6)
Full sample Europe Italy Banks European banks Italian banks

GROUP 1.0225∗∗∗ 0.9690∗∗∗ 1.0902∗∗∗ 0.9347∗∗∗ 0.9053∗∗∗ 1.0296∗∗∗

(0.1816) (0.1755) (0.1753) (0.2113) (0.2122) (0.1966)

Bank x Time FE Yes Yes Yes Yes Yes Yes

Issuer x Time FE Yes Yes Yes Yes Yes Yes

Issuer Sector FE Yes Yes Yes No No No

Issuer Country FE Yes Yes No Yes Yes No
N 1401921 719316 160789 121743 85373 28736
adj. R2 0.574 0.566 0.697 0.557 0.566 0.662
Bank-Time FEs 3577 3296 2841 2617 2617 2480
Issuer-Time FEs 232490 106433 15860 15552 9169 2044

The first three columns of Table 3.8 show the results of the regressions at banking

group-issuer level of Equation 3.7, where the log of holdings of securities issued by firm j

and held by the investment funds of banking group b is regressed on the GROUP indicator

variable assuming a value equal to one if the issuer j belongs to the banking group b at the

end of quarter t. The bank-time fixed effects should account for the time-varying observed

and unobserved characteristics of the banking group such as the relevance of the lending

activity and of the asset management business. In the first column the model is run on the

full sample of issuers. The GROUP coefficient is approximately equal to one and highly

significant; hence mutual funds tend to invest more in securities issued by entities belonging

to the same banking group. We find that the GROUP coefficient is of the same magnitude

even when focusing on European and Italian issuers (columns 2 and 3). Similar results are

obtained even when considering only issuers belonging to the banking sector (Table 3.8,

columns 4-6). The effect of being in the same GROUP as the mutual fund is substantial as

holdings of securities are more than twice larger.

3.7 Explaining the Bias

After discussing how the existence of business relationship between controlling bank and

issuing firm generates distortions in the asset allocation of bank affiliated funds, we now
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move to the investigation of the potential causes connected to such distortion.

In particular, overweight of securities issued by bank clients could be associated with

multiple potential explanations. On the one hand a bank affiliated fund could hold superior

information on the nature of the business and the performance of the company whose

securities they are investing in. They could benefit from the due diligence carried out by the

bank or they could simply get preferential access to balance sheet information and news

about firm’s credit merit.

On the other hand such phenomenon can be the result of conflicts of interests. In

particular the banking group could provide incentives to the asset management to acquire

securities issues by their clients in an attempt to solidify the relationship, increase the

probability of future new deals or reducing the probability of insolvency of the issuing firm.

In the current section we aim at testing for potential reasons underlying bank affiliated

funds’ investment biases.

3.7.1 Information Content of Trading

As a first step to understanding the roots of the investment distortions stemming from

mutual fund bank affiliation, we now try to understand if mutual funds hold superior

information on the securities issued by controlling bank’s client. In particular, we test

such hypothesis analyzing stock return following bank affiliated mutual funds’ trading on

conflicted securities. The idea is simple, if affiliated funds hold proprietary information on

the companies that have business relationship with the controlling bank, these should be

incorporated in their trading behavior thus resulting in superior ability to predict returns

and generate performance on conflicted securities.

We thus estimate the following regression:

XRi,t = β1CONFLICTi,j,t−1 + β2 Purchasei,j,t−1 + β3CONFLICTi,j,t−1 × Purchasei,j,t−1

+ δ⊺Xi,t + ηi + ηt + ε i,t

(3.5)
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where XRi,t represent securities’ four factor alpha, CONFLICTi,j,t−1 conflict is a dummy

that takes value 1 if security i was issued by a company with which the bank controlling

fund j entertains some business relationship in the previous 2 quarters, and Purchasei,j,t is

either a dummy variable indicating whether fund j acquired securities issued by firm i at

time t or a continuous variable measuring net purchases/simple purchases of security i by

fund j. We then include both stock and time fixed effects.

We thus compare how the same security is traded across two funds one for which

it is to be considered as conflicted, since it is issued by a company which is a client of

the controlling bank, and one for which it is not. If bank affiliated fund hold superior

information on conflicted securities they should be able to deliver better returns when they

trade them, thus yielding a positive coefficient β3.

Results from our estimation are displayed in Table 3.9. We can immediately see that

trading on conflicted securities is not associated with any positive excess returns. On the

contrary, bank affiliated funds, when trading on securities issued by controlling bank’s client

tend to incur in relative lower performance. It is thus hard to believe that being affiliated to

banks results in spillover of information that are effectively exploited by money managers

to boost funds’ performance thus resulting in an overweight of conflicted securities.
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Table 3.9: Predictive Regressions

(1) (2) (3) (4) (5) (6)
Full Sample Full Sample Full Sample Full Sample Full Sample Full Sample

CONFLICT -0,1014∗∗ -0,0929∗ -0,1005∗∗ -0,0917∗ -0,0684 -0,0650
(0,0423) (0,0482) (0,0423) (0,0483) (0,0453) (0,0505)

N Purchase -0,0007 -0,0012∗∗

(0,0005) (0,0005)

CONFLICT × N Purchase -0,0053∗ -0,0052∗

(0,0029) (0,0029)

Tot Holding) 0,0000∗ 0,0000 0,0000∗ 0,0000 0,0000∗∗ 0,0000
(0,0000) (0,0000) (0,0000) (0,0000) (0,0000) (0,0000)

Fund Holding -0,0000∗ -0,0001∗∗∗ -0,0000∗ -0,0001∗∗∗ -0,0000∗ -0,0001∗∗∗

(0,0000) (0,0000) (0,0000) (0,0000) (0,0000) (0,0000)

Purchase -0,0005 -0,0016∗∗

(0,0006) (0,0007)

CONFLICT × Purchase -0,0046 -0,0055∗

(0,0032) (0,0033)

Purchase D -0,0212 -0,0262∗

(0,0151) (0,0158)

CONFLICT × Purchase D -0,1124∗ -0,0992
(0,0648) (0,0653)

_cons 0,0537∗∗∗ 0,0755∗∗∗ 0,0537∗∗∗ 0,0759∗∗∗ 0,0586∗∗∗ 0,0816∗∗∗

(0,0087) (0,0146) (0,0087) (0,0146) (0,0095) (0,0151)

Fund FE No Yes No Yes No Yes

Time FE Yes Yes Yes Yes Yes Yes

Region FE No Yes No Yes No Yes

Security FE Yes Yes Yes Yes Yes Yes
N 3255788 3255772 3255788 3255772 3255788 3255772
adj. R2 0,181 0,181 0,181 0,181 0,181 0,181

Standard errors in parentheses
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

3.7.2 Investments and the Strength of Client Relationship

After dismissing the idea that trading on conflicted securities is induced by superior

information, we now move to the analysis of other potential reason for the overweight of
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such securities in bank affiliated funds’ portfolios. In particular we explore now the idea that

the investing arm of financial group could be exploited to support the core banking business

increasing the strength of the relationship between controlling bank and issuers/clients.

More specifically we test whether AMC’s investments could help increase the probability

of repeated credit interactions or is correlated with a lower probability of delinquency on

the loans that the controlling bank granted their client. We thus estimate the following

regressions:

1
(
∆Creditb,j,t+1 > 0

)
= β1

(
Investmentb,j,t > 0

)
+ ηb,t + ηj,t + εb,j,t

1
(

∆Delinquencyb,j,t+1 > 0
)
= β1

(
Investmentb,j,t > 0

)
+ ηb,t + ηj,t + εb,j,t

(3.6)

where 1
(
∆Creditb,j,t+1 > 0

)
is an indicator that takes value one if the lending by bank b to

company j increases from time t to time t + 1 and 1
(

∆Delinquencyb,j,t+1 > 0
)

is, instead,

an indicator that takes value one if the client is declared delinquent (either in the form

of non performing, unlikely to pay or other form). We deploy firm-time fixed effects and

bank-time fixed effects to control to firm and bank specific unobservable shocks. In other

words we compare outcomes in terms of delinquency and increase in credit supply for the

same firm across two banks, one whose AMC holds her securities, while the other not.

Table 3.10 displays the results of our estimation. Our evidence supports the idea that

the fact that controlling bank’s AMC has exposure to its securities is correlated with a

significative increase in the probability of an expansion in credit for the issuing firm.

Moreover such portfolio exposure is correlated with a reduction in the probability of the

issuing firm being declared delinquent, either non performing, bad loan or unlikely to pay

(Column (4), (5) and (6) respectively).

This support the idea that the portfolio overweight that we documented, is to be probably

interpreted in terms of conflicts of interests between asset management and controlling

banks, rather than a competitive advantage in asset allocation stemming from superior

information.
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Table 3.10: Future borrower and delinquency

(1) (2) (3) (4) (5) (6)
P(∆Loans > 0) P(NPL=1) P(BAD_LOAN=1) P(OTHER_NPL=1)

PORTFOLIO 0.0339∗∗∗ 0.0339∗∗∗ 0.0398∗∗∗ -0.0201∗∗ 0.0001 -0.0208∗∗

(0.0114) (0.0114) (0.0138) (0.0087) (0.0001) (0.0086)

CONSTANT 0.2347∗∗∗ 0.2347∗∗∗ 0.2292∗∗∗ 0.0435∗∗∗ -0.0001 0.0419∗∗∗

(0.0098) (0.0097) (0.0210) (0.0086) (0.0001) (0.0084)

Bank x Time FE Yes Yes No Yes Yes Yes

Firm x Time FE Yes Yes No Yes Yes Yes

Firm sector FE Yes No No No No No

Firm country FE Yes No No No No No
N 27910 27910 27910 137765 137765 137765
adj. R2 0.117 0.121 0.001 0.322 0.026 0.298

Standard errors in parentheses
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

3.7.3 Trading in Support of Low Capitalized Groups

In Section 3.7.2, we provide evidence on the pathological nature of the incentives for

mutual funds to invest in securities issued by controlling bank’s client. We now focus on

understanding the drivers of what we labelled as same group bias. In particular we aim at

understanding the reasons underlying bank affiliated funds should overweight securities of

companies belonging to the same group.

In order to understand the mechanism underlying the ‘same group bias, we can now

introduce an additional dimension to our analysis. If bank affiliated funds have incentive to

directly support the securities issued by the banking group they belong for, controlling for

the level of capitalization, a proxy for the strength of the correlated bank, should provide

us with interesting insights. Banks under pressure due to capital requirements, especially

during the recent long financial crisis in Italy, may be more prone to divert investments of

their asset management companies towards securities issued by intermediaries belonging

to the same group. This could be the case especially when controlling banks need to raise

capital on the market due to newly introduced capital requirements (e.g. following the Basel

III framework adoption or the surge of the NPL share in total loans and the consequent
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increase in provisioning, as it happened during the financial crisis).

We thus estimate the following equation:

ln
(
Sb,j,t

)
= βGGROUPb,j,t + βCGROUPb,j,t × CAP RATIOb,j,t+

βHCAP RATIOb,j,t + ηb,t + ηj,t + ηs + ηc + εb,j,t

(3.7)

where GROUP is an indicator variable which is equal to one if the issuer/firm j belongs

to the same group b as the investment fund. CAPITAL_RATIO is the percentage ratio of

banking group b capital and reserves to assets.

In Table 3.11 we report the results of the regressions. The same specification is employed

on several subsamples of securities depending on the sector and nationality of the issuer. The

base effect of the issuer being in the same banking group, given by the GROUP coefficient,

is now larger than previously estimated and still highly significant in all the subsamples.

The additional effect of the CAPITAL_RATIO is given by its interaction with GROUP: the

coefficient is negative and significant when we consider the subsample of securities issued

by European or Italian banks. Such result implies that banking groups with a lower capital

ratio tend to have a more biased investment strategy of their funds. If we consider that the

median value of the capital ratio is 9% in our sample period, it can be easily calculated that

the median bank with the capital ratio equal to 9% is characterized by a total GROUP effect

which is of the same magnitude as the one we have found in the previous specification with

no CAPITAL_RATIO interaction. If we move from the third quartile to the first quartile

of the distribution of the capital ratio, i.e. from 11.0% to 6.2%, the total same-group bias14

almost doubles from 0.64 to 1.12 considering the estimated coefficients for the subsample of

European banks.

14The total same-group bias is calculated as the algebraic sum of the base effect of the GROUP variable and
of the additional effect given by its interaction with the CAPITAL_RATIO variable.
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Table 3.11: Bank-issuer level Regressions - Same-group Distortions and the Role of Bank Capital

(1) (2) (3) (4) (5) (6)
Full sample Europe Italy Banks European banks Italian banks

GROUP 1.6407∗∗∗ 1.6785∗∗∗ 1.5511∗∗∗ 1.7585∗∗∗ 1.7358∗∗∗ 1.5928∗∗∗

(0.4152) (0.3922) (0.4333) (0.5057) (0.4880) (0.5759)

GROUP x -0.0766 -0.0844∗ -0.0577 -0.1013∗∗ -0.1041∗∗ -0.0757
CAPITAL RATIO (0.0457) (0.0423) (0.0493) (0.0490) (0.0467) (0.0549)

Bank x Time FE Yes Yes Yes Yes Yes Yes

Issuer x Time FE Yes Yes Yes Yes Yes Yes

Issuer Sector FE Yes Yes Yes No No No

Issuer Country FE Yes Yes No Yes Yes No
N 710309 346132 74606 60786 39975 12491
adj. R2 0.558 0.553 0.716 0.541 0.544 0.681
Bank-Time FEs 1085 1039 980 939 939 920
Issuer-Time FEs 157140 72255 12090 11448 6840 1622

3.8 From Misallocation to Underperformance

After arguing that overinvestment in securities whose issuing firms display strong ties with

the bank which the fund is affiliated to, is not driven by better information which leads

to superior performances, we now try to directly trace the effect of investing in conflicted

securities on funds’ performances. There is substantial evidence that bank affiliation has

negative implications for fund performances (Yan et al. (2012) and Ferreira et al. (2018)). In

the last part of our paper we focus on analyzing the link between investment distortions

and fund returns.

In order to achieve such result we use again a panel regression approach with mutual

funds observed at quarterly frequency being our unit of observation. We focus only on the

subsample of bank-affiliated mutual funds for which the concept of relative exposure to

conflicted securities can be effectively defined. We calculate the share of each fund portfolio

that is affected by potential conflicts of interests aggregating the data set from fund-issuer

to fund level over time.

We test whether funds with a higher exposure vis-á-vis issuers that are at the same time

borrowing from the banks of the group are characterized by a worse performance in terms of

returns to their investors. Similarly, we use the share of fund i portfolio invested in securities
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issued by underwriting clients of the banking group. Finally, we verify if funds with a higher

share of their portfolio invested in securities issued by institutions belonging to the same

banking group underperform with respect to other funds that are less exposed. In such

setup our dependent variables, gross and net excess returns XRi,t, are regressed on three

main explanatory variables: the portfolio share invested in securities issued by borrowers of

the banks of the group (BORROWER_SHARE), by investment banking clients of the group

(UNDERWRITING_SHARE) and by institutions of the same group (GROUP_SHARE).

More precisely, our specification is represented by:

XRi,t = ϕLBORROWER_SHAREi,t + ϕUUNDERWRITING_SHAREi,t+

+ δ⊺Xi,t + ηi + ηt + ηb,t + ηc + ηs + ε i,t

(3.8)

where the baseline panel regression model (Equation C.1) now includes BORROWER_SHARE

and UNDERWRITING_SHARE in order to pin down the effects on funds’ returns due to

conflicts of interest related to the lending and underwriting activities. A second specification

including the portfolio share of securities issued by institutions belonging to the same

banking group as the mutual fund is represented by:

XRi,t = ϕGGROUP_SHAREi,t + δ⊺Xi,t + ηi + ηt + ηb,t + ηc + ηs + ε i,t (3.9)

Both the models have been augmented with additional fixed effects ηc and ηs at country

and sector level identifying the predominant country and sector in which the mutual fund i

has invested at the end of quarter t. Finally, we add bank-time fixed effects ηb,t accounting

for time-varying characteristics of the banking group such as the capital ratio or the degree

of liquidity of the balance-sheet.

We first estimate the model using the portfolio share of securities issued by the lending

and underwriting clients of the banking group (Table 3.12, Column 1). The share of

portfolios in potential conflict of interest has a negative impact on performance: the higher

the share, the lower the excess return. The value of the estimated coefficient suggests that

a 1% increase in the portfolio share with conflicts leads to a 1.7 basis point decrease in
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the returns per quarter. Moving from the first quartile to the third quartile (respectively

0 and 3.7%) of the distribution of BORR_SHARE15 leads to a fall of 6 basis points per

quarter in excess returns. On the other hand we do not find any significant effect on funds’

performance due to the weight of the underwriting clients in funds’ portfolios. Such result

could be interpreted in light of the certification effect and of the role played by reputation in

the investment banking industry (Carter and Manaster, 1990): banks tend to underwrite

securities issued by firms with good projects or that at least do not underperform, thus not

affecting negatively funds’ performance.

The other potential channel through which bank-affiliated mutual funds underperform

is the one arising from the banking group ties. We find that the higher the share of the

portfolio invested in securities issued by institutions belonging to the same banking group

(Table 3.12, Columns 2 and 6), the lower the returns. In this case the estimated coefficient is

larger, −0.0215 in the gross returns equation and −0.0198 in the net returns equation, and

the frequency of observations with non-zero intra-group exposures is lower. Indeed the 85th

percentile is the lowest non-zero percentile of the GROUP_SHARE variable, i.e. only 15%

of the observations in our panel of bank-controlled mutual funds may be potentially affected

by issues arising from intra-group conflicts of interest. When we consider the distribution

of funds with a non-zero intra-group exposure, moving from the first to the third quartile

(respectively 0.54% and 2.75%) of the GROUP_SHARE variable leads to reduction of 3.5

basis points in the quarterly gross returns.16

We have pointed out that mutual funds belonging to banking groups that are more

vulnerable in terms of capital adequacy tend to be characterized by a higher level of bias

in their investment strategies, hence it is important to account for banks’ capital adequacy

in our specifications. Indeed, the base effect of the level of capitalization is not significant,

whereas the interaction with the portfolio share attributable to intragroup positions is

15If we consider the distribution of BORR_SHARE for the subset of funds having a non-zero potential
conflict of interest, the first and third quartiles would be 1.8% and 11.3%, with an impact of 16 basis points per
quarter.

16Such reduction amounts to less than 3 basis points in the quarterly net returns equation.
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positive and statistically significant (Table 3.12, Column 2). Such finding implies that the

lower the capital ratio, the more mutual funds are affected by underperformance driven by

intragroup positions.
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Table 3.12: Conflicts and Performances

(1) (2) (3) (4) (5) (6) (7) (8)
Gross Returns Net Returns

BORR SHARE -0.0168∗∗ -0.0166∗∗ -0.0154∗ -0.0152∗

(0.0078) (0.0079) (0.0077) (0.0078)

UW PORT SHARE -0.0007 -0.0009 -0.0009 -0.0011
(0.0050) (0.0050) (0.0048) (0.0048)

GROUP SHARE -0.0215∗∗∗ -0.0215∗∗∗ -0.0198∗∗ -0.0198∗∗

(0.0079) (0.0078) (0.0079) (0.0078)

BANK CAP*GROUP 0.1511∗∗ 0.1571∗∗ 0.1619∗∗ 0.1681∗∗

(0.0725) (0.0706) (0.0738) (0.0718)

BANK-FUND SALES -1.0559∗∗ -1.0924∗∗ -1.0848∗∗ -1.1229∗∗

(0.5213) (0.5195) (0.5184) (0.5146)

BANK CAP 0.6484 0.4202 0.6957 0.4679 0.7890 0.5633 0.8377 0.6123
(0.9896) (1.0130) (1.0018) (1.0210) (0.9886) (1.0104) (1.0032) (1.0211)

FRAC BANK ASSET 0.0044∗∗∗ 0.0039∗∗ 0.0044∗∗∗ 0.0039∗∗ 0.0039∗∗ 0.0034∗∗ 0.0040∗∗ 0.0034∗∗

(0.0016) (0.0015) (0.0016) (0.0015) (0.0015) (0.0014) (0.0015) (0.0014)

FRAC AuM 2.1342∗ 2.1182∗ 2.1739∗ 2.1564∗ 2.1779∗ 2.1562∗ 2.2187∗ 2.1954∗

(1.2448) (1.2318) (1.2304) (1.2171) (1.2169) (1.2033) (1.2010) (1.1870)

ln(AuM) -0.4514∗∗∗ -0.4523∗∗∗ -0.4440∗∗∗ -0.4443∗∗∗ -0.4461∗∗∗ -0.4464∗∗∗ -0.4385∗∗∗ -0.4381∗∗∗

(0.1021) (0.1008) (0.1017) (0.1004) (0.1035) (0.1021) (0.1032) (0.1017)

BANK DIST 0.1342 0.1122 0.1737 0.1504 0.1856 0.1587 0.2262 0.1979
(0.9850) (0.9814) (0.9747) (0.9720) (0.9641) (0.9618) (0.9537) (0.9523)

BANK DIST2 -0.4477 -0.4352 -0.4776 -0.4638 -0.5025 -0.4850 -0.5332 -0.5144
(0.8582) (0.8532) (0.8498) (0.8454) (0.8374) (0.8332) (0.8288) (0.8252)

Fund FE Yes Yes Yes Yes Yes Yes Yes Yes

Time FE Yes Yes Yes Yes Yes Yes Yes Yes

Country FE Yes Yes Yes Yes Yes Yes Yes Yes

Sector FE Yes Yes Yes Yes Yes Yes Yes Yes
N 15220 15220 15220 15220 15220 15220 15220 15220
adj. R2 0.238 0.238 0.239 0.239 0.240 0.240 0.240 0.240
Time FEs 53 53 53 53 53 53 53 53

Standard errors in parentheses
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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After showing how lending client bias, underwriting bias and same group bias affect perfor-

mances, we move forward in our attempt to understand the roots of bank affiliated funds

underperformance. In particular, it has been recently argued (Bagattini et al., 2018) that

banks might exploit affiliated mutual funds to absorb their supply of risky sovereign bonds

on the market during sell offs. Bank affiliated mutual funds would thus hold more risky

sovereign bonds compared to their unaffiliated peers and the larger the risky sovereign

bond position a fund acquired from its parent bank the lower are funds’ short term returns.

Bagattini et al. (2018) argue that banks use their affiliated funds as liquidity providers

thus allowing them to rid of their risky bonds without paying an adequate risk premium.

Building on such contribution we thus investigate the implications on performances of

negative correlations in securities trading between banks and their affiliated mutual funds.

Matching banks’ proprietary holdings with affiliated funds’ portfolios at security level for

the period 2009-2016, we try to assess whether banks selloffs of specific securities to their

mutual funds could explain their performances. We, thus expand our analysis, introducing

an additional explanatory variable, BANK_SALES_FUND_PURCHASES, which measures

the share of fund i portfolio invested in securities that have been sold by the bank and

purchased by the AMC in the same quarter t (Table 3.12, Columns 3 and 4). Interestingly,

and coherently with the literature, we find that banks selloffs followed by funds investments

are associated with lower funds’ performances. In particular, we find that an increase of 1

percentage point in the fraction of securities in fund’s portfolio that are characterized by

the fact that are dumped by the banking group in that quarter and purchased by the same

group AMCs leads to a 1 basis point decrease in funds’ excess returns per quarter. This

suggests that funds’ investments could be, at least partially, exploited to support prices

of assets which are dropped from banks’ portfolios. Interestingly such result is consistent

with the finding that underperformance for bank affiliated mutual funds is more marked in

periods in which banks are more under pressure. Moreover, we find that after controlling

for such variable the results on the lending client and same-group bias still hold. All the

results are mirrored in the right part of Table 3.12 when the outcome variable is represented
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by net excess returns instead of gross excess returns.

3.9 Concluding remarks

The mutual fund industry has grown significantly over the past decades. Mutual funds are

rarely stand alone entities and about 40% of mutual funds globally are part of larger banking

groups. Conflicts arising from the different interests of banks and mutual funds managed

by asset management divisions in banking groups are often identified as a main driver

inefficiencies and inferior returns. Exploiting a unique dataset which matches information

on funds’ portfolios on a security level with information coming from the credit register,

we develop an in-depth analysis of investment distortions stemming from conflicts of

interest for bank affiliated mutual funds in order to understand their implications on funds’

performances. The results indicate that conflicts of interest associated to the presence of

AMCs in banking groups affect bank mutual funds performance.

In particular, our results show a bias of bank affiliated mutual funds towards securities

issued by their own banking group borrowers, investment banking clients and by institutions

belonging to the banking group. We then estimate a dynamic difference-in-difference model

that relies on the exogenous shocks provided by spin offs of funds from banking groups

in need of recapitalization. We show that after exiting a banking group, exposure to

securities issued by firms that had some business relation with the formely controlling

bank reduces by approximately 30/40%. We then investigate the roots of such investment

distortions and we argue that they are driven by conflicts of interest arising from the

desire to strengthen controlling banks’ relationship with their clients, while no information

advantage is identified. Finally we show that same group bias is being exacerbated for those

mutual funds belonging to banking groups characterized by lower capital ratios. To closely

link investment distortions to bank affiliated funds’ underperformance we directly measure

how any increase in the exposure towards securities issued by lending client firms and by

institutions belonging to the same group negatively affect fund performances.

These results have important policy implications. On one hand they indicate that mutual
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funds performance could benefit from the institutional separation of banks and mutual

funds. In the last twenty years in many countries banking groups dismissed AMCs. This

trend has been spurred by the aim of focusing on banks’ core business in order to allow

banks to comply with stricter capital regulatory requirements. According to the results of

our paper, this trend is coherent with consumer protection purposes, since it dampens the

negative effects on mutual funds performance arising from conflicts of interest related to

the presence of AMCs in banking groups.

On the other hand, our findings suggest that conflicts of interest between wealth man-

agement services to retail investors and other banks’ businesses potentially call for better

consumer protection. The EU regulation Mifid II rolled out in January 2018 might be a step

in that direction, making financial intermediaries more responsive towards retail customers

and supporting households’ capacity to properly assess their financial investments. More

radical interventions to separate banks and AMCs should be considered cautiously, taking

into account the costs associated to the separation of production and distribution of financial

instruments and the risks stemming from an abrupt institutional reform.17

17For this type of risks see the reform introduced in Israel in 2005, which envisaged the separation of
production and distribution (Sokoler, 2006; Beltratti, 2008); for the Italian policy debate about the separation
between production and distribution (and between banks and AMCs) see Banca d’Italia (2008), Messori (2008)
and Beltratti (cit.).
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Appendix A

Appendix to Chapter 1

A.1 Expectations and Betting Against Beta Returns

Figure A.1: Betting-Against-Beta Returns and Market Return Expectations (Graham Harvey)
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Figure A.2: Betting-Against-Beta Returns and Risk Premium Expectations (Graham Harvey)
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Figure A.3: Betting-Against-Beta Returns (5 - 1 quintiles) and Market Return Expectations (AAII)

A.2 Model Computations and Exact Expressions

In this appendix, we provide technical details behind the computations and propositions of

the Model section. First, we determine market returns:

rm =
1

2M

ι̂
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Denoting the constant 1
Mτ ι̂′Σι̂ − 1

2N ∑j∈1,2 f̄ j +
1

2N ∑j∈1,2 λjmj as K, we have
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For the market to identify with the factor in expectation, we need:

K =
1

Mτ
ι̂′Σι̂ − 1

2N ∑
j∈1,2

f̄ j +
1

2N ∑
j∈1,2

λjmj = 0

Now that the market return is computed, one can look at the equilibrium concept of Beta

defined by βi
m = Cov(ri ,rm)

Var(rm)
for stock i, and see if it coincides with the ex-ante βi. We have:

Cov(ri,rm) = Cov
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For M → ∞, one gets that βi
m = βi. Thus, for a large number of stocks, the ex-ante defined

βi matches the equilibrium concept of Beta w.r.t. the market.

Then, solving for the Lagrange multiplier of fund j in market 1, we get:
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which can be re-written
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as in the proposition, with C1,λ = M
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Plugging the expression for the Lagrange multiplier, one gets the following expression

for the alpha:
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.

186



Then, we move on to computing the active Beta change of fund j in our model. At time

0, investors hold the market portfolio, implying: wj = ι̂ and the Beta is β′ ι̂
Mmj

. At time 1,

wj = τΣ−1 (µ + β f̄ j − λjmj ι̂
)

(from the first order condition), and the new portfolio Beta is:

β
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Plugging this, we get:
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Then, taking the difference between the Beta at t = 0 and the Beta at t = 1, we get the Active

Beta Change of fund j:
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≥ 0 by the Cauchy-Schwarz inequality. Hence, ABC

and beliefs are indeed positively related.
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Summing over mutual funds in market 1 and decomposing between mutual funds (MF)
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and hedge funds (HF) investors, one gets
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Finally, injecting the expression for 1
N ∑j∈MF1

f̄ j in the expression for α and simplifying

the hedge funds’ beliefs, we get our final expression for alpha:
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which can be rewritten
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+ (ι̂ − β)

Km

K f

(
1
N ∑

j∈HF1

1
mj

− 1
N ∑

j∈MF1

1
mj

)
+ C′

α

with C′
α = (ι̂ − β) f ∗ + 1

τ Σι̂ + ι̂
(

M
τι̂′Σ−1 ι̂

− 1
τι̂′Σ−1 ι̂

1
N ∑j∈1

1
mj

− 1
Mτ ι̂′Σι̂

)
.
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A.3 Summary Statistics

Table A.1: Summary Statistics

Year N. Funds Tot. AUM Mean AUM Mean N. Stocks Total N. Stocks Tot. Mkt. Cap.
Covered ($ M) ($ M) in Portfolio Covered ($ M)

2004 4658 1728597 371 85 764 14262646
2005 4824 1763856 366 92 773 14789010
2006 5855 2401994 410 94 770 16455454
2007 5662 2162662 382 96 758 16486895
2008 6286 1515972 241 106 741 9981813
2009 5857 2068885 353 114 722 12552995
2010 4294 1908835 445 113 708 14478438
2011 6526 2405158 369 97 701 14042682
2012 6744 2799672 415 105 687 15716163
2013 6684 3582611 536 104 692 20649658
2014 7107 3859979 543 108 679 22578334
2015 6519 3585188 550 113 679 21550459
2016 6415 3589221 560 117 653 23157912
2017 5523 3462356 627 119 629 27291371
2018 6190 3470267 561 114 615 24969710
2019 3869 3002336 776 122 594 31627943

A.4 Within-Stock Portfolio Active Beta Change

In this appendix, we present our portfolio analysis for a within-stock portfolio active Beta

change measure. This ABC is defined as

ABCstock
j = ∑

i
∆qij × βi

where, as in the main text, ∆qijt =
Wijt/(1+rit)

Portjt/(1+rp
jt)

− Wijt−1
Portjt−1

, Wijt is the dollar holdings of

stock i by fund j, rit is the return of stock i, Portjt is the dollar value of fund j’s stock

portfolio and rp
jt is the return of fund j’s stock portfolio (Note gain that ∆qijt represents the

percentage variation of stock i holdings by fund j that is due to active trading, as opposed

to passive market capitalisation movements). It represents the active beta change of fund

regarding only its stocks, and abstracting from cash movements and flows redemptions.
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Table A.2: Long-Short Beta Anomaly Portfolios’ Alphas for each Within-Stock Portfolio Active Beta Change
Bin

Beta
Anomaly Alpha T-Stat
Portfolio

ABCstock1 0.26% 0.068
ABCstock2 1.54% 0.354
ABCstock3 6.14% 1.302
ABCstock4 12.29% 2.755
ABCstock5 13.06% 2.759

Table A.2 presents the annualized alphas of beta anomaly portfolios (long low Beta

stocks-short high Beta stocks) across within-stock portfolios ABC bins. As one can see, the

results are consistent with our main ABC measure. Indeed, the two highest within stock

portfolio ABC bins display positive and statistically significant alphas, validating the theory

that optimistic mutual funds owners generate the beta anomaly.

A.5 MOM Active Beta Change and the Tightness of Leverage

Constraint

In this appendix, we study whether the momentum expectations effect on alpha detailed

in Section 1.8 co-exists with the funding constraint channel put forward by Frazzini and

Pedersen (2014). In order to do this, we proxy funding constraints with the TED spread,

and run the following specification:

αi,t = c0 + c1βMOM
i,t−1 + c2ABCMOM

i,t−1 + c3βMOM
i,t−1 × ABCMOM

i,t−1 + c4TED Spread Exi,t−1

+ c5βMOM
i,t−1 × TED Spread Exi,t−1 + δi + δt + ϵi,t

where, as before, TED Spread Exi,t−1 measures stock i exposure to the aggregate funding

conditions and is constructed as TED Spread Exi,t−1 = wHF
i,t−1 × TED Spreadt−1, i.e. it is the

product of stock i’s market share held by non-mutual fund institutional investors and the

190



TED spread. Column (3), (6) and (7), instead, exploit the regular (i.e. non weighted) TED

spread as a direct measure of tightness of margin constraints. This specification is related to

the one that was run for regular (CAPM) active beta change and whose results are displayed

in Table 1.4. The results for this regression are displayed on Table A.3 and confirm the

co-existence of our beliefs channel with the funding constraint one.

Table A.3: Predictive Regression, Explaining Stock Alpha using MOM Beta, MOM Active Beta Change and
TED Spread

Dependent Variables: αi,t αi,t αi,t αi,t αi,t αi,t αi,t

Model: (1) (2) (3) (4) (5) (6) (7)

Variables
ABCMOM

i,t−1 -0.0001 -0.0010*** -0.0001 -0.0009*** -0.0001
(0.0003) (0.0002) (0.0003) (0.0003) (0.0003)

βMOM
i,t−1 -0.0001*** -0.0001*** -0.0001*** -0.0001*** -0.0001*** -0.0001*** -0.0001***

(0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)
ABCMOM

i,t−1 × βMOM
i,t−1 -0.0015*** -0.0013*** -0.0015*** -0.0014*** -0.0014***

(0.0003) (0.0004) (0.0004) (0.0003) (0.0003)
TED Spread Ex.i,t−1 -0.0001 -0.0000 -0.0001

(0.0001) (0.0000) (0.0001)
TED Spread Ex.i,t−1 × βMOM

i,t−1 0.0001** 0.0000 0.0001**
(0.0000) (0.0001) (0.0001)

TED Spreadt−1 0.0019*** 0.0000 0.0012***
(0.0003) (0.0000) (0.0003)

TED Spreadt−1 × βMOM
i,t−1 0.0001*** 0.0000 0.0001**

(0.0000) (0.0000) (0.0000)

Fixed-effects
Stock FE Yes Yes Yes No Yes No Yes
Time FE Yes Yes Yes No Yes No Yes

Fit statistics
Observations 206,160 220,899 221,378 205,886 205,886 206,160 206,160
R2 0.0095 0.0109 0.0110 0.0002 0.0095 0.0002 0.0095

Clustered Bootstrap (at stock level) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Appendix B

Appendix to Chapter 2

B.1 Demand Functions

Assume an investor faces a portfolio choice problem with two stocks returning dividends

d̃1 and d̃2 with equal means d̄, equal variances σ2 and covariance σ1,2 = 0. The function of

flows aj( f j) ≥ 0, captures the relative lack of confidence in stock 2 by fund manager j.

The investor maximizes its wealth in a mean-variance framework:

Y1,jd̄ + Y2,jd̄ − 1
2

(
Y2

1,jσ
2
1 + aj( f j)Y2

2,jσ
2
2

)
w.r.t. Y1,j and Y2,j, and subject to Y1,j + Y2,j = 1. Taking the first order condition and

plugging the constraint, one gets:

d̄ − d̄ − Y1,jσ
2
1 + (1 − Y1,j)aj( f j)σ

2
2 = 0

Solving for the weights Y1,j and Y2,j, one gets:

Y1,j =
aj( f j)σ

2
2

σ2
1 + aj( f j)σ

2
2

Y2,j =
σ2

1

σ2
1 + aj( f j)σ

2
2
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B.2 Solving the Model

B.2.1 The Mutual Fund Trades both Stocks

In this subsection, we provide detailed computations to reach the expressions given in the

main text. We aggregate demand for a given stock by taking the equity holdings-weighted

average of fund-level demands:

qi = ∑
j

sijqij = −
(

1 − θ ∑
j

sijȲij

)
pi + θ ∑

j
sijȲ−ij p−i + ∑

j
sij f j + ∑

j
sijyij

= −
(

1 − θ ∑
j

sijȲij

)
pi + θ

(
1 − ∑

j
sijȲij

)
p−i + ∑

j
sij f j + ∑

j
sijyij

where in the second line we exploited Ȳ−ij = 1 − Ȳij. Rewriting it, we get:

q1 = −
[
1 − θ

( s1,h

2
+ s1,mȲ1,m

)]
p1 + θ

[
1 −

( s1,h

2
+ s1,mȲ1,m

)]
p2 + s1,h fh + s1,m fm +

s1,m(a( fm)− a0)

a0(1 + a0)

q2 = −
[
1 − θ

( s2,h

2
+ s2,mȲ2,m

)]
p2 + θ

[
1 −

( s2,h

2
+ s2,mȲ2,m

)]
p1 + s2,h fh + s2,m fm − s2,m(a( fm)− a0)

1 + a0

Then, we impose market clearing for each quantity to get:

pi =
(1 − θ ∑j s−ijȲ−ij)∑j sij

(
f j + yij

)
+ θ(1 − ∑j sijȲij)∑j s−ij

(
f j + y−ij

)(
1 − θ ∑j sijȲij

) (
1 − θ ∑j s−ijȲ−ij

)
− θ2

(
1 − ∑j sijȲij

) (
1 − ∑j s−ijȲ−ij

)
B.2.2 The Mutual Fund Liquidates Stock 2

Here, we explore the case where the mutual fund has to sell stock 2. We follow the same

logic as in the previous case. In that case, the quantities write:

q2,m = −1

and

q2,h =
s2,m

s2,m

q1,h =
−θs2,m − (2 − θs2,m)p1 + 2 fh

2 − θs2,h
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q1,m =
1

Ȳ1,m
− 1 − (1 − θ)p1 + θ

Ȳ2,m

Ȳ1,m
p2 +

fm

Ȳ1,m

One can see that the mutual fund liquidates its holdings of position 2, which is bought by

the hedge fund. The mutual fund uses the proceeds to buy stock 1, while the hedge fund

accommodates by selling stock 1.

The prices write:

p1 =
−θs1,hs2,m + 2s1,h fh + 2s1,m/Ȳ1,m − θs1,ms2,h/Ȳ1,m − 2s1,m + θs1,ms2,h

2 − θ(s1,m + s2,m)− (2θ − θ2)s1,ms2,h

+
−2s1,ms2,mθȲ2,m/Ȳ1,m + 2θ2s1,ms2,h fhȲ2,m/Ȳ1,m + 2s1,m fm/Ȳ1,m − θs1,ms2,h fm/Ȳ1,m

2 − θ(s1,m + s2,m)− (2θ − θ2)s1,ms2,h

p2 = −2s2,m +
θs2,h

2 − θs2,h
(p1 + 2 fh)

B.2.3 The Mutual Fund Only Trades Stock 1

Here, we explore the case where the mutual fund was trading stock 1 only and continues to

do so. The quantities write:

q1,h = −
(

1 − θ

2

)
p1 +

θ

2
p2 + fh

q1,m = −(1 − θ)p1 + fm

q2,h = 0

While the prices write:

p1 =
s1,h fh + s1,m ∗ (1 − θ

2 ) fm

1 − θ
2 s1,h − θs1,m − θ

2 −
θ2

2 s1,m

p2 =
θ
2 p1 + fh

1 − θ
2
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B.2.4 The Mutual Fund Only buys back Stock 2

Here, we explore the case where the mutual fund was trading stock 1 only and buys back

stock 2. The quantities are:

q1,h = −
(

1 − θ

2

)
p1 +

θ

2
p2 + fh

q1,m = −(1 − Y1,m)− (1 − θY1,m)p1 + Y1,m fm

q2,h = −
(

1 − θ

2

)
p2 +

θ

2
p1 + fh

It’s apparent that the mutual fund is selling stock 1 in order to be able to buy back stock 2.

Meanwhile, prices write:

p1 =
−(1 − θ

2 )s1,m + (Y1,m − θ
2 (Y1,m − Y2,m))s1,m + s1,h fh + s1,m(Y1,m − θ

2 (Y1,m − Y2,m)) fm

1 − θ − s1,m(Y1,m − 1
2 )θ +

θ2

2 s1,m(Y1,m − Y2,m)

p2 =
1

1 − θ
2

[
Y2,ms1,m

s1,h
+

(
Y2,ms1,m

s1,h
+

1
2

)
θp1 +

Y2,ms1,m

s1,h
fm + fh

]
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B.3 Trading behavior and Outflows Shifters

Table B.1: Mutual Funds’ Volatility Trading behavior and Core Positions (Interim Return)

Dependent Variable: ∆qi,j,t

Model: (1) (2) (3) (4)

Variables
Q2 Interim Reti,j,t−1 -0.0211∗∗∗ -0.0210∗∗∗ -0.0258∗∗∗ -0.0258∗∗∗

(0.0032) (0.0031) (0.0035) (0.0035)
Q3 Interim Reti,j,t−1 -0.0430∗∗∗ -0.0428∗∗∗ -0.0524∗∗∗ -0.0524∗∗∗

(0.0050) (0.0049) (0.0058) (0.0057)
Q4 Interim Reti,j,t−1 -0.0688∗∗∗ -0.0686∗∗∗ -0.0833∗∗∗ -0.0833∗∗∗

(0.0071) (0.0070) (0.0084) (0.0083)
Q5 Interim Reti,j,t−1 -0.1030∗∗∗ -0.1027∗∗∗ -0.1239∗∗∗ -0.1239∗∗∗

(0.0096) (0.0095) (0.0115) (0.0114)
Pi,t−1Qi,j,t−1

Wj,t−1
-6.438∗∗∗ -6.431∗∗∗ -6.976∗∗∗ -6.962∗∗∗

(0.1485) (0.1488) (0.1523) (0.1531)
MVolt × Q2 Interim Reti,j,t−1 1.491∗∗∗ 1.473∗∗∗ 1.731∗∗∗ 1.720∗∗∗

(0.2907) (0.2891) (0.3228) (0.3219)
MVolt × Q3 Interim Reti,j,t−1 2.745∗∗∗ 2.712∗∗∗ 3.256∗∗∗ 3.236∗∗∗

(0.4666) (0.4609) (0.5383) (0.5344)
MVolt × Q4 Interim Reti,j,t−1 3.956∗∗∗ 3.910∗∗∗ 4.771∗∗∗ 4.744∗∗∗

(0.6530) (0.6446) (0.7747) (0.7687)
MVolt × Q5 Interim Reti,j,t−1 5.262∗∗∗ 5.204∗∗∗ 6.480∗∗∗ 6.446∗∗∗

(0.9055) (0.8941) (1.089) (1.081)
Qi,j,t−1

Q̄i,t−1
0.1121 -0.0042

(0.1333) (0.1389)

MVolt ×
Qi,j,t−1

Q̄i,t−1
-19.55∗∗ -14.97

(9.467) (9.783)

Fixed-effects
Stock-Time Yes Yes Yes Yes
Fund Sector-Time Yes Yes

Fit statistics
Observations 25,595,460 25,595,460 25,595,460 25,595,460
R2 0.10411 0.10412 0.11182 0.11183
Within R2 0.03514 0.03515 0.03657 0.03658

Clustered (Fund & Stock & Time) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table B.2: Mutual Funds’ Volatility Trading behavior and Core Positions (Longevity)

Dependent Variable: ∆qi,j,t

Model: (1) (2) (3) (4)

Variables
Q2 Longevityi,j,t−1 0.0106∗ 0.0106∗ 0.0106∗ 0.0106∗

(0.0062) (0.0062) (0.0062) (0.0062)
Q3 Longevityi,j,t−1 0.0177∗ 0.0177∗ 0.0178∗ 0.0179∗

(0.0091) (0.0091) (0.0091) (0.0091)
Q4 Longevityi,j,t−1 0.0226∗∗ 0.0226∗∗ 0.0230∗∗ 0.0231∗∗

(0.0101) (0.0101) (0.0101) (0.0101)
Q5 Longevityi,j,t−1 0.0352∗∗∗ 0.0352∗∗∗ 0.0359∗∗∗ 0.0360∗∗∗

(0.0117) (0.0116) (0.0117) (0.0117)
Pi,t−1Qi,j,t−1

Wj,t−1
-6.374∗∗∗ -6.376∗∗∗ -6.862∗∗∗ -6.854∗∗∗

(0.1497) (0.1495) (0.1534) (0.1538)
MVolt × Q2 Longevityi,j,t−1 0.0668 0.0636 0.0982 0.0954

(0.5258) (0.5232) (0.5356) (0.5329)
MVolt × Q3 Longevityi,j,t−1 0.2278 0.2228 0.2758 0.2718

(0.8237) (0.8200) (0.8282) (0.8247)
MVolt × Q4 Longevityi,j,t−1 0.7864 0.7805 0.8325 0.8277

(0.8851) (0.8821) (0.8896) (0.8866)
MVolt × Q5 Longevityi,j,t−1 1.371 1.365 1.421 1.416

(0.9981) (0.9960) (1.009) (1.007)
Qi,j,t−1

Q̄i,t−1
0.3007∗∗ 0.1455

(0.1334) (0.1378)

MVolt ×
Qi,j,t−1

Q̄i,t−1
-28.58∗∗∗ -22.80∗∗

(9.539) (9.499)

Fixed-effects
Stock-Time Yes Yes Yes Yes
Fund Sector-Time Yes Yes

Fit statistics
Observations 25,595,460 25,595,460 25,595,460 25,595,460
R2 0.10510 0.10511 0.11282 0.11283
Within R2 0.03621 0.03622 0.03765 0.03766

Clustered (Fund & Stock & Time) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table B.3: Mutual Funds’ Market-Deviation Volatility Trading behavior and Core Positions (Interim Return)

Dependent Variable: ∆qi,j,t

Model: (1) (2) (3) (4)

Variables
Mkt. Dev. Vol.j,t -0.0144∗∗∗ -0.0172∗∗∗ -0.0019 -0.0035

(0.0052) (0.0052) (0.0051) (0.0050)
Q2 Interim Reti,j,t−1 -0.0110∗∗∗ -0.0115∗∗∗ -0.0130∗∗∗ -0.0133∗∗∗

(0.0025) (0.0026) (0.0028) (0.0028)
Q3 Interim Reti,j,t−1 -0.0245∗∗∗ -0.0254∗∗∗ -0.0284∗∗∗ -0.0289∗∗∗

(0.0039) (0.0039) (0.0044) (0.0044)
Q4 Interim Reti,j,t−1 -0.0428∗∗∗ -0.0440∗∗∗ -0.0486∗∗∗ -0.0493∗∗∗

(0.0051) (0.0052) (0.0060) (0.0060)
Q5 Interim Reti,j,t−1 -0.0662∗∗∗ -0.0677∗∗∗ -0.0751∗∗∗ -0.0759∗∗∗

(0.0063) (0.0064) (0.0075) (0.0076)
Pi,t−1Qi,j,t−1

Wj,t−1
-6.473∗∗∗ -6.481∗∗∗ -7.025∗∗∗ -7.017∗∗∗

(0.1533) (0.1522) (0.1515) (0.1516)
Mkt. Dev. Vol.j,t × Q2 Interim Reti,j,t−1 0.0125∗∗∗ 0.0132∗∗∗ 0.0113∗∗∗ 0.0116∗∗∗

(0.0024) (0.0026) (0.0022) (0.0023)
Mkt. Dev. Vol.j,t × Q3 Interim Reti,j,t−1 0.0219∗∗∗ 0.0230∗∗∗ 0.0199∗∗∗ 0.0204∗∗∗

(0.0032) (0.0033) (0.0031) (0.0031)
Mkt. Dev. Vol.j,t × Q4 Interim Reti,j,t−1 0.0318∗∗∗ 0.0330∗∗∗ 0.0294∗∗∗ 0.0300∗∗∗

(0.0038) (0.0039) (0.0036) (0.0036)
Mkt. Dev. Vol.j,t × Q5 Interim Reti,j,t−1 0.0349∗∗∗ 0.0364∗∗∗ 0.0340∗∗∗ 0.0347∗∗∗

(0.0052) (0.0052) (0.0055) (0.0054)
Qi,j,t−1

Q̄i,t−1
-0.7506∗∗∗ -0.4705∗∗∗

(0.1976) (0.1732)

Mkt. Dev. Vol.j,t ×
Qi,j,t−1

Q̄i,t−1
1.694∗∗∗ 0.8343∗

(0.5272) (0.4250)

Fixed-effects
Stock-Time Yes Yes Yes Yes
Fund Sector-Time Yes Yes

Fit statistics
Observations 25,594,990 25,594,990 25,594,990 25,594,990
R2 0.10404 0.10410 0.11175 0.11177
Within R2 0.03506 0.03513 0.03649 0.03651

Clustered (Fund & Stock & Time) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table B.4: Mutual Funds’ Market-Deviation Volatility Trading behavior and Core Positions (Longevity)

Dependent Variable: ∆qi,j,t

Model: (1) (2) (3) (4)

Variables
Mkt. Dev. Vol.j,t -0.0040 -0.0056 0.0075 0.0066

(0.0076) (0.0074) (0.0076) (0.0074)
Q2 Longevityi,j,t−1 0.0114∗∗∗ 0.0114∗∗∗ 0.0116∗∗∗ 0.0115∗∗∗

(0.0039) (0.0039) (0.0039) (0.0039)
Q3 Longevityi,j,t−1 0.0189∗∗∗ 0.0188∗∗∗ 0.0192∗∗∗ 0.0192∗∗∗

(0.0056) (0.0055) (0.0055) (0.0055)
Q4 Longevityi,j,t−1 0.0277∗∗∗ 0.0276∗∗∗ 0.0284∗∗∗ 0.0284∗∗∗

(0.0065) (0.0065) (0.0065) (0.0065)
Q5 Longevityi,j,t−1 0.0437∗∗∗ 0.0436∗∗∗ 0.0448∗∗∗ 0.0447∗∗∗

(0.0079) (0.0079) (0.0080) (0.0079)
Pi,t−1Qi,j,t−1

Wj,t−1
-6.379∗∗∗ -6.392∗∗∗ -6.891∗∗∗ -6.887∗∗∗

(0.1555) (0.1542) (0.1534) (0.1532)
Mkt. Dev. Vol.j,t × Q2 Longevityi,j,t−1 -0.0003 -0.0002 0.0002 0.0002

(0.0040) (0.0040) (0.0041) (0.0041)
Mkt. Dev. Vol.j,t × Q3 Longevityi,j,t−1 0.0028 0.0029 0.0035 0.0036

(0.0064) (0.0064) (0.0064) (0.0064)
Mkt. Dev. Vol.j,t × Q4 Longevityi,j,t−1 0.0071 0.0072 0.0075 0.0076

(0.0083) (0.0083) (0.0083) (0.0083)
Mkt. Dev. Vol.j,t × Q5 Longevityi,j,t−1 0.0135 0.0137 0.0138 0.0139

(0.0106) (0.0106) (0.0107) (0.0107)
Qi,j,t−1

Q̄i,t−1
-0.5424∗∗∗ -0.3279∗

(0.1828) (0.1660)

Mkt. Dev. Vol.j,t ×
Qi,j,t−1

Q̄i,t−1
1.376∗∗∗ 0.6250

(0.4895) (0.4043)

Fixed-effects
Stock-Time Yes Yes Yes Yes
Fund Sector-Time Yes Yes

Fit statistics
Observations 25,594,990 25,594,990 25,594,990 25,594,990
R2 0.10506 0.10510 0.11281 0.11282
Within R2 0.03616 0.03621 0.03764 0.03765

Clustered (Fund & Stock & Time) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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B.4 Trading behavior and Stock Overweight

The literature suggests that portfolio managers perform best on their best ideas, i.e. those

stocks that at a given point in time they overweight in their portfolio and towards which

they display a static tilt in terms of asset allocation. Although this measure is relevant for

analyzing how investors perceived the relative risk-return profile of an asset in the previous

period, i.e. when the position was created/increased, little does it say about the future

trading patterns on a specific asset. In the spirit of Antón et al. (2021), we thus construct

a measure of portfolio overweight compared to relative market weight. In particular we

calculate the theoretical weight of each stock if investments were carried out proportionally

to market capitalization within fund portfolio as the ratio of the market equity of a company

divided by the sum of market capitalization of all the stocks in a fund’s portfolio. We then

define the deviation from theoretical market weight as the difference between the actual

portfolio weight of stock i and the theoretical market weight defined as above:

wi,j =
PiQi,j

Wj
− PiQ̄i

∑k∈Portfolio(j) PkQ̄k

where pi is the price of stock i, Qi,j is the number of shares of stock i held by fund j, Wj is the

asset of fund j and Q̄i is the total number of shares of stock i that can be traded. Note that the

overweight of stock i by fund j, wi,j, is zero if fund j is value weighting stock i in its portfolio.

We then study the trading behavior of mutual funds with respect to their position

overweight., runing the two sets of specifications:

∆qijt = Overweight Qtli,j,t−1 + a1Overweight Qtli,j,t−1 × Outflowsj,t + a2
Qi,j,t−1

Q̄i,t−1

+ a3
Qi,j,t−1

Q̄i,t−1
× Outflowsj,t + a4

Pi,t−1Qi,j,t−1

Wj,t−1
+ δi,t + δb(j),t + ϵi,j,t

∆qijt = Overweight Qtli,j,t−1 + a1Overweight Qtli,j,t−1 × Inflowsj,t + a2
Qi,j,t−1

Q̄i,t−1

+ a3
Qi,j,t−1

Q̄i,t−1
× Inflowsj,t + a4

Pi,t−1Qi,j,t−1

Wj,t−1
+ δi,t + δb(j),t + ϵi,j,t

(B.1)

The regression results are shown in Table B.5. As can be seen, the results on outflows are
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quite different from Table 2.4 where we run the same specification albeit with our core

position measures. Here, one cannot really spot any pattern across the interacted overweight

quintiles with outflows. If anything, and looking at the fifth quintile only, it seems mutual

funds are selling the relative overweighted stocks in their portfolios when receiving outflows

(unlike a core position which would be less sold). This selling behavior could be rationalized

as a rebalancing one where funds take advantage of an obligation to sell (outflows) in order

to rebalance towards a value-weighted version of their portfolios. Note that the results

on inflows are consistent with this behavior: funds tend to buy less of their overweighted

stocks, making their portfolio converge towards a value-weighted one.

201



Table B.5: Mutual Funds’ Trading behavior and Stock Overweight

Dependent Variable: ∆qijt

Model: (1) (2) (3) (4) (5) (6)

Variables
Outflowsj,t 0.0264∗∗∗ 0.0278∗∗∗ 0.0282∗∗∗

(0.0086) (0.0079) (0.0080)
Q2 Overweighti,j,t−1 -0.0125∗∗∗ -0.0187∗∗∗ -0.0185∗∗∗ -0.0118∗∗∗ -0.0179∗∗∗ -0.0178∗∗∗

(0.0019) (0.0018) (0.0018) (0.0019) (0.0018) (0.0018)
Q3 Overweighti,j,t−1 -0.0359∗∗∗ -0.0459∗∗∗ -0.0465∗∗∗ -0.0351∗∗∗ -0.0452∗∗∗ -0.0458∗∗∗

(0.0023) (0.0023) (0.0023) (0.0023) (0.0023) (0.0023)
Q4 Overweighti,j,t−1 -0.0556∗∗∗ -0.0663∗∗∗ -0.0682∗∗∗ -0.0554∗∗∗ -0.0661∗∗∗ -0.0681∗∗∗

(0.0024) (0.0024) (0.0024) (0.0024) (0.0024) (0.0024)
Q5 Overweighti,j,t−1 -0.0659∗∗∗ -0.0743∗∗∗ -0.0777∗∗∗ -0.0662∗∗∗ -0.0746∗∗∗ -0.0781∗∗∗

(0.0025) (0.0026) (0.0026) (0.0026) (0.0026) (0.0026)
Pi,t−1Qi,j,t−1

Wj,t−1
-3.217∗∗∗ -3.404∗∗∗ -3.477∗∗∗ -3.223∗∗∗ -3.411∗∗∗ -3.483∗∗∗

(0.0919) (0.0997) (0.0992) (0.0920) (0.0998) (0.0993)
Outflowsj,t × Q2 Overweighti,j,t−1 -0.0103 -0.0122∗ -0.0111

(0.0069) (0.0070) (0.0070)
Outflowsj,t × Q3 Overweighti,j,t−1 -0.0118 -0.0129∗ -0.0114

(0.0075) (0.0073) (0.0073)
Outflowsj,t × Q4 Overweighti,j,t−1 0.0018 0.0021 0.0038

(0.0079) (0.0077) (0.0077)
Outflowsj,t × Q5 Overweighti,j,t−1 0.0153∗ 0.0170∗ 0.0192∗∗

(0.0089) (0.0087) (0.0086)
Qi,j,t−1
Q̄i,t−1

0.9137∗∗∗ 0.9433∗∗∗

(0.0743) (0.0736)

Outflowsj,t ×
Qi,j,t−1
Q̄i,t−1

-1.112∗∗∗

(0.4004)
Inflowsj,t -0.0029 -0.0039 -0.0039

(0.0028) (0.0027) (0.0028)
Inflowsj,t × Q2 Overweighti,j,t−1 -0.0052∗∗ -0.0049∗∗ -0.0050∗∗

(0.0023) (0.0023) (0.0023)
Inflowsj,t × Q3 Overweighti,j,t−1 -0.0040∗ -0.0037∗ -0.0037∗

(0.0022) (0.0021) (0.0021)
Inflowsj,t × Q4 Overweighti,j,t−1 -0.0043∗ -0.0043∗ -0.0042∗

(0.0023) (0.0022) (0.0021)
Inflowsj,t × Q5 Overweighti,j,t−1 -0.0059∗ -0.0065∗∗ -0.0064∗∗

(0.0032) (0.0032) (0.0031)

Inflowsj,t ×
Qi,j,t−1
Q̄i,t−1

0.3783∗∗∗

(0.1329)

Fixed-effects
Stock-Time Yes Yes Yes Yes Yes Yes
Fund Sector-Time Yes Yes Yes Yes

Fit statistics
Observations 11,233,921 11,233,921 11,233,921 11,233,921 11,233,921 11,233,921
R2 0.12992 0.13901 0.13957 0.12990 0.13899 0.13954
Within R2 0.02636 0.02826 0.02890 0.02634 0.02824 0.02887

Clustered (Fund & Stock & Time) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Appendix C

Appendix to Chapter 3

C.1 Summary Statistics
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Table C.1: Summary statistics

Variable N 1st quartile Mean Median 3rd quartile SD

Fund-level
Net excess returns 39,234 −1.71 −0.47 −0.45 0.79 4.69
Gross excess returns 39,234 −1.31 −0.03 −0.11 1.21 4.72
Borrower exposure 37,687 0.00 3.01 0.00 0.87 10.18
Underwriting exposure 37,687 0.00 3.81 0.00 0.00 12.46
Same group exposure 37,687 0.00 0.53 0.00 0.00 5.57
ln(Fund AUM) 39,234 17.19 18.21 18.28 19.28 1.63
ln(AMC AUM) 39,234 20.96 22.09 22.26 23.66 1.85
(Fund AUM) / (AMC AUM) 39,234 0.01 0.08 0.02 0.07 0.16
Stock 39,234 0 0.28 0 1 0.45
Bank distribution share 32,715 0.17 0.64 0.87 1.00 0.41

Fund-issuer level data
ln(Portfolio) 5,817,562 11.86 13.00 13.13 14.29 2.04
ln(Credit) 837,141 13.82 14.95 15.55 17.43 4.30
ln(Underwriting) 33,362 3.07 4.40 3.97 5.43 1.58
Group 5,817,562 0 0.002 0 0 0.05
Portfolio_d 5,817,562 1 1.00 1 1 0.003
Credit_d 837,141 1 0.95 1 1 0.22
Underwriting_d 33,362 1 1.00 1 1 0.00
Length 837,141 4 17.03 11 24 17.34
NPL 837,141 0 0.30 0 1 0.46
Stock 2,919,622 0 0.44 0 1 0.50
Capital_ratio 2,932,189 0.06 0.09 0.09 0.11 0.04

Banking group-issuer level
ln(Portfolio) 2,742,940 10.47 10.84 13.09 14.62 5.82
ln(Credit) 617,141 13.30 14.38 15.06 16.61 4.09
Underwriting_d 5,043 1 1.00 1 1 0.00
Group 2,186,168 0 0.001 0 0 0.03
Length 617,141 4 15.98 10 22 16.35
NPL 617,141 0 0.28 0 1 0.45
Capital_ratio 1,245,508 0.06 0.09 0.09 0.11 0.05
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Table C.2: Variables’ Description

Variable Description Source

Fund-level
Net excess returns Mutual funds’ quarterly excess returns net of total shareholder

costs (TSC)
AMC

Gross excess returns Mutual funds’ quarterly excess returns AMC
Borrower exposure Portfolio share invested in securities issued by lending clients of

AMC’s banking group
AMC, CCR

Underwriting exposure Portfolio share invested in securities issued by underwriting and
placement clients of AMC’s banking group

AMC, BAN

Same group exposure Portfolio share invested in securities issued by entities belonging
to the AMC banking group

AMC, INT

ln(Fund AUM) logarithm of fund’s assets under management AMC
ln(AMC AUM) logarithm of AMC’s assets under management AMC
(Fund AUM) / (AMC AUM) Share of fund’s assets under management in AMC’s total assets

under management
AMC

Stock Indicator variable equal to one if the mutual fund is an equity
fund and zero otherwise.

AMC

Bank distribution share Share of the distribution of funds products through bank net-
works.

AMC

Fund-issuer level data
ln(Portfolio) Logarithm of the security value in fund’s portfolio. AMC
ln(Credit) Logarithm of the credit granted by AMC’s banking group to the

issuer of the security.
CCR

ln(Underwriting) Logarithm of the amount of securities underwritten or placed by
AMC’s banking group.

BAN

Group Indicator variable equal to one the issuer belongs to AMC’s
banking group.

INT

Portfolio_d Indicator variable equal to one if the fund has invested in issuer’s
securities and zero otherwise.

AMC

Credit_d Indicator variable equal to one if AMC’s banking group has
granted credit to the security issuer and zero otherwise

CCR

Underwriting_d Indicator variable equal to one if AMC’s banking group has
underwritten or placed securities issued by the issuer.

BAN

Length Duration of the lending relationship between the issuer AMC’s
banking group.

CCR

NPL Indicator variable equal to one if the issuer is reported as non-
performing by AMC’s banking group and zero otherwise.

CCR

Stock Indicator variable equal to one if the mutual fund is an equity
fund and zero otherwise.

AMC

Capital_ratio AMC’s banking group ratio of capital and reserves to total assets. BAN

Banking group-issuer level
ln(Portfolio) Logarithm of the security value in banking group’s funds’ port-

folio.
AMC

ln(Credit) Logarithm of the credit granted by the banking group to the
issuer of the security.

CCR

Underwriting_d Indicator variable equal to one if the banking group has under-
written or placed securities issued by the issuer.

BAN

Group Indicator variable equal to one the issuer belongs to the banking
group.

INT

Length Duration of the lending relationship between the issuer the bank-
ing group.

CCR

NPL Indicator variable equal to one if the issuer is reported as non-
performing by the banking group and zero otherwise.

CCR

Capital_ratio Banking group ratio of capital and reserves to total assets. BAN
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Table C.3: Excess Returns by funds’ affiliation

1st 3rd Weighted
Affiliation Quartile Median Quartile Mean Mean SD

Bank -1.61 -0.48 0.65 -0.57 -0.32 3.91
Insurance -2.01 -0.56 0.85 -0.75 -0.52 4.6
Mixed -1.44 -0.32 0.69 -0.52 -0.12 4.68
Independent -1.72 -0.35 1.04 -0.25 0.14 6.99

C.2 Fund Performances

Consistently with a large body of literature arguing that fund affiliation had implication

for its performance, we now show how this insight holds true in the context of the Italian

financial sector. In particular we now briefly discuss how bank and insurance company

affiliations are associated with lower risk adjusted returns. Specifically, in order to estimate

the effect of different fund affiliations on performance, we run fund-quarter panel regressions

of funds’ excess returns (Carhart four-factor alphas for stock funds and augmented six-

factor alphas for bond funds) on a set of dummies identifying different types of fund

affiliation, bank, insurance company, mixed or independent respectively, together with a set

of control variables. We thus fit a linear model where the dependent variable XRi,t can be

alternatively represented by gross excess returns of investment fund i in quarter t or its net

returns derived as the difference between gross returns and total shareholder costs (TSC

henceforth):1

XRi,t,c = β⊺AFFILIATIONi,t + δ⊺Xi,t + ζc + ηt + ε i,t (C.1)

where AFFILIATIONi,t is a vector of dummy variables indicating whether the investment

fund is affiliated to a bank (BANK), an insurance corporation (INSURANCE) or a mixed

1In accordance with Albareto et al. (2017), total shareholder costs include management, distribution, trading,
deposit fees, together with subscription and withdrawal commissions.
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financial group2 (MIXED). The omitted category of affiliation is the one comprising

’independent’ funds, which will serve as a benchmark for the other categories of funds.

The model includes a vector Xi,t of time-varying fund-level control variables, namely

controls for fund’s and AMC’s assets under management, LOG(AuM) and LOG(AuM SGR)

respectively, the fraction of the AMC’s total asset under management for which the single

fund is responsible (FRAC AUM). The share of fund’s assets in the AMC total assets under

management should proxy for the relative importance of the fund for their managers. An

additional control variable – BANK_DISTRIBUTION – is represented by the fraction of

fund i shares distributed through banking networks, calculated as the ratio of the 24-month

rolling window sum of capital CB
t raised through bank distribution networks to the 24-

month rolling window total sum of capital Ct raised by the fund, i.e. ∑t
s=t−24 CB

s /∑t
s=t−24 Cs.3

The BANK_DISTRIBUTION variable enters both linearly and in quadratic form in order

to capture possible non-linearities in the relation with returns. Mutual funds that are

distributed through bank networks benefit from their ubiquitous presence, which allows

to access wider markets. The baseline model specification includes also investment region

(ζc) and time fixed-effects (ηt) accounting for the economic cycle and other economy-

wide macroeconomic and financial shocks. Standard errors are clustered at fund level

in all the regressions unless otherwise specified. We subsequently further expand our

econometric specification allowing for AMC fixed effects which control for time constant

asset management firm characteristics. In such case standard errors are double clustered at

AMC-time level.

Table C.4 presents our baseline investigation on relative performance of funds charac-

terized by different affiliations. Our estimation compares net and gross returns (Column

(1) and Column (4) respectively) of funds affiliated to banks (BANK), insurance companies

2’Independent’ mutual funds include those whose asset management company is independent or is affiliated
to a financial institution other than banks and insurance corporations, to the government or to other non-financial
institutions. The largest part of such category is represented by independent funds stricto sensu.

3We chose a 24-month window so as to maximize the number of observations in our sample as it may
happen that some funds report zero-subscriptions in certain quarters. We also tested the 12-month window but
the econometric results do not change.

207



(INSURANCE) and those of funds which are characterized by a mixed bank and insurance

affiliation (MIXED) with those of independent funds. Columns (2), (3), (5) and (6) focus,

instead, coherently with the scope of our work, on the relative performance of bank-affiliated

and independent funds.

Table C.4: Bank and Insurance Governance

(1) (2) (3) (4) (5) (6)
Gross Ret Gross Ret Gross Ret Net Ret Net Ret Net Ret

BANK -0.2275∗∗∗ -0.2423∗∗∗ -0.2479∗∗∗ -0.1793∗∗∗ -0.1937∗∗∗ -0.1991∗∗∗

(0.0588) (0.0597) (0.0684) (0.0548) (0.0554) (0.0639)

INSURANCE -0.2326∗∗∗ -0.1695∗∗

(0.0846) (0.0828)

MIXED -0.1147 -0.1307∗

(0.0807) (0.0779)

ln(AuM) 0.0684∗∗∗ 0.0560∗∗∗ 0.0225 0.0540∗∗∗ 0.0431∗∗∗ 0.0027
(0.0143) (0.0139) (0.0192) (0.0139) (0.0134) (0.0182)

ln(AuM SGR) -0.0172 -0.0014 -0.0057 0.0167 0.0293∗ 0.0314
(0.0160) (0.0168) (0.0202) (0.0156) (0.0163) (0.0196)

FRAC AUM -0.2040 -0.1068 -0.2763 -0.0518 -0.0030 -0.1666
(0.1407) (0.1536) (0.1946) (0.1372) (0.1491) (0.1928)

STOCK -0.0793 -0.1433∗∗ -0.2906∗∗∗ -0.3209∗∗∗ -0.3779∗∗∗ -0.5442∗∗∗

(0.0494) (0.0560) (0.0598) (0.0472) (0.0538) (0.0576)

BANK DIST 1.1097∗∗∗ 0.9105∗∗∗

(0.2956) (0.2778)

BANK DIST2 -0.9978∗∗∗ -0.8258∗∗∗

(0.2796) (0.2632)

Time FE Yes Yes Yes Yes Yes Yes

Region FE No No Yes No No Yes
N 35904 29767 24712 35904 29767 24712
adj. R2 0.188 0.182 0.205 0.190 0.185 0.209
Time FEs 53 53 53 53 53 53

Standard errors in parentheses
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Columns (3) and (6) add controls for the fraction of shares distributed through the bank-

ing channel (BANKDIST and BANKDIST2) and fixed effects for the relevant investment

region. Standard errors are clustered at fund level and all the regressions include time fixed

effects.

Columns (1) to (3) display results for gross performances, while Columns (4) to (6) focus

on performances net of TSC. Coherently with the literature, our estimation shows that bank
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and insurance affiliated funds underperform independent funds both in terms of gross and

net performances. Our results are both statistically significant and economically relevant. In

particular, bank affiliated funds underperform independent ones by about 23 and 17 basis

points per quarter in terms of gross and net performance respectively. We also find that

fund size positively affects performance suggesting a role for size in reducing the incidence

of costs on returns. On the contrary, AuM of the corresponding AMCs and the fraction of

the AMC’s assets under the fund management do not display a statistically significant effect

on funds’ performance. Moreover, equity funds significantly underperform bond funds.

A central concern with our baseline estimation is the potential endogeneity issue stem-

ming from the fact that asset management companies affiliated to banks might display

some specific time constant unobservable characteristic that results in their funds’ underper-

frormance. In order to address such weakness, in table:robustness we further extend our

analysis on funds’ performances and we proceed analyzing the robustness of our results to

different specifications. In particular, we show that our estimates on the central role of bank

governance in explaining funds underperformance are confirmed when we add AMC fixed

effects and we double cluster the standard errors. This strategy is equivalent to estimating

the effect of a variation in funds’ affiliation.

In particular, the first four columns of table:robustness display results for gross returns,

while the following four columns report those for net returns. Columns (1) and (5),

specifically, report the estimation results for the full sample of independent and bank-

affiliated funds, columns (2) and (6) those for equity funds, while Columns (3) and (7)

deal with bond funds only. The estimated effect of bank affiliation amounts to 36 basis

points in terms of gross returns and 41 in terms of net returns, thus suggesting that

funds’ performance improves when a fund becomes independent and worsens when it

is acquired by a bank. Moreover, as expected, the underperformance of bank affiliated

funds is stronger for equity funds than for bond ones. Stocks funds performances are

more volatile and their relative riskiness is more difficult to assess, thus leaving more

room for investment distortions. The coefficients are very stable across specifications. Our
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Table C.5: Robustness of the results

(1) (2) (3) (4) (5) (6) (7) (8)
Gross returns Net returns

All Stocks Bonds All All Stocks Bonds All
BANK -0.3589∗∗∗ -0.6506∗∗∗ -0.2832∗∗∗ -0.3674∗∗∗ -0.4097∗∗∗ -0.7839∗∗∗ -0.2802∗∗∗ -0.4320∗∗∗

(0.0553) (0.1565) (0.0742) (0.0732) (0.0752) (0.1259) (0.0844) (0.1021)

ln(AuM SGR) 0.0354 0.0804 0.0141 -0.0495 0.0422 0.0975 0.0176 -0.0292
(0.1245) (0.1437) (0.1018) (0.1418) (0.1199) (0.1420) (0.0986) (0.1399)

ln(AuM) 0.0444 0.0324 0.0277 0.0274 0.0355 0.0071 0.0255 0.0171
(0.0272) (0.0748) (0.0193) (0.0283) (0.0284) (0.0802) (0.0201) (0.0299)

FRAC AUM -0.1138 0.0228 -0.1131 -0.3215 0.0382 -0.3942 0.0437 -0.1314
(0.2762) (1.7624) (0.2439) (0.3004) (0.2640) (1.9819) (0.2328) (0.3131)

STOCK -0.2488 -0.3275 -0.4785 -0.5488
(0.4714) (0.4754) (0.4706) (0.4742)

BANK DIST 1.0290∗∗ 0.8563∗

(0.4347) (0.4283)

BANK DIST2 -0.9124∗∗ -0.7450∗∗

(0.3791) (0.3613)

Time FE Yes Yes Yes Yes Yes Yes Yes Yes

ACM FE Yes Yes Yes Yes Yes Yes Yes Yes
N 29766 7770 21995 24712 29766 7770 21995 24712
adj. R2 0.192 0.544 0.202 0.213 0.194 0.548 0.203 0.216
Time FEs 53 53 53 53 53 53 53 53
AMC FEs 104 56 101 100 104 56 101 100

results also suggest the existence of a quadratic relation between bank distribution and

fund performance, which displays a vertex around 40/45% of the distribution: increasing

exposure to bank distribution has a positive effect on performance as long as banks do not

exert an overwhelmingly dominant position over the fund’s distribution network. Finally, it

is worth noting that, once we control for AMC’ unobservable time constant characteristics

through fixed effects, fund and AMC size do not display any statistically significant effect

on performances.
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