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Resumo

Três artigos empíricos compõe esta dissertação. Os dois primeiros analisam como as

diversas fricções do mercado de aluguel de ações afetam o mercado a vista. O último

artigo, por sua vez, usa dados a nível de transação para avaliar as diferenças na performance

dos investimentos feitos por pessoas físicas, fundos domésticos, firmas pertencentes ao setor

real e investidores estrangeiros. O primeiro artigo encontra forte evidência de que aumentos

nas taxas de empréstimo inflam o preço de suas respectivas ações. Identificamos esse

efeito, explorando a variação exógena nas taxas de aluguel gerada por uma oportunidade

de arbitragem fiscal que existia no Brasil entre 1995 e 2014. Em torno do record date

dos dividendos do tipo JCP, os arbitradores ocupavam boa parte da oferta de aluguel

de ações, diminuindo, portanto, a capacidade de short-sellers operarem no mercado e

afetando o preço dos ativos. O segundo artigo mostra que existe expressiva dispersão nas

taxas de aluguel de ações, mesmo para contratos referentes ao mesmo papel e iniciados

no mesmo dia. Nós somos os primeiros a documentar e caracterizar a magnitude dessa

dispersão de taxas, mas também mostramos que ações com maior dispersão têm retornos

menores no mês seguinte. Além disso, a dispersão da taxa de empréstimos é o melhor

preditor do corte transversal dos retornos quando comparada às medidas de restrição de

venda a descoberto tradicionalmente utilizadas na literatura. É importante ressaltar que

a existência de dispersão de taxas de aluguel é consequência da atual estrutura de balcão

e poderia ser mitigada através de um aumento na transparência do mercado de aluguel.

Para o terceiro artigo, utilizamos uma base de dados única, com informações diárias

sobre todas transações realizadas na B3 entre 2012 e 2017. Fornecemos uma descrição

quantitativa do número de investidores ativos mês a mês e mostramos que os investidores

do tipo pessoa física performam pior que as demais categorias.

Keywords – Venda a descoberto; Aluguel de ações; Previsibilidade de retornos; Restrições

de venda a descoberto, Arbitragem Fiscal, Experimento Natural, Comportamento do

Investidor.
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Abstract

This dissertation consists of three empirical essays, the first two investigate how frictions

in the stock lending market affect the spot market. The last one uses transaction level

data to assess the differences in trade performance between retail investors, domestic

funds, firms and foreign investors. The first essay shows that increases in stock loan

fees have strong causal impact on stock prices. We identify these effects by exploiting

exogenous variation in loan fees generated by a tax arbitrage opportunity that existed in

Brazil from 1995-2014. Around the record date of IoNE-dividend events, tax arbitrageurs

borrowed stocks crowding out short-sellers. We use that as a source of repeated exogenous

variation of borrowing fees in short-selling transactions. The second essay shows that there

is substantial dispersion in stock loan fees, even for lending contracts for the same stock,

traded in the exact same date. This dispersion is a result of the over-the-counter structure

of the stock loan market. To the best of our knowledge, we are the first to characterize the

fee dispersion, but we also show that stocks with larger fee dispersion have lower future

returns. In fact, loan fee dispersion is the best predictor of the cross-section of returns

when compared to traditional short-sale related measures frequently used in the literature.

Importantly, the existence of loan fee dispersion is a direct consequence of the current

market structure and could be mitigated by an increase in market transparency. The third

essay reports the results of an exploratory data analysis of the Brazilian stock market. We

use an unique dataset, with daily information on all stock trading activity in Brazil from

2012 to 2017. A quantitative description of the number of active investors and changes in

trade activity through time is provided. Finally, we show that the trades made be retail

investors under-perform the ones made by the remaining investor categories. That could

be an indicative that retail investors are slower at processing public information or have

inferior access to private information and, therefore, make worse and less informed trades.

Keywords – Short Sales; Security Lending; Overpricing; Predictability of Returns; Short

Sale constraints, Short-Selling Restrictions, Tax Arbitrage, Natural Experiment, Investor

Behavior, Trade Performance.
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2 1.1 Introduction

1.1 Introduction

Since the seminal article of Miller (1977), the impact of short-selling constraints on

financial markets have been subject of numerous theoretical1 and empirical studies.2

A well known predicted effect is that the interaction between heterogeneous valuations

and short-sale constraints would lead to prices superior to the average valuation. Thus,

in a market with differences of opinion and short-sale constraints, both an increase in

disagreement or in short-sale restrictions would pressure prices upwards.3 While several

empirical papers have convincingly illustrated the effect of the variation in heterogeneity

on stock prices, documenting the effect of variation of stock loans supply poses a greater

challenge.

Identification of the causal impact of short-selling restrictions on returns has been elusive

for two reasons: data unavailability and the shortage of identifiable exogenous variation in

short-sale restrictions. The lack of data stems from the over-the-counter structure of the

stock loan market. Proper measures of short-sale restriction are difficult to obtain due to

endogeneity of loan fees and short-interest 4, which reflect demand and supply decisions.

More exogenous proxies for short-sale constraints, such as institutional ownership, tend to

show little variation at high frequency.

In this paper we estimate the causal impact of short-selling restrictions on stock returns.

We take advantage of a unique dataset and exploit a source of exogenous variation in

short-sale restrictions provided by a tax-arbitrage opportunity that existed in Brazil from

1995-2014. The arbitrage opportunity stemmed from the fact that domestic investment

funds were exempted from income taxes on dividends received on their borrowed stocks,

whereas other types of investors would be taxed if they did not lend out those stocks.

Because we observe all equity loan transactions, including the investor type, we can

distinguish between equity lending transactions motivated by tax-arbitrage from those

1e.g. Harrison and Kreps (1978), Diamond and Verrecchia (1987), Duffie et al. (2002), Scheinkman
and Xiong (2003), Hong and Stein (2003), Hong et al. (2006), Blocher et al. (2013)

2e.g. Chen et al. (2002), Asquith et al. (2005a), Cohen et al. (2007), Saffi and Sigurdsson (2011),
Beber and Pagano (2013), Boehmer et al. (2013), De-Losso et al. (2013), Kaplan et al. (2013), Prado
et al. (2014)

3e.g. Boehme et al. (2006), Nagel (2005)
4Short interest is the number of shares that have been sold as part of a short sale and have not been

covered yet.
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with the purpose of short-selling the stock. Variation in tax-motivated stock borrowing

is a source of exogenous variation in tightness on the lending market for short-selling

purposes. Given the over-the-counter structure, the increased tightness implies not that

fees are higher, but also that stocks are harder to find.5 - two different aspects of increased

short-sale constraints. We estimate the causal impact of variation in short-sale constraints

on stock prices, by estimating the effect on stock prices of fluctuations in lending fees

induced by variation in tightness due to tax arbitrage operations.

In most countries, market-wide data on stock lending transactions is simply not available,

since lending services are provided over-the counter by big custodians. The Brazilian

security lending market provides a unique opportunity to circumvent the difficulties

with data. Similarly to other countries, investors face an opaque lending market with

an over the counter structure. However, all lending transactions are registered at a

centralized platform - the BM&FBovespa. Consequently, we have access to a unique data-

set containing all lending transactions, and their characteristics, such as type of borrower

and lender (individual investors, investment funds, etc.), contract length, borrowing fees,

number of securities lent, among others.

An even more challenging obstacle is the fact that decisions to supply or demand equity

loans are not random, but influenced by investors’ (unobserved) expectations of future

returns. One cannot infer causality by associating lending fees - as a measure of short

selling constraints - with returns because fees are determined in equilibrium. A well-known

finding of the literature is that an increase in short-demand should predict price declines

(Boehmer et al. (2008)). In this case, lending fees increase in response to the increased

stock loan demand from short-sellers, generating the well documented negative relation

between lending fees and stock returns (e.g. Cohen et al. (2007) and Drechsler and

Drechsler (2014b)). However, an exogenous loan supply reduction should also increase

lending fees, and according to the Miller hypothesis, increases overpricing. Thus, stock

loan supply shocks should generate a positive relation between loan fees and stock prices,

which we propose to measure. The tax arbitrage involving dividend payments in Brazil

provided a rare instance where strong and repeated exogenous variation in the supply of

loanable stocks generated a clear positive relation between lending fees and stock prices.

5Several recent papers link search costs and loan fees (e.g. Chague et al. (2017),Kolasinski et al.
(2013).
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Brazilian firms distribute two types of dividends: standard dividends and IoNE dividends

(Interest on Net Equity). The difference is in the tax treatment, standard dividends are

not taxable. However, shareholders pay a 15% tax rate on IoNE dividends, with the

exception of domestic funds. More precisely, a IoNE dividend paid by a certain stock was

taxed or not depending on the stockholder type at the record date. If the stock change

hands through a stock loan transaction before the record date, the borrower would be

consider the stockholder for tax purposes.

A tax arbitrage operation would entail a domestic fund borrowing stocks from a taxable

investor before the IoNE dividend record date, in order to receive the full amount of

dividend without any tax deduction. Tax-exempt borrowers would return IoNE dividend

payments to lenders discounted by taxes. Thus, borrowers would profit from the taxes

foregone by the government, discounted by the borrowing fee.6

Those arbitrage opportunities put pressure on the stock lending market around IoNE

dividend events, resulting in sharp increases in lending fees. The profit per share obtained

by tax arbitrageurs depend only on the dividend per share net of loan fees. Thus, we can

argue that the increase in lending activity for tax arbitrage purposes is not related to

the transacting parts assessment about the future price evolution of the stock. Around

dividend events, the tax arbitrage is so lucrative that arbitrageurs crowd out short sellers

who need to borrow shares in order to short. During those dividend events, the tax-

arbitrage opportunity, by occupying some of the supply of loanable shares, exogenously

reduces the supply of shares for short-selling purposes. This quasi-natural experiment

of negative shocks in the supply of loans for shorting stocks allows us to characterize a

causal effect of increase in short-sale constraints on the stock price.

The identification of investors’ types in our sample, allow us to divide the stock loan

contracts into two segments. Contracts where the borrowers are domestic funds, and

lenders are taxable will be called arbitrage contracts. All other matchings of borrowers

and lenders’ type would not generate arbitrage. Thus, those loans must be motivated for

borrowers’ intent to sell short the stock. We will denominate them speculative contracts.

In examining the effect of variation in short-selling constraints on the stock price, we

6As we document below, lending fees were substantially higher in those arbitrage operations than in
other periods. Then, foregone taxes were in fact shared among borrowers, lenders and brokers. It is out
of the scope of this paper to analyze the determinants of this division.
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choose lending fees in the speculative segment as a proxy to the degree of short-restriction.

The lending fee is not only a relevant cost for short-sellers, but is correlated with search

frictions, whose direct measure is not available (see Kolasinski et al. 2013 and Chague

et al. 2017). However, the speculative lending fee (and overall tightness in the speculative

lending market) is endogenous, and very influenced by short-sellers’ beliefs about future

stock returns. On the other hand, around record dates for IoNE dividends, a sizable

variation in loan-interest and fees of arbitrage contracts is engendered by the increased

borrowing of stocks for use in the arbitrage operations whose profits do not depend on the

stock performance. Tax-arbitrageurs crowd-out short-sellers, reducing the supply of shares

to borrow and, consequently, causing an increase in lending fees (and tightness) in the

speculative market. This induced rise in speculative lending fees reflect increased scarcity

in the stock loan markets rather than more pessimistic views about the stock prospect.

We capture the effect of the scarcity in the stock loan market on stock returns by the use

of an IV estimation strategy where we project speculative loan fees on arbitrage loan fees

and arbitrage loan-interest.

Our main findings are as follows. First, tightness in the tax-arbitrage segment causes

abnormal returns in stock prices. We establish that higher lending fees in the tax-arbitrage

segment imply larger stock abnormal returns during the days surrounding IoNE dividend

events. An increase of one standard deviation in loan fees in the arbitrage segment is

associated with a 0.58% abnormal return increase in the two weeks around IoNE dividend

record dates, i.e. 14.89% per year.

Second, tightness in the tax-arbitrage segment spills over to the speculative segment. Larger

lending fees in the tax-arbitrage segment lead to higher lending fees in the speculative

segment. This is the mechanism through which the exogenous shock propagates to stock

prices, and constitutes the first stage of the IV estimation procedure we implement.7

Third, we use the increase in lending fees in the tax-arbitrage segment as an instrument to

estimate the causal effect of (speculative segment) lending fees on stock prices. 8 During

IoNE dividend distribution events, an average increase in speculative lending fees causes

7It is in principle possible that tightness in the speculative segment spills over to the arbitrage one.
However, our empirical results indicate that around the record date it is mainly the arbitrage segment
that influences the speculative one.

8We chose the arbitrage segment lending fee as the best instrument among our candidates with base
on the first stage regression results.



6 1.1 Introduction

a 0.55% (14% per year) abnormal return in the stock.9

Finally we show that the effect on the stock price happens only during the loan market

tightness, reverting after the pressure on this market is released. More specifically, we

experiment with different 9-day windows for the stock return, showing that the effect

on stock returns happens only in the window that includes the record day. Moreover

the loan tightness effect on the spot price is reverted between 7 and 15 days after the

record date. Since we have many repeated similar events in our sample, this amounts

to multiple instances of the Miller mechanism in place with stock price increases and

decreases following the cycle of tightness and release in its loan market.

The timing of the effect also eliminates concerns that those changes in stock prices could

be reflecting tax-motivated transactions in the spot market. Any spot market transaction

motivated by the tax status of the dividend recipient should happen before or at the

cum-day, which is three days before the record date. However, when we compute abnormal

returns for days preceding the record date no effect is found. As a robustness test, we

also repeat our main estimation with cumulative returns accruing from ex-dividend date

onward and our results are maintained. Since, in one hand, no effects are found at the

timing which could reflect dividend-related spot market operations and, at the other hand,

our main results are confirmed for a timing that excludes any dividend-motivated spot

market transaction, we can safely conclude that the results are only due to variations in

loan market tightness induced by tax arbitrage.

By calculating returns from the ex-date forward, we also address concerns that our results

could be contaminated by the ex-dividend abnormal return associated with phenomenon

known as incomplete price drop, whereby stock’s prices drop by less than the dividend

amount.10. In principle, the positive abnormal return associated with the incomplete price

drop could induce a reduction in short-selling activity,as pointed out by Thornock (2013).

Thus, in this case, causality would run from (expected) returns to short-selling activity,

not the opposite.

As a an additional robustness test, we investigate whether the effects we found are related

9Since endogenous variation of loan fees would induce a negative correlation between loan fees and
returns, we could consider our estimate as a lower bound for the effect of the exogenous variation of loan
fees in returns.

10Our instrumental variable approach should also helps to mitigate this concern.
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to dividend payments, but unrelated to the tax arbitrage operations. In order to test

this, we perform the same empirical exercise around the record date for nontaxable

dividends. When dividends are nontaxable there is no tax arbitrage involving their

payment. Therefore, one should not observe any extraordinary tightness in the stock loan

market. If our effects were related to the dividend payment, but not to the tax arbitrage,

we should obtain similar results in the estimation around record dates for nontaxable

dividends. Thus, this constitutes a placebo test for our main effect. In contrast to our

main results, the estimated reduced form coefficients for arbitrage fee and loan interest

were negative. This is what we should expect since, in the absence of tax arbitrage,

tightness in the loan market should reflect negative views about future stock returns.

Again, this reinforces that the positive coefficients obtained reflect the causal effect of

stressed loan markets on stock prices.

The paper is organized as follows. Section 1.2 contains a review of the literature. Section

1.3 gives an overview of the market for stock loans in Brazil. In Section 1.4 we describe

the tax arbitrage opportunity in the period surrounding the IoNE payment dates and

explain the transmission of its effect on short-selling and the stock price. In Section 1.3 we

describe the data used for the paper. In Section 1.5 we present our empirical methodology.

The results are analyzed in section 1.6. Section 1.7 presents robustness tests. The last

Section concludes.

1.2 Related Literature

Our paper aims to measure the effect of changes in the supply of lendable shares on stock

returns. In order to estimate the causal effect, the challenge is to identify shifts that are

exogenous to changes in beliefs about stock returns.

On the theoretical side, several papers argue that - under different hypothesis - short

selling restrictions can cause overpricing. Examples include Harrison and Kreps

(1978),Scheinkman and Xiong (2003),Duffie et al. (2002) and Blocher et al. (2013). However,

multiple empirical papers have failed to find a consistent relationship between short supply

and stock returns. We highlight here the work by Kaplan et al. (2013) who conduct a true

randomized experiment and find no evidence that supply shocks affect returns. Other
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examples include Cohen et al. (2007) and Boehmer et al. (2013).

Cohen et al. (2007) tried to isolate the effects of stock loan supply and demand shifts on

stock prices. They postulate that higher fees associated with increases in lending indicate

a (net) increase in the demand for shorting. Increases in fees coupled with reductions in

lending represent a supply shock. They found no significant effect of loan supply shocks

on returns. Their identification strategy implicitly assumes that supply shocks do not

contain any information about returns, which can be a strong assumption in some settings.

Chague et al. (2014) also try to separate shifts in short demand from shifts in lending

supply. They take advantage of a unique data set that allows them to observe a significant

part of the lending supply for a group of relatively small firms. In contrast with Cohen

et al. (2007), they find that loan supply shocks have a significant effect on stock returns.

Boehmer et al. (2013) explores the short-sale ban of 2008 of more than 1,000 stocks, and

contrary to Miller’s prediction, find no price bump for these stocks. Their identification

strategy is to match banned stocks with similar stocks that have never suffered the ban.

However, the choice of stocks in ban list was not randomly selected. Therefore, exogeneity

with respect to beliefs about their future performance is not assured.

Kaplan et al. (2013) perform a field experiment, randomly increasing the supply of stocks

available for lending by a particular money manager. They find almost no impact on

outcome variables such as returns and bid-ask spreads. Experimental data provides

convincing exogenous variation. But the supply shock may be too small to produce a

quantitatively relevant impact.

Blocher et al. (2013) propose a reduced form framework for analyzing the equity loan

market’s impact on share prices. In their model, shifts in loan supply have an impact on

share prices only for hard-to-borrow stocks. Our results confirm their model’s prediction,

since our tax-arbitrage induced negative supply shock is sizable enough to make loan

supply binding for most stocks.

In more recent paper, Grullon et al. (2015) find support for the Miller Hypothesis. They

examine a once for all relaxation of short-sale constraints (Regulation SHO), which released

the uptick rule for a random sample of stocks. They found that prices for the treated stocks

fall relatively to the control group, resulting in equity issues and investment reductions
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for those stocks. However, because the fall happens two weeks before the announcement,

the mechanism underlying the effect is unclear. Furthermore, they are not able to identify

whether the effect is due to overpricing reversal or to coordinated short-selling attacks.

Our paper is also related to Thornock (2013), who show that a differential tax treatment

between actual and substitute dividends leads to a contraction in the supply of lendable

shares around the dividend record date. This makes the market tighter around the record

date, with higher stock loan fees. Although Thornock (2013) and Blocher et al. (2013)

document abnormal returns around the ex-dividend date, their empirical exercises do not

relate them to any measure of the loan market tightness around the record date. Moreover,

by measuring the abnormal return around the ex-date their results are subject to the

confounding effect of the incomplete price-drop phenomenon.

We contribute to the literature by documenting repeated instances where increases in the

cost of short-selling can cause overpricing. Our data enables us to disentangle two equity

lending markets: one where stocks are borrowed for tax arbitrage operations (the tax

arbitrage market) and other where stocks are borrowed for short-selling the stock. The

tax-arbitrage opportunity, an exogenous shock, causes tightness in tax-arbitrage segment

of the stock loan market, which leads to tightness in the speculative segment, which, in

turn, causes abnormal returns. We measure the loan tightness shock in the speculative

market through the projection of its loan fee on the arbitrage market loan fee. Our natural

experiment also provides repeated instances of this shock, with the overpricing effect

reversing after it.

1.3 Stock Loan Market in Brazil

Trading in equity loan market in Brazil is over-the-counter (OTC), as in most countries.

Differently from other countries, all loan contracts must be registered with BM&FBovespa,

the only stock exchange in Brazil. BM&FBovespa acts as a clearing platform, and as

a central counterpart. It guarantees all loan contracts and keeps track of the contract

collateral. Although investors face an opaque market, we had access to market-wide data,

observing every single transaction.

A typical lending operation involves the exchange and four different participants: the
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lender, the borrower, the lender’s broker and the borrower’s broker. The cost to borrow a

stock is the loan fee (which includes both brokers commission fees), plus an exchange fee

of 0.25% annually.

Table 1.1 contains summary statistics about the Brazilian equity loan market from 2007

through 2013. In this period, the number of stocks lent fluctuated around 350. Just for

comparison, the total number of listed stocks reached a peak in 2007 with 404 different

companies. Therefore, most of the stocks were lent at least once. Other statistics indicate

that the stock loan market gained importance in this period. The average annual growth

in the volume of equity lending was 16%. The average loan-interest more than doubled,

reaching 1.65% in 2013 11. The median loan fee dropped by an average 51 basis points

(bps) per year, from 6.01% to 2.91%. On the lending side, retail investors, domestic

investment funds and foreign investors represented approximately 90% of the market.

Borrowers were mostly domestic investment funds (56.7%) and foreign investors (27.8%)

Figure 1.6 depicts the distribution of average loan fees for each stock for each year from 2007

to 2013.12 Fees were high as compared to more mature economies, with large proportion

of fees exceeding 4% a year. However, one can observe that the whole distribution has

been shifting to the left.

1.3.1 Data set

BM&FBovespa keeps detailed records of all lending transactions. The data set runs from

January 2010 to June 2013 and we observe all of the 6,580,394 stock lending contracts

closed in that period. We use the following data: contract date, liquidation date, loan fee,

quantity of shares and investor type. This allow us to distinguish transactions that are

eligible for tax arbitrage operations from those that are not 13.

In order to investigate changes in the lending market around taxable dividend distribution

events, we focus on loan contracts in a window around those events, i.e. 21 days before

and after each record date. Payout record dates were extracted from Quantum Axis.

11Loan-interest is number of shares held in loan contracts normalized by the total number of shares
outstanding, this measure is calculated first daily, then yearly, for each stock and the average presented is
the simple mean of the yearly loan-interest among stocks.

12The data for 2013 is an average of the first six months of the year.
13See section 1.4 for a formal definition of tax-arbitrage contracts
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Information on stocks returns, traded volume and market cap are from Economatica.

The taxable type of dividend, which we call IoNE dividend (Interest on Net Equity),

is treated as fixed income for tax purposes. The other type of dividend, or standard

dividend, is exempt from taxes. IoNE dividend events have to satisfy certain criteria to

be in the sample. There must be arbitrage contracts starting within the five days before

the record date of the event, stocks must have been traded during all 21 trading days

before and after the record date. We also require data on turnover during all 21 trading

days before the record date and trim outliers by discarding the 0.5% highest and lowest

returns in the sample 14. The final sample has 534 events which include stocks representing

approximately 70% of BM&FBovespa market capitalization. Table 1.2 contains summary

statistics for those events.

Summary statistics hint at our main results. Stocks show an average 0.53% return over

the IBRX50 index in a 9-trading-day period around IoNE dividend events, but dispersion

is large. Loan-interest increases drastically during the event window. Fees on arbitrage

contracts increase sixfold, reflecting the fact that lenders appropriate part of the tax

arbitrage profit. Fees on speculative contracts also increase significantly, 99%. The average

IoNE dividend yield is 0.96%.

1.4 The Tax Arbitrage and its Effect on the Stock Loan

Market

Figure 1.1 indicates that the stock loan market experiences an extreme level of distress

around dividend payment events. The upper panel depicts the daily average lending fee

for Petrobras stock, one of the largest companies in Brazil. Through most of the sample,

lending fees oscillate close to 2%, but they soar around record dates, frequently reaching

more than 15%. Lower panel shows that the amount of stocks lending also increases

substantially around the record date. Petrobras is a liquid stock and one of the shares with

highest financial turnover at the Brazilian stock exchange. In this type of environment,

recurrent fee spikes, as those displayed in Figure 1.1, should not to be expected. The

14For robustness, we also trimmed at the following cutoffs: 0%, 2,5%. Results are similar and are
available upon request
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cause of those was a tax arbitrage opportunity involving dividend payments. In the next

subsections, we describe in detail the relevant dates for dividend distribution, the tax

arbitrage operation, and how it generated intense stock lending activity around record

dates.

1.4.1 Relevant dates for dividend distribution

Relevant dates for dividend distribution in Brazil are similar to those in the United States.

Figure 1.2 depicts the flowchart of important dates for our empirical exercise in a typical

IoNE distribution event.

The first date is the earnings’ announcement day, an official public statement of a

company’s information for a specific time period, typically a quarter. On earnings’

announcement date investors get to know the company’s distribution policy, including the

amount of payouts in the form of standard and IoNE dividends.

The second date is the payout announcement day (also called the declaration day), when the

next IoNE dividend record and payment dates are announced. The payout announcement

usually happens a month after the earnings’ announcement.

The record date day determines eligibility to the IoNE dividend. Holders of the stock as

shown in the company’s books at the record date are entitled to the IoNE dividend. The

ex-date day is the first day shares trade, at the spot market, without the right to receive

the dividend. It is two days before the record date, since only three days after a spot

market transaction the buyer’s name is added to the record book. The ex-date is at least

one business day after the payout announcement. Finally, the payment date is when the

IoNE dividend payment is made. The payment date varies considerably.

Notice that, differently from spot market transactions, lending transactions are registered

immediately. Thus, if an investor borrows the stock between the ex-date and the record

date, she will be entitled to receive the dividend payment, although a buyer in the spot

market with the same timing would not have this same right.
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1.4.2 The Tax Arbitrage Opportunity

Until August 2014, a difference in tax treatment between distinct investors generated a

tax arbitrage opportunity.15 Since the borrower was considered the owner of the stock for

tax purposes, non-taxable funds could borrow a stock from a taxable investor during the

period of its IoNE dividend distribution and receive the full dividend amount. They had

to pay the original stockholder only the dividend net of the 15% of taxes, retaining the

difference. 16 17

Figure 1.3 illustrates the difference between a short-sell and a tax-arbitrage operation.

At the upper panel, investor A is holding a long position and acts as lender. Investor B

borrows shares from A and short-sell them to C. Investor C has the right to receive the

actual dividends paid by the stock. However, the lender (A) will receive the same value,

in the form of cash dividends, paid by the borrower (B). At the lower panel, investor B

borrows the stock, but there is no short-sell. The arbitrageur(B) is a non-taxable investor

and, therefore, will receive the full dividend amount div. However, if the lender (A) is a

taxable investor, she has the right to receive only 0.85*div as cash dividends. The loophole

in the tax law transferred money from the government to non-taxable investors.18

In Brazil, the law requires a minimum distribution of 25% of profits. Brazilian firms

distribute profits through two types of dividend: standard and IoNE (Interest on Net

Equity). Firms prefer to distribute profits through IoNE dividends because they are

deductible from profits for tax purposes, representing a tax shield. 19 Hence, payment

of IoNE dividends to stockholders is widely used by firms in Brazil. Our final sample

includes 534 IoNE dividend distribution events.

15Under a new law, non-taxable investors should pay taxes on IoNE dividends if their shares were
obtained by borrowing them from a taxable investor

16Tax exemption was given to domestic funds and investment clubs in order to avoid double taxation
on the funds’ shareholders, which had their NAVs appreciation already taxed.

17In order to avoid confusion, it is worth pointing out that Chague et al. (2017) depicts a slightly
incorrect description of IoNE tax rates. They write "individual investors pay a tax rate of 15% while
financial institutions are exempt". Actually, foreign financial instutions are not exempt.

18In practice, non-taxable investors share with taxable investors and brokers the amount of taxes
subtracted from the government through the borrowing and fees they pay.

19However, there is an upper limit to the amount of IoNE dividends a firm can distribute, but not to the
amount of standard dividends. Firms can distribute IoNE dividends up to the smaller of three following
numbers: the net worth times the Long-Term Interest Rate (a prime rate determined by the federal
government), 50% of the current period earnings before corporate taxes, and 50% of the accumulated
earnings and reserves in previous periods. Details on the differences between both types of dividends can
be found at the appendix.
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Unlike IoNE-dividents, standard-dividends are exempt from taxes and, consequently,

there is no arbitrage opportunity. In section 1.7, we use standard dividend events to

perform a placebo test and show that, in the absence of tax arbitrage operations, dividend

distribution does not impact either stock returns or the equity loan market.

1.4.3 Stock prices, lending activity and fees during tax arbitrage

events

We aggregate tax arbitrage events in our sampling, reporting their effect on loan demand

and lending fees in Figure 1.7. The tax arbitrage opportunity severely disrupt prices and

quantities in the lending market around the record date. Left panel depicts the average

loan fee on trading days around IoNE dividend events. Between 21 and 9 days before the

event, average fee fluctuates around 2.5%. Fees increase dramatically after that, reaching

an impressive 11.8% at the record date. Quite interestingly, most of the increase occurs

during the three-day period which precedes the record date. As expected, the rise in fees

is accompanied by a large increase in activity in the stock lending market. Right panel

reports the average loan-interest among stocks. Between four to two weeks before record

date, average loan-interest oscillates around 1.6%. It increases to 3.48% on the record

date.

Since we observe all lending transactions and their characteristics, such as type of borrower

and lender, we can distinguish between tax-arbitrage driven contracts and speculative

ones.

We define a loan contract to be tax-arbitrage driven if and only if it has three characteristics:

1) the lender is a taxable investor and borrower can receive IoNE dividends exempt from

taxes (domestic investment funds); 2) it takes place in record date or before; 3) it is

liquidated after the record date. For those contracts, the borrower will receive the full

dividend amount, but will have to pay only 85% of it to the lender. Notice that, if

the borrower short-sells, he will not receive the dividend and, therefore, will miss the

tax-arbitrage benefit.

Since in the remaining contracts borrowers could not profit from tax arbitrage, we infer
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that they are short-sellers.20. We call them speculative driven contracts.

Figure 1.8 splits the dynamics of prices and quantities for tax-arbitrage and speculative

loan contracts. Measures related to speculative contracts are shown in red, and related

to arbitrage contracts in black. Charts in the lower panel are simply a zoomed version

of the upper panel. The increase in average loan fees in Figure 1.7 stems mostly from

tax-arbitrage contracts, as shown in the upper left chart of Figure 1.8. Loan fees for those

contracts increase dramatically from 2.43% to 13.20% during tax arbitrage episodes. The

pressure in the tax-arbitrage segment spills over to the speculative segment. Albeit less

dramatically, fees on speculative contracts increase significantly, from 2.58% to 3.93%, a

52% increase (lower left panel). Fees increase in both segments, but loan-interest drops in

the speculative segment. Average loan-interest on speculative contracts drops, from 1.54%

to 1.01%, a 34% drop (lower right panel).

Those changes in loan interest and fees suggest that during IoNE dividend events the

demand for borrowing stocks increases in the tax-arbitrage segment, and the supply of

loanable stocks to speculative segment shrinks. In other words, the tax arbitrage trade is

so lucrative that arbitrageurs crowd out short sellers, squeezing the stock lending market.

The reduction in short-selling seems to impact the stock price in the same timing. We

calculate the average abnormal return around IoNE dividend record dates. Figure 1.9

depicts a hump shape pattern, with average cumulative returns reaching 79 bps at the

record date. That result is significantly positive at 5% confidence level. Furthermore, an

inspection of the dates around the record date shows that positive excess return persists

for some days after the record date.

1.4.4 Understanding the effect of the tax arbitrage on the stock

price

In order to understand tax arbitrage effects, consider the simple framework for the

simultaneous determination of stock price and loan rate proposed in Blocher et al. (2013),

as reproduced in Figure 1.4.21.

20We consider stock borrowing to participate in proxy fights was much less likely
21Here we assume the configuration they display in the figures 1 and 2 of their paper, when the stock

is on special
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At the right figure, which represents the stock market, price is determined by the

intersection between the net demand for shares and the supply of outstanding shares,

which is constant at N . Net demand represents the demand for shares, D(p), minus the

supply provided by short-sellers, S(p, r), where p is the stock price and r is the loan rate.

Presumably the demand function is decreasing in p while supply, i.e. short-selling, is

increasing in p and decreasing in r. Therefore, net demand should be decreasing in p and

increasing in r.

The left figure displays the equity loan market. The supply of loanable shares is the

fraction of shares that investors on the long side are willing to lend out, f(r) ∈ [0, 1],

multiplied by the number of shares held by longs D(p), where f(r) is increasing in r. Note

that p, r, and the amount of short-selling (and stock loans) are simultaneously determined

by the equilibrium in both spot and loan markets.

This framework helps to understand the endogeneity problem and why it is possible to

find a negative correlation between loan fee and stock returns. Suppose part of investors

become more pessimistic about the stock. Short-selling activity will increase, S(p, r) will

be displaced to the right (left figure), and D(p)− S(p, r) will be shifted to the left (right

figure). This leads to a fall in stock price and an increase in loan fee. Hence the negative

correlation.

We can extend this model to understand how tax-arbitrageurs affected the equity lending

market. Let Ntax be the number of shares owned by taxable investors at the record date.

Tax arbitrageurs can only borrow those shares in order to perform the arbitrage operation,

since those owned by non-taxable investors cannot be used in the tax arbitrage operation.

Then, a large loan demand from arbitrageurs could drive the lending fees for stocks owned

by taxable investors to a higher value than those of stocks owned by non-taxable investors.

In this case, short-sellers will rather pay lower lending fees, borrowing from non-taxable

investors and the stock lending market will be split in two: an arbitrage market, where

tax arbitrageurs borrow stocks from taxable investors, and a speculative market, where

short-sellers only borrow stocks from non-taxable investors. The statistics we displayed in

the preceding subsection indicate that this was typically the case, since the average loan

fee in the arbitrage market (13.20%) was more than four times the average fee displayed

in speculative contracts (3.93%) during tax arbitrage episodes.
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Figure 1.5 shows how tax-arbitrageurs make short-selling more expensive, affecting stock

prices. In the absence of tax arbitrage opportunity, the entire loan supply would be used

to satisfy short-sellers loan demand. Suppose an initial equilibrium without tax arbitrage

yields price p and loan rate r. When the tax arbitrage activity is added, it displaces the

supply of loans for short-selling to the left, leading to a higher equilibrium loan rate r′ > r

and lower short interest for each given price, i.e. S(p, r′) < S(p, r). At the spot market,

stock’s net demand D(p)−S((p, r′) is shifted to the right, increasing the equilibrium price

to p′ > p.

The magnitude of the effect depends on the extent of the loan supply shift in the speculative

market, which hinges on the intensity of tax arbitrage activity. The latter can be captured

by the arbitrage loan rate ra. Therefore, a tighter arbitrage market, reflected in a higher

arbitrage loan rate ra, will have a spill over effect on the speculative market, increasing

its lending fee r. This will displace stock’s net demand, increasing its price.

Notice that if we consider the most important short-sale constraint the difficulty in finding

a stock lender, the above arguments will also hold if this difficulty is correlated with the

average lending fee.22

1.5 Empirical Strategy

Our main object of interest is to assess the impact of short-selling restriction on returns.

We measure short-sale constraints by the cost of shorting stocks, as represented by the

average fee of speculative contracts. Our main regression of interest is:

Returni,e,t+1 = α + β∆LoanFeei,e,t + Controlsi,e,t + εi,e,t (1.1)

Our hypothesis, in the spirit of Miller (1977), is that when it is expensive to short, not all

pessimistic views about the stock will not be reflected on prices, causing the stock to be

overpriced with respect to its fundamentals. Thus, an exogenous increase in lending fees

should cause an increase in stock price. In this case, β should be positive.

22Kolasinski et al. (2013) and Chague et al. (2017) provide evidence evidence that search costs are
correlated with lending fees.
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The main problem in estimating β is that the loan fee is also affected by shifts in short-

sellers’ demand. For instance, if short-sellers are informed traders,23 an increase in short

selling should predict a stock price decline. Since, short-sellers activity also affect lending

fees, estimated β will be negative. Therefore, the endogeneity of loan fees results in

a downward bias on the β coefficient. Hence, estimating equation by running a OLS

regression should result in a coefficient that is lower than the causal effect we would like

to estimate.

We deal with the endogeneity problem by using the exogenous variation in lending fees

generated by the tax arbitrage opportunity.

1.5.1 Specification

Our goal is to access the impact of fees in the speculative segment (the relevant one for

short-sellers) on stock returns. Our specification is as follows:

CARi,e = α + βSpec∆Feei,e + Controlsi,e + εi,e (1.2)

The subscripts i and e stand for stock and IoNE event, respectively. CARi,e is the

cumulative abnormal return over the IBRX5024 index around the IoNE dividend event.

Spec∆Fee is the proportional increase in speculative contract fees during the event with

respect to a reference fee. More precisely, we consider the event fee as the average daily

fee in the 5 business days preceding (and including) the record day, and reference fee

as the average fee between 21 and 17 business days before the record date. Daily fees

are calculated as the daily value-weighted average fee of loan contracts. Controls include

stock and event specific measures such as: IoNE dividend as a percentage of the ex-price,

illiquidity measured as the average 252 business days before the event daily-illiquidity as

of in Amihud (2002), average 21 days turnover, and market capitalization. Finally we

consider stocks’ whole sample median fee and median loan interest.

As discussed before, a lower expected return on the stock should lead to an increase in

23In fact, extensive literature has shown that short-sellers are informed traders, e.g. Chague et al.
(2014), Kelley and Tetlock (2016), Choi et al. (2016)

24The index is value weighted and accounts for the 50 stocks with the highest market capitalization
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short-selling activity and, consequently, a rise in lending fees in the speculative market.

This makes Spec∆Fee endogenous, biasing the OLS estimation results downwards. In

fact, in section 1.7 we do a placebo test, using nontaxable-dividend events, and find a

negative beta.

In order to overcome the endogeneity problem we use two instruments: increases in fees

and loan-interest on tax arbitrage contracts. Both instruments are related to the amount

of stress at the tax-arbitrage market.

The first stage is:

Spec∆Feeei = β0 + β1ArbLoanIntei + β2Arb∆Feeei+

Controlsei + εei

(1.3)

Analogous to equation (1.2), we define Arb∆Fee as the proportional increase in loan fees

for arbitrage contracts in the event. In a similar way to the usual definition of short-

interest, we define loan-interest as the ratio of shares on loan to shares outstanding. 25

ArbLoanInt is the loan interest of arbitrage contracts in the record date, i.e. it measures

the amount of shares that were used in arbitrage transactions. We cluster observations at

the ticker level when estimating standard deviations.

1.6 Results

1.6.1 Main Results

Table 1.3 presents reduced-form regressions.We find a positive and statistically significant

relation between our instruments and abnormal returns, which is compatible with the

idea that tightness in lending markets, induced by tax arbitrage, increase share prices. In

column (1) we include only the first instrument, loan-interest on tax-arbitrage transactions

25Loan-interest is usually closed related short-interest. Since it is necessary to borrow a stock in order
to short-sell it, loan-interest is always larger than short-interest. Notice however that in the case of
tax-arbitrage loan constracts there is no correspondent short-selling activity. Therefore, the corresponding
arbitrage short-interest is null.
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(besides the controls). The estimated coefficient, 0.177, means that the average tax-

arbitrage loan-interest - 2.467 percentage point - is associated with a significant abnormal

return of 0.44 percentage points (in two weeks). In column (2) we display results for our

other instrument - the fee increase in arbitrage transactions. The average proportional

rise in fees, 665%, is associated with 0.37% abnormal returns. Column (3) includes both

instruments, with similar results.

Table 1.4 presents the first stage results. Our first instrument, tax-arbitrage loan interest

indicates the amount of shares that are being used for tax-arbitrage operations. In

column (1), we find a positive relation between this instrument and the fee increase in

the speculative segment. In a typical event, where loan-interest in the tax-arbitrage

segment reaches 2.47%, speculative fees raise by an impressive 40%. Our interpretation

is that tax-arbitrageurs, at least partially, crowd out short sellers, inducing fee increases

in the speculative segment. In column (2) the instrument is the relative fee increase in

the tax arbitrage segment. The estimated coefficient means that the average increase in

tax-arbitrage fees - 665% - causes a 55.9 % rise in loan fees for short-sellers. In Column

(3) we include both instruments and find similar results.

The first three columns of Table 1.5 present results for the second stage regressions of

the models displayed in table 1.4. In order to mitigate weak instruments concerns, we

concentrate on the second column, for which the instrument is Arb∆Fee. The estimated

coefficient of proportional increase in loan fees for short-sellers is 0.651, and quite precisely

estimated (p-value less than 1%). The estimated coefficient means that the average

proportional increase in the speculative segment loan fees, induced by the mean increase

fees in the arbitrage segment, - 56% - causes a 0.36 percentage point abnormal return

in share price. The exogenous increase in speculative fees is large enough to make short-

selling less attractive, producing a significant increase in share prices in the short-run. For

comparison, we include OLS estimates at the forth column. Note that, as expected, the

estimates are much smaller, indicating that endogeneity produces a downward bias.

1.6.2 Different Windows and Overpricing Reversal

Figure 1.10 shows the estimated reduced-form parameters over different windows of

analysis. We see a clear pattern. The tightness in tax-arbitrage segment impacts abnormal
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returns around the record date. This is exactly the timing predicted by our tax arbitrage

mechanism. For other periods, the impact is hardly distinguishable from zero, with

exception of the negative coefficients at right-end of the figure. This is documented

more clearly in table 1.6. When we shift the initial window 10 trading days forward,

the estimated coefficient is -0.081, significant at 1% level, indicating a reversal of similar

magnitude of the estimated positive abnormal return around the record date. This reversal

is what we should expect, since the lending market reverts to normal some days after the

record day. Overall we show a pattern of repeated temporary tightness in the lending

market around IoNE dividends record date. Our results show that in each of those episodes

the stock price increases and reverts back with a short delay with respect to the pattern

of tightness.

The timing of the effect also eliminates the concern that the effect found in stock prices

could reflect transactions at the spot market. Any direct effect in the spot market, derived

from tax-exempt investors desire to hold stocks (buying or refraining to sell) in order to

receive dividends, should happen at most at the cum-date, which is three days before the

record date. However, in column (2) Table 1.6 we calculate abnormal returns from 9 days

before to the record date and find no effect, corroborating our hypothesis that the results

we found are driven by the effects of tax arbitrage in the stock loan market.

Figure 1.11 shows the estimated structural parameters over different windows of analysis.

Again, the pattern is clear. The causal effect of speculative transactions’ fees on returns

happens exactly when we should expect, reaching a peak after the record date. For other

periods, the impact is not distinguishable from zero, except in the end of the period,

when it becomes negative. This pattern is also illustrated by table 1.6, which shows the

estimated coefficients for some windows.

1.6.3 Determinants of Instrument Variation

In order to investigate if the assumptions about our chosen instrument are empirically

plausible, we regress the proportional increase in loan fees for arbitrage contracts on

several variables. Our hypothesis is that the tightness in the arbitrage market is mainly

driven by the desire of tax arbitrageurs to perform the tax arbitrage operations, and that

latter is drive by the amount of income that could be derived from those activities. Since
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the amount of taxes on IoNE dividend distribution is the upper bound on the income

generated by evaded taxes in those operations (and the tax rate is constant), the IoNE

dividend distribution per share, and the market capitalization seem plausible determinants

of the tightness on the lending market. Table 1.7 corroborates our hypothesis, since both

market capitalization and IoNE dividend per share are positively and significantly related

to the loan fee for arbitrage contracts. This result holds, in regressions when each of those

variables is the only explanatory variable, when both are combined, or when both are

combined with other regressors.

It is important to notice that since investors learn the IoNE-dividend’s size at earnings

date, which is many days earlier than our event window, the amount of IoNE dividend

per share should not contain any relevant information about stock market return inside

the event window. In other words, the IoNE dividend per share should affect the stock

price in the dividend record day window only indirectly, by making tax arbitrage more

attractive.

We also include some variables that describe the microstructure of the lending market as

regressors, since those variables could affect stock returns directly. A correlation between

those variables and our instrument could violate the exclusion retriction. We test for

illiquidity, turnover, median loan-interest over the whole sample, the loan interest before

the event window, the Herfindal index among lenders’ and borrowers’ brokers. However,

none of those variables seem to be related with our instrument. In summary, one can

assume that, conditional on the variables related to the magnitude of the IoNE dividend

distribution, the variation left in tightness of the tax arbitrage market seem to be good as

random.

We cannot exclude from this analysis that the worsening of expectations about the stock

prospects could increase short-selling activity and reflect in an increase in the speculative

fee that could spillover to the arbitrage market. However, this reverse spillover effect

seems implausible, since arbitrage fees were on average more than four times speculative

fees during the episodes we analyze. The unlikely hypothesis of this reverse spillover effect

if true would make our estimates subject to a downward bias, since the the worsening of

stock prospects and the increased short-selling activity should have a negative impact on

the stock price. Thus, instead of invalidating the effects we found, our estimates would
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become a lower bound for the actual effects.

1.7 Robustness

For robustness, we perform two exercises. The first is a placebo test for the tax arbitrage

medicine, where we replace IoNE dividends with nontaxable dividend events. In the

second, we restrict the analysis to cumulative returns accruing from the ex-dividend date

onward, excluding possibly positive ex-date returns due to incomplete price drop.

1.7.1 Placebo: Nontaxable Dividends

One may suspect that our empirical findings are a feature of dividend events, being

unrelated to the tax arbitrage mechanism we proposed. In order to disentangle this

alternative hypothesis from the tax arbitrage effect, we repeat the same tests around

ordinary dividend dates. Since ordinary dividends are not taxable in Brazil, there are

no tax arbitrage operations around those dates. Therefore, standard dividend events are

ideal to construct a placebo test.

We repeat the same methodology described in Section 1.5, now considering just nontaxable

dividend events. We do not consider dividend events for which the record date is less

than 21 days of an IoNE dividend date, since those could be contaminated by the short-

restriction caused by the arbitrage opportunity. Remaining filters are identical to the ones

applied to our main specification, i.e. to IoNE dividend events.

Figure 1.12 compares IoNE and Standard dividend events. On the left panel, we can see

that fees do not increase during standard dividend events, represented by the blue line.

Loan-interest does exhibit a small increase during standard dividend events, as shown by

the blue line at the right panel. However, its magnitude is small when compared to the

spike in loan-interest around IoNE record dates.

We present the summary statistics for nontaxable dividend events in Table 1.8. The results

of reduced form regressions are shown in Table 1.9. In this case, since investors borrow

stocks only to sell them short, the loan interest and the proportional increase in fees for loan
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contracts classified as “arbitrage"26 are endogenous, as they should reflect investors views

about future stock returns. Thus, it is not surprising that we find negative coefficients.

This result is commonly found in the literature, and reflects the fact that trading activity

of informed short sellers is more intense when they have negative information about future

stock performance. This is exactly the reason we need an instrumental variable approach

to identify the Miller effect. Endogeneity creates a downward bias in uninstrumented

estimates.

Recall that in our initial experiment, the increased demand for stock loans due to tax

arbitrage engendered higher costs of short selling, for reasons unrelated to short-sellers’

evaluation of the stock prospects. The difference in outcomes between the IoNE and

nontaxable dividend exercises should reflect the importance of tax arbitrage in generating

our main results.

1.7.2 Incomplete Price Drop

In order to prevent arbitrage opportunities, as soon as a stock becomes ex-dividend, its

price should decline by the same amount of the dividend.27 However, there is extensive

evidence that this is often not the case 28. In other words, stocks experience abnormal

returns at the ex-date. This phenomenon is known as the "incomplete price drop".

There is no consensus in the literature as to why the incomplete price drop exists.

Theoretical explanations include bid-ask bounce(Frank and Jagannathan (1998)), price

discreteness (Bali and Hite (1998)), trading costs (Kalay (1982)) and others. We will

avoid that discussion here. More importantly to us is the fact that in this case higher

returns could induce tightness in the market to borrow stocks, as emphasized by Thornock

(2013). Then, one could find a positive relation between lending fees and returns, but the

causality could go in the opposite direction to the one we intend to measure.

Those concerns have been already addressed by the use of instrumental variables, where

26In this case, ”arbitrage” refers to contracts that would be classified as arbitrage transactions if they
were around IoNE dividend events. There are actually no tax arbitrage transactions around standard
dividend events

27This is precise in the absence of tax. When dividends are taxable this measure should be adjusted
by an amount the depend on investors’ tax brackets, and capital gain taxation.

28e.g., Elton and Gruber (1970);Frank and Jagannathan (1998); Graham et al. (2003); Zhang et al.
(2008)
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we aim to capture only the increases in lending fees induced tax arbitrage. Moreover,

as a robustness test we restrict the analysis to cumulative returns accruing from the

ex-dividend date onward. Table 1.10 reports the second stage of our IV regression with

cumulative returns after the ex-dividend date as the dependent variable. Results are

qualitatively the same. Estimates get smaller but are still inside the confidence interval of

our main specification.

Notice also, that any stock transaction in the spot market after the cum day will be

ineffective in changing the dividend recipient. Therefore, by accumulating returns from the

ex-day forward, the results in Table 1.10 exclude the possibility of tax-induced transactions

in the spot market affecting the estimated coefficient. This result reinforces our hypothesis

that the effects found in this paper are due to the loan market tightness induced by tax

arbitrage.

1.8 Conclusion

Despite a very clear prediction about the impact of short-selling restrictions on prices,

empirical studies about those effects are plagued by some obstacles. The first difficulty is

the identification of a clear source of exogenous variation in supply and demand for stock

loan. The second is the lack of data availability on the stock loan markets due to the their

OTC nature. Our study estimates the causal impact of short-selling restrictions on returns

by taking advantage of a unique dataset and a unique source of exogenous variation in

short-sale constraints. We found a strong causal effect of variation in short-sale constraints

on stock prices. Moreover the effect is reverted after the pressure at the stock loan market

recedes.

Our results support the insight of Miller, that the overpricing effect should be present

whenever short-selling restrictions and heterogeneity of valuations coexist. The latter is

widespread, reflecting the difficulty in valuing the right to an uncertain infinite stream of

dividends. Thus, very little can be done to reduce it. Policy and regulation should aim at

relaxing short-sale constraints in order to reduce price distortions.

Although, higher loan fees are the measurable source of short-sale constraints analyzed

in this paper, loan fees are correlated with search frictions. So, we interpret our results
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as applying to short-sale constraints more widely. Short-sale restrictions are pervasive

over the world and, as our results clearly show, constitute an important obstacle to price

efficiency.
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Figures

Figure 1.1: Tax Arbitrage Impact in the Stock Loan Market: Upper and lower
panel depicts, respectively, the Average Daily Fee and Loan Interest for Petrobras (PETR4).
Dotted lines, in red, indicate the record date of IoNE-dividend distribution events.
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Figure 1.2: Typical Dates Flowchart for the IoNE Dividend Event:
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Figure 1.3: Difference Between Short-selling and Tax-Arbitrage Operations:

Figure 1.4: Simultaneous Determination of Stock Price and Loan Rate: Simple
framework based on Blocher et al. (2013). Left panel represents the equity loan market.
The right figure displays the stock market.
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Figure 1.5: Effects of the Tax Arbitrage: Left panel represents the speculative loan
market. Right panel shows the stock market.

Figure 1.6: Changes in Loan Fee Distribution Through Time: For each year,
between January 2007 and June 2013, we plot the distribution of loan fees by firms. The
vertical axis shows the frequency of firms with loan fees in the interval reported on the
horizontal axis.
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Figure 1.7: Fees and Loan-interest Around IoNE Dividend Events: The tax
arbitrage opportunity severely disrupts the stock loan market. Figure shows changes in
prices and quantities. The horizontal axis depicts the distance to the record date. Left
panel displays the average loan fee. For each stock, we calculate the daily loan fee as the
value weighed fee among all contracts in a certain day. The figure shows the average daily
loan fee among all stocks for each day around IoNE record dates. In a similar fashion, the
chart on the right side displays the average loan-interest among shares. We consider 534
IoNE dividend events from January 2010 until June 2013.
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Figure 1.8: Arbitrage vs Speculative Contracts: The top panel repeats the same
procedures as in Figure 1.7, but here we separate contracts into arbitrage (black) and
speculative driven (red). Arbitrage loan contracts are the ones that have tax benefits -
i.e, (1) borrowers are domestic investment funds and lenders are either retail investors
or foreign investors, and (2) those contracts took place before the record date and were
liquidated after it. We denote the remaining contracts speculative contracts. Lower panel
is simply a zoomed version of the top panel.
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Figure 1.9: Abnormal Returns Around The IoNE Dividend Date: For each pair
stock-event, we calculate the cumulative abnormal return starting 10 days before the
record date. Figure shows the average cumulative abnormal return among 534 events.
Abnormal return is calculated as the excess return over the IBRX50 index, which accounts
for the 50 largest stocks in market capitalization. The dotted line represents the 95%
confidence interval.
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Figure 1.10: Reduced Form Coefficient for Different Return Windows: The
dependent variable of our regressions is the cumulative abnormal return. Figure shows
how the estimated coefficient of Arb∆Fee responds to changes in the window where the
cumulative return was calculated. X-axis indicates the final date of 9-days cumulative
returns, y-axis is the coefficient of Arb∆Fee in reduced form regressions when considering
as independent variables Arb∆Fee and controls. The dotted line is the 95% percent
confidence interval.
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Figure 1.11: Second Stage Coefficient for Different Return Windows: The
dependent variable of our regressions is the cumulative abnormal return. Figure shows
how the estimated coefficient of Spec∆Fee responds to changes in the window where the
cumulative return was calculated. X-axis indicates the final date of 9-days cumulative
returns, y-axis is the coefficient of Spec∆Fee in structural form regressions when
considering just one instrument: Arb∆Fee and controls. The dotted line is the 95%
percent confidence interval.
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Figure 1.12: Placebo Vs Treatment: Figure shows a comparison between IoNE and
Standard dividend events. Standard dividend events, in which there is no tax-arbitrage
opportunity, are represented in light blue. IoNE dividents depicted in black. In both
charts, the x-axis depicts the distance to the record date. Left panel shows the Average
Loan Fee. For each stock, we calculate the daily loan fee as the value weighed fee among
all contracts in a certain day. Average Loan Fee refers to the mean daily loan fee among
stocks. In a similar fashion, the chart on the right side displays the average Loan-interest
among shares. We consider 253 standard dividend events (blue) and 534 IoNE dividend
events (black), from January 2010 until June 2013.
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Figure 1.13: Abnormal Returns Around the Normal Dividend Date: Figure
shows the cumulative abnormal returns starting from 10 days previous record date.
Abnormal return is calculated as the stock excess return over the IBX50 index, which
accounts for the first 50 biggest stocks in market capitalization. The dotted line is the
95% percent confidence interval.
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1.9 Tables

Table 1.1: Summary Statistics - Brazilian Equity Loan Market: Number of stocks
refers to the number of different companies with shares traded in the stock loan market in a
certain year. Volume is the financial volume, i.e. price times number of shares of all stocks lent,
expressed in billions. For each stock, we calculate the daily loan fee as the value weighed fee
among all contracts in a certain day. Then we calculate the yearly loan fee, for each stock, as
the average daily loan fee. Table displays, for each year, the median yearly loan fee and average
yearly loan fee among stocks. Loan Interest represents the number of shares, as a percentage of
outstanding, on loan. The daily loan-interest for a specific stock is number of shares on loan at
that day, normalized by the total number of shares outstanding. For each stock, we calculate the
yearly loan interest as the average daily loan interest. Table displays, for each year, the average
yearly loan interest among stocks.

Year # Stocks Volume (BRL) Volume (US) Median Fee Avg Fee Loan-Interest

2007 355 271.61 141.80 6.01 6.83 0.70
2008 341 301.06 172.89 4.41 4.85 0.67
2009 353 285.53 151.62 3.70 4.56 0.48
2010 384 463.32 264.04 3.73 5.73 0.54
2011 397 719.33 427.87 4.02 5.81 0.81
2012 385 791.33 408.27 3.46 5.71 0.92

2013 (until June) 349 491.17 241.66 2.91 4.99 1.65
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Table 1.2: Summary Statistics for Arbitrage Events: For each of the 534 IoNE
dividend events ir our sample, we calculate the following variables. Abnormal Return (AR) is the
cumulative abnormal return using the stock’s closing prices from days -4 to +5, where the record
day is defined as date 0. In other words, initial and final closing prices are 10 trading days apart.
Daily stock abnormal return is the stock return minus the IBRX50, an index for the Brazian
stocks traded at the stock exchange. Arbitrage∆Fee is the proportional increase in loan fees
inside the event [−4, 0] with respect to a reference fee estimated outside the event[−21,−17].
The event fee is the average daily fee from -4 to 0. The reference fee is the average daily fee from
-21 to -17. To calculate both, the event fee and the reference fee, we consider only contracts
where the borrower is taxable (T), but the lender is non-taxable (NT). Spec∆Fee is calculated in
analogous way but using only contracts with the remaining possible matchings of borrowers and
lenders’ type (T-T, NT-T, NT-NT). Arbitrage Loan Interest is a proxy for the number of contracts
allocated to tax-arbitrage transactions. It measures the amount of shares, as a proportion of
outstanding, that satisfy the following conditions: (i) borrowers are tax-exempt while lenders are
not and (ii) contracts were initiated before the record date and liquidated after it. We call those
Arbitrage loan contracts because they generated riskless gains for borrowers. The remaining
contracts are called Speculative. IoNE is the dividend yield, calculated as the payout value (per
share) as a percentage of the ex-date price. Illiquidity is the daily-illiquidity average during the
252 business days before the event, where daily-illiquidity is calculated as in Amihud (2002).
Log(MC) is the log of total market capitalization at the record date. Turnover is the average
daily turnover (for that stock) in the 21 business days before the IoNE dividend record date.
The daily turnover is the traded volume in a day, normalized by the market capitalization. For
each stock, Median Fee is the median of average daily loan fee in the whole sample, whereas
average daily loan fee is the value weighted average loan fee in a day. Similarly, Median LI is the
median Loan Interest for the whole sample.

Mean Min Median Max Std Dev Obs

AR (%) 0.534 −13.208 0.523 15.147 4.991 534
Spec ∆ Fee 0.987 −0.576 0.129 19.849 2.467 534
Arbitrage LI 2.467 0.001 1.327 27.525 3.745 534

Arbitrage ∆ Fee 6.645 −0.929 1.556 100.599 12.347 534
IoNE Dividend 0.959 0.013 0.679 15.633 1.255 534

Illiquidity 0.017 0.00002 0.001 0.581 0.064 534
log(MC) 23.276 19.605 22.891 26.722 1.566 534
Turnover 0.290 0.0003 0.223 1.698 0.251 534

Median Fee 2.358 0.283 2.120 10.817 1.982 534
Median LI 1.415 0.003 0.972 14.815 1.684 534
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Table 1.3: Reduced Form Results: Dependent variable is the stock’s cumulative abnormal
return, calculated using the stock’s closing prices from days -4 to +5, where the record day
is defined as date 0. Daily stock abnormal return is the stock return minus the IBRX50.
Arbitrage∆Fee is the proportional increase in loan fees during the event with respect to a
reference fee. The event fee is the average daily fee from -4 to 0. The reference fee is the average
daily fee from -21 to -17. To calculate both, the event fee and the reference fee, we consider only
contracts where the borrower is taxable (T), but the lender is non-taxable (NT). Spec∆Fee is
calculated in analogous way but using only contracts with the remaining possible matchings of
borrowers and lenders’ type (T-T, NT-T, NT-NT). Arbitrage Loan Interest is a proxy for the
number of contracts allocated to tax-arbitrage transactions. It measures the amount of shares, as
a proportion of outstanding, that satisfy the following conditions: (i) borrowers are tax-exempt
while lenders are not and (ii) contracts were initiated before the record date and liquidated after
it. We call those Arbitrage loan contracts because they generated riskless gains for borrowers.
The remaining contracts are called Speculative. Robust standard errors corrected by clustering at
the stock level in parentheses. The estimated beta for the intercept was omitted. Check Table
1.2 for a more detailed description of the remaining variables.

Dependent variable:

Stock Abnormal Return

(1) (2) (3)

Arbitrage Loan Interest 0.177∗∗∗ 0.154∗∗∗
(0.053) (0.050)

Arbitrage ∆ Fee 0.055∗∗∗ 0.047∗∗∗
(0.014) (0.014)

IoNE Dividend −0.142 −0.261 −0.293
(0.257) (0.202) (0.222)

Illiquidity 0.391 −0.666 −0.088
(2.001) (2.052) (2.009)

log(MC) 0.228 −0.011 0.131
(0.165) (0.161) (0.166)

Turnover −2.163 −2.272 −2.383
(1.522) (1.506) (1.479)

Median Fee 0.381∗∗∗ 0.358∗∗∗ 0.443∗∗∗
(0.146) (0.135) (0.146)

Median LI 0.066 0.156 0.100
(0.296) (0.302) (0.287)

Observations 534 534 534
R2 0.030 0.029 0.039
Adjusted R2 0.017 0.016 0.025

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 1.4: First Stage: Arbitrage∆Fee is the proportional increase in loan fees during the
event with respect to a reference fee. The event fee is the average daily fee from -4 to 0. The
reference fee is the average daily fee from -21 to -17. To calculate both, the event fee and the
reference fee, we consider only contracts where the borrower is taxable (T), but the lender is
non-taxable (NT). Spec∆Fee is calculated in analogous way but using only contracts with the
remaining possible matchings of borrowers and lenders’ type (T-T, NT-T, NT-NT). Arbitrage
Loan Interest is a proxy for the number of contracts allocated to tax-arbitrage transactions.
It measures the amount of shares, as a proportion of outstanding, that satisfy the following
conditions: (i) borrowers are tax-exempt while lenders are not and (ii) contracts were initiated
before the record date and liquidated after it. We call those Arbitrage loan contracts because
they generated riskless gains for borrowers. The remaining contracts are called Speculative. The
estimated beta for the intercept was omitted. Robust standard errors clustered at the stock level.
Check Table 1.2 for a more detailed description of the variables.

Dependent variable:

Spec ∆ Fee

(1) (2) (3)

Arbitrage Loan Interest 0.165∗∗∗ 0.127∗∗
(0.064) (0.053)

Arbitrage ∆ Fee 0.084∗∗∗ 0.077∗∗∗
(0.017) (0.016)

IoNE Dividend 0.272 0.048 0.021
(0.184) (0.077) (0.097)

Illiquidity 0.971∗∗ −0.298 0.178
(0.471) (0.537) (0.453)

log(MC) 0.479∗∗∗ 0.203∗ 0.320∗∗∗
(0.110) (0.108) (0.103)

Turnover 0.743 0.469 0.378
(0.583) (0.518) (0.485)

Median Fee −0.104∗∗ −0.071 −0.001
(0.053) (0.050) (0.039)

Median LI −0.146∗ −0.042 −0.089
(0.088) (0.068) (0.072)

Partial F test 6.75 25.05 17.24
Observations 534 534 534
R2 0.189 0.263 0.293
Adjusted R2 0.178 0.254 0.282

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 1.5: Second Stage Regressions: The first three columns represent Second Stage
Regressions for different set of instruments. OLS results are reported in columns (4). The
instruments used are: Arbitrage Loan-Interest (LI) and Arbitrage Relative Delta Fee (ArbFee),
and the two together. Dependent variable is the stock’s cumulative abnormal return, calculated
using the stock’s closing prices from four days before the record date to five days after it. Daily
stock abnormal return is the stock return minus the IBRX50. IoNE is the dividend yield. The
estimated beta for the intercept was omitted in this table. Robust standard errors are clustered
at the stock level. Check Table 1.2 for a more detailed description of the variables.

Dependent variable: Stock Abnormal Return

Instrument LI ArbFee LI/ArbFee OLS

(1) (2) (3) (4)

Spec ∆ Fee 1.073∗∗ 0.651∗∗∗ 0.758∗∗∗ 0.152∗∗

(0.494) (0.208) (0.219) (0.068)

IoNE Dividend −0.434∗ −0.292 −0.328∗ −0.124
(0.242) (0.190) (0.186) (0.230)

Illiquidity −0.651 −0.472 −0.517 −0.259
(1.904) (1.918) (1.907) (2.011)

log(MC) −0.287 −0.143 −0.179 0.028
(0.266) (0.183) (0.188) (0.170)

Turnover −2.960∗ −2.577∗ −2.675∗ −2.124
(1.642) (1.521) (1.533) (1.557)

Median Fee 0.493∗∗∗ 0.404∗∗∗ 0.427∗∗∗ 0.299∗∗

(0.154) (0.137) (0.137) (0.135)

Median LI 0.222 0.184 0.194 0.139
(0.295) (0.297) (0.295) (0.310)

Weak Instruments 6.75 25.05 17.24 OLS
Observations 534 534 534 534
R2 -0.158 -0.032 -0.057 0.020
Adjusted R2 -0.174 -0.046 -0.071 0.007

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 1.6: Different Windows and Overpricing Reversal: In each column, the
dependent variable is the abnormal stock return in a different period/window. In Column (3),
we repeat the results of Table 1.5, in which returns were accumulated around record date [−4, 5].
The remaining columns represent five trading days shifts of that window, but the initial and final
closing prices used to calculate returns are always 10 trading days apart. Arbitrage∆Fee is used
as instrument for Speculative∆Fee. Arbitrage∆Fee refers to the increase, in percentage, of the
daily average loan fee inside the event[−4, 0] relatively to a reference fee estimated outside the
event [−21,−17] considering only contracts where the borrower is tax-exempt but the lender is
not. The method for calculating Spec∆Fee is analogous but using speculative contracts. IoNE
is the dividend yield. The estimated beta for the intercept was omitted in this table. Robust
standard errors clustered at the stock level. Check Table 1.2 for a more detailed description of
the variables.

Dependent variable:

AR−14,−5 AR−9,0 AR−4,5 AR1,10 AR6,15

(1) (2) (3) (4) (5)

Spec ∆ Fee −0.273 0.022 0.651∗∗∗ −0.176 −0.884∗∗∗

(0.211) (0.266) (0.208) (0.250) (0.235)

IoNE Dividend −0.042 −0.208 −0.292 0.417 1.055∗∗∗

(0.138) (0.304) (0.190) (0.260) (0.208)

Illiquidity −2.404 5.015∗∗∗ −0.472 −3.551 −5.524∗∗

(2.635) (1.921) (1.918) (2.719) (2.370)

log(MC) 0.319 0.232 −0.143 −0.096 0.122
(0.206) (0.179) (0.183) (0.232) (0.201)

Turnover 0.127 −0.043 −2.577∗ −1.373 0.338
(1.857) (1.249) (1.521) (1.558) (1.527)

Median Fee 0.025 0.326 0.404∗∗∗ −0.001 −0.268∗∗

(0.176) (0.216) (0.137) (0.144) (0.114)

Median LI −0.168 −0.008 0.184 −0.188 −0.140
(0.196) (0.240) (0.297) (0.206) (0.200)

Observations 534 534 534 532 528
R2 -0.013 0.021 -0.032 0.025 -0.041
Adjusted R2 -0.027 0.008 -0.046 0.012 -0.055

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 1.7: Determinants of the Instrument: Arbitrage∆Fee is the proportional
increase in loan fees during the event with respect to a reference fee. The event fee is the average
daily fee in the 5 business days preceding (and including) the record day. The reference fee is
the average fee between 21 and 17 business days before the record date. To calculate both, the
event fee and the reference fee, we consider only contracts where the borrower is taxable (T), but
the lender is non-taxable (NT). IoNE is the dividend yield evaluated at the ex-date. LI Before
is the average loan interest outside the event [−21,−17]. HI lender is the Herfindahl Index, i.e.
the sum of the squares of the market shares of the lenders’ brokers, evaluated using the stock’s
lending contracts initiated up to one year before the event. The definition of HI borrower is
analogous. Robust standard errors clustered at the ticker level. Check Table 1.2 for a more
detailed description of the variables

Dependent variable:

Arbitrage ∆ Fee

(1) (2) (3) (4) (5)

IoNE Dividend 3.330∗∗ 3.523∗∗ 3.497∗∗ 3.445∗∗
(1.490) (1.560) (1.553) (1.529)

log(MC) 2.433∗∗∗ 2.600∗∗∗ 2.751∗∗∗ 2.765∗∗∗
(0.710) (0.667) (0.683) (0.681)

Illiquidity 7.634 7.583
(5.422) (5.226)

Turnover 6.760 6.431
(4.700) (4.615)

Median LI −0.847∗ −1.103
(0.495) (0.775)

LI Before 0.285
(0.630)

HI lender 2.616
(7.335)

HI borrower −3.705
(8.139)

Observations 534 534 534 534 534
R2 0.115 0.095 0.223 0.233 0.234
Adjusted R2 0.113 0.094 0.220 0.226 0.222

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 1.8: Placebo Test - Summary Statistics for Standard Dividend Events:
Although there is not tax arbitrage involving standard dividend payments, we define
arbitrage and speculative contracts in the same way as we did for IoNE-dividends. Variables
are calculated using the exact same procedure as described in Table 1.2, but for the sample
of 249 standard dividend events. In previous tables, the Dividend Yield was called IoNE
to emphasize that it we were not referring to standard dividend events.

Mean Min Median Max StdDev Obs

AR (%) 0.603 −33.921 0.834 13.557 5.573 249
Spec ∆ Fee 0.106 −0.717 −0.032 3.936 0.543 249
Arbitrage LI 1.119 0.002 0.727 13.955 1.394 249

Arbitrage ∆ Fee 0.164 −0.767 −0.019 12.925 1.017 249
Dividend Yield 2.258 0 1.632 13.702 2.389 249

Illiquidity 0.007 0.00001 0.001 1.193 0.076 249
log(MC) 22.896 19.753 22.870 26.108 1.001 249
Turnover 0.419 0.001 0.330 3.019 0.356 249

Median Fee 2.575 0.276 1.739 18.565 2.726 249
Median LI 2.145 0.005 1.246 14.815 2.435 249
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Table 1.9: Placebo Test Using Standard Dividends – Reduced Form Results:
Standard-dividends are not taxable in Brazil. Therefore, we use standard dividends to construct
a placebo test. For consistency, we define arbitrage and speculative contracts in the same way as
we did for the IoNE events, despite the fact that there is no arbitrage in this case. Variables
are calculated using the exact same procedure as described in Table 1.2, but for the sample of
249 standard dividend events. Dividend Yield is the payout value as a percentage of the ex-date
price. Turnover is the average daily stock’s turnover in the 21 days before the standard dividend
event. Robust standard errors clustered at the stock level in parentheses. Check Table 1.2 for a
more detailed description of the variables

Dependent variable:

Cumulative Abnormal Returns
Reduced Form

(1) (2) (3)

Arbitrage Loan Interest −0.767∗∗ −0.728∗∗
(0.300) (0.291)

Arbitrage ∆ Fee −0.601∗∗ −0.562∗∗
(0.281) (0.283)

Dividend Yield −0.410∗∗∗ −0.342∗∗ −0.366∗∗
(0.158) (0.167) (0.162)

Illiquidity −2.569∗∗ −2.182∗∗ −2.475∗∗
(1.084) (1.070) (1.077)

log(MC) −0.797∗ −0.681 −0.738∗
(0.436) (0.432) (0.434)

Turnover −5.478∗ −5.788∗ −5.460∗
(3.203) (3.303) (3.234)

Median Fee −0.036 0.011 −0.021
(0.121) (0.123) (0.124)

Median LI 0.669 0.388 0.676
(0.443) (0.398) (0.435)

Observations 249 249 249
R2 0.114 0.111 0.124
Adjusted R2 0.088 0.085 0.094

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 1.10: Incomplete Price Drop - Second Stage Regressions: As a robustness
test we restrict the analysis to cumulative returns accruing from the ex-dividend date onward,
i.e. from the closing price two days before the record date to five days after it. IoNE is the
payout value (per share) as a percentage of the ex-date price. Log(MC) is the log of Market Cap.
Turnover is the average daily turnover in the 21 business days before IoNE record date. Daily
turnover is the stock’s traded volume in a day normalized by Market Cap. Robust standard
errors clustered at the stock level. Check Table 1.2 for a more detailed description of the variables

Dependent variable:

CARExDiv

One Instrument: LI One Instrument: Fee Two Instruments

(1) (2) (3)

Spec ∆ Fee 0.852∗∗ 0.359∗∗ 0.484∗∗∗

(0.346) (0.152) (0.152)

IoNE Dividend −0.594∗∗∗ −0.428∗∗∗ −0.470∗∗∗

(0.205) (0.153) (0.162)

Illiquidity −4.069∗ −3.857∗ −3.911∗

(2.163) (2.284) (2.248)

log(MC) −0.240 −0.071 −0.114
(0.181) (0.130) (0.129)

Turnover −1.778 −1.327 −1.442
(1.224) (1.147) (1.147)

Median Fee 0.374∗∗∗ 0.271∗∗ 0.297∗∗

(0.128) (0.116) (0.116)

Median LI −0.0005 −0.045 −0.034
(0.182) (0.187) (0.184)

Weak Instruments 6.73 25.03 17.22
Observations 534 534 534
R2 -0.127 0.013 -0.009
Adjusted R2 -0.142 -0.0004 -0.023

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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1.10 Appendix - Differences between standard and

IoNE dividends

In Brazil, the law requires a minimum distribution of 25% of profits.Brazilian firms

distribute profits through two types of dividend, standard and IoNE (Interest on Net

Equity). The difference is in the tax treatment:

(1) Every shareholder is exempt from taxation on standard dividends. (2) Some investors

have to pay a 15% tax rate on IoNE dividends. (3) The tax arbitrage opportunity exists

only for IoNE dividends.

The IoNE dividend was created in 1995 with the stated goal of incentivizing firms‘

capitalization. IoNE dividends are deducted from corporate taxable income, but taxable

shareholders have to pay a 15% tax rate (the same rate as interest on long-term debt,

thus the name Interest on Net Equity). Standard dividends are not deducted from the

corporate taxable income, but their recipients are exempt from taxation.

An example may help to clarify the firm’s options. Assume a firm would like to distribute

100 dollars to their shareholders. Ignore the arbitrage opportunity for now and assume

every shareholder will have to pay a 15% tax rate on IoNE dividends. The company faces

two options: (1) distribute 100(1− c) dollars as standard dividends, where c represents

the marginal corporate tax rate. (2) distribute 100 dollars as IoNE dividends to their

shareholders. In this case shareholders will have to pay a 15% tax rate and will receive 85

dollars. Firms prefer to distribute IoNE dividends because the corporate tax rate is 24%,

and thus IoNE dividends economize on taxes.29 In fact, there is an upper limit to the

amount of IoNE dividends distributed, but not to standard dividends.

29Almost all companies in our sample operate under the so-called Real Income regime. The Real
Income regime is progressive. Companies pay a 15% tax rate on annual incomes up to BRL 240,000.00,
approximately USS89,000.00; above this threshold companies pay an additional 15% surcharge. Almost
all companies in our sample have annual income well above the threshold. The tax rate is then about
24% for those companies. In contrast, the tax rate on IoNE dividends is 15%. Thus, when corporations
choose to distribute, they almost always distribute through IoNE up to the legal. Firms often choose to
distribute the minimum of 25% of profits.
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same stock, traded in the same date. This dispersion is a result of the over-the-counter
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micro-level data on all stock loan contracts in Brazil to characterize its fee dispersion. We
also show that stocks with larger fee dispersion have lower future returns. Moreover, loan
fee dispersion is the best predictor of the cross-section of stock returns, when compared to
traditional short-sale related measures frequently used in the literature: loan fee average,
short-interest and loan fee volatility. More importantly, the existence of loan fee dispersion
is a direct consequence of the current market structure and could be mitigated by an
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2.1 Introduction

We use transaction level data, to investigate search frictions in the market to borrow

stocks. The over-the-counter structure of the lending market gives rise to a significant level

of fee dispersion. Comparing contracts traded on the same day, for the same stock, the

average distance between the maximum and the minimum fee is more than 4 percentage

points.

Figure 2.1 helps to clarify the magnitude of fee dispersion present in the data. Here

we plot only loan contracts for PETR4, one of the largest companies in South America.

Each dot represents a transaction and the y-axis shows the respective loan fee. It is clear

that, for the same stock, borrowed in the exact same day, investors pay very different

fees. Frictions tend to be even more severe for other stocks, since PETR4 could hardly be

characterized as hard to borrow.

We are able to characterize price dispersion in loan fees because we use a unique database

that contains information about every single loan contract between 2007 and 2013. Our

data set is from the only stock exchange operating in Brazil - B3. Unlike other countries, in

Brazil, all equity lending market transactions have to be registered at the stock exchange.

Investors face an opaque market and stock loans are traded over-the-counter, but this

confidential data-set allows researchers to scrutinize every single transaction. That unique

structure mitigates possible biases due to selective data availability.

Another interesting feature of this data-set is that it allow us to identify the type of

investors involved in each transaction, e.g. the borrower is a domestic fund and the lender

a foreign investor. Consequently, we can analyze differences in fees between investor’

groups. Domestic funds, on average, pay lower fees than retail investors when they are

borrowing, and receive higher fees when they are lending. The spread between domestic

funds and foreign investors has the same sign but a smaller magnitude. Retail investors

also pay (receive) higher (lower) fees than foreign investors. However, there is substantial

remaining price dispersion for contracts with the same lender-borrower types of investor.

Loan fee dispersion may be characterized by different statistical measures. We chose

as our baseline measure the range of fees (from now on Fee Range). For each stock,

DailyFeeRange is simply the difference between the maximum and the minimum fee for
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stock loan contracts initiated at a specific day. Our measure, FeeRange, is calculated at

monthly frequency for each stock, as the average of the daily fee range. As a robustness

check, we also use standard deviation of fees. It is important to clarify that we are always

comparing contracts that were initiated on the same day, i.e. new loans. The idea is to

avoid comparing lending contracts that are active, but were negotiated in a different date.

We document large cross-sectional and time series variation in loan fee dispersion. Fee

Range, for example, grows during the financial crisis and then falls back to usual levels by

2009.

Moreover, we find a substancial level of fee dispersion even for contracts within the same

broker. When comparing contracts for the same stock, traded on the same day and with

the same broker as intermediary; we find that the top 1% of observations of within-broker

Fee Range are larger than 7.75 pp. The existence of fee dispersion within broker can be a

consequence of price discrimination. However, we do not rule out the possibility that the

reported dispersion is caused by other factors.

Since we measure fee dispersion within the day, at least part of the observed fee dispersion

is caused by the intraday volatility of lending fees. However, we argue that the magnitude

of daily fee range is, frequently, a multiple of the volatility of the daily average fee.

Therefore, it is implausible that the observed fee dispersion is being caused primarily by

intraday volatility.

More importantly, we show that fee dispersion has substantial forecasting power on stock

returns. In fact, loan fee dispersion is the best predictor of the cross-section of stock

returns, when compared to traditional short-sale related measures frequently used in the

literature: average lending fee, short-interest and loan fee volatility.

We present two possible explanations for why loan fee dispersion predicts stock returns.

The first one is related to information asymmetry. It is possible that fee range increases

when (some) informed investors short-sell. An investor that rarely short-sells will probably

have low bargaining power (at the stock loan market) and, therefore, will pay higher fees.

However, that will not stop her from short selling if she, eventually, have access to an

important information before everybody else. In this case, well connected players will

continue to borrow at low rates, but her atypical movement will generate an increase in
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the observed maximum fee and, consequently, in Fee Range.

The second one is related to search frictions. The link of causation is the following. Fee

Range acts as a proxy for search frictions and, therefore, correlates with an indirect cost

to short-sell. Impediments to short-sell, in turn, can cause overpricing as extensively

documented by the literature. In the next paragraphs we explain those arguments into

further detail.

Two studies find a positive relation between fee dispersion and search cost proxies. First,

Kol, using data from 12 lenders, study the determinants of lending fees in the stock loan

market. They argue that the extend to which demand shocks impacts fees is related to

the level of search frictions. More importantly, they find that higher loan fee dispersion is

associated with higher values for search cost proxies 1. They also find substantial variation

in lending fees charged by the same lender, and showed that the in-lender dispersion in

lending fees is positively related to the stock average lending fee.

Chague et al. (2016), using a Brazilian data-base similar to ours, find compelling evidence

that higher search costs are associated with higher fee dispersion. They create a measure

of borrower connectedness (BC), as a proxy for the search cost an investor faces when

borrowing a specific stock. They also show that BC is positively related to loan fee

dispersion. They write: "loan fee standard deviation and loan fee range among borrowers

in the low BC-group are respectively 46% and 135% higher than those among borrowers

in the high-BC group.

To the best of our knowledge, we are the first to document a negative relation between

fee dispersion and stock returns. However, the idea that impediments to short sell can

affect stock returns is extremely well documented, both in the theoretical front as in the

empirical one.

Blocher et al. (2013) argue that an increase in the costs to short can cause overpricing as

it pushes pessimistic investors out of the market and, consequently, pushes prices towards

the average valuation of relatively optimistic investors. The seminal idea behind that

model dates all the way back to Miller (1977). Moreover, several theoretical papers have

argued that - under different hypothesis - short selling restrictions or increases in the cost

1For a nice literature review on search cost and price dispersion please refer to Baye et al. (2006).
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to short can cause overpricing 2. Another possible explanation is that rational agents will

require a premium for shorting stocks with higher search costs. Since they are assuming

positions on the short side, that premium comes from excess negative returns.

On the empirical front, recent literature has extensively addressed the predictive power

of short sale related metrics over returns. Measures like short-interest 3, institutional

ownership 4, average loan-fee 5, days-to-cover (DTC) 6, and volatility of loan fees 7 were

shown to forecast stock returns. Overall, the suggested interpretation of those results

is that stocks that are more short-sale constrained have lower future returns than less

constrained ones.

We show that Fee Range has strong predictive power on the following month stock returns.

First, we examine the performance of Fee Range long-short portfolios. We sort stocks

into three quantiles - small (bottom 30%), middle (40%), large (top 30%) – based on

their loan fee dispersion at the end of each month, and compute the returns on these

quantile-portfolios over the following month. The alpha for the large dispersion quantile

portfolio, measured by Fee Range, is -0.7% per month, while the small-range-fee quantile

exhibits a positive 0.9% alpha. The intermediary quantile also exhibits an intermediary

alpha, i.e. -0.5%. Finally, the average return on a portfolio long the small quantile and

short the stocks in the large quantile is a highly significant 1.6% per month, with a four

factor (FF4) alpha of 1.3% per month. The associated Sharpe ratio is above one.

For comparison, we repeat the same methodology for other measures of short selling

restriction: average loan fee, short interest, and volatility of loan fees. Although most

of the estimates seen to be in the predicted direction, the long-short portfolios based on

loan fee dispersion are the ones with higher alpha and the only ones with a statistically

significant four factor alpha.

We are also interested on the predictive power of loan fee dispersion on returns when

controlling for the other short related measures. We test our hypothesis using the Fama-

Macbeth regression methodology and find that a one standard deviation increase in Fee

2Examples include Harrison and Kreps (1978),Scheinkman and Xiong (2003) and Duffie et al. (2002).
3Figlewski (1981),Desai et al. (2002), Nagel (2005), Boehme et al. (2006)
4Asquith et al. (2005b)
5Drechsler and Drechsler (2014a)
6Scheinkman;Hong; and Yan (2015)
7Engelberg et al. (2016)
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Range forecasts -0.66% returns in the following month. Most important, though, is that

Fee Range is the best predictor among all the short measures discussed.

The remaining of the paper is organized as follows: Section 3.2 describe the data used

as well and summary statistics, Section 2.3 describes the loan fee dispersion, Section 2.4

connects the loan fee dispersion with the cross-sectional returns of stocks, Section 3.6

concludes.

2.2 Data, Variables and Summary Statistics

Unlike most countries, where the market for renting stocks is completely decentralized,

in Brazil, every transaction must be reported to B3. The only stock exchange in Brazil,

B3, acts as a clearing platform and as a central counterpart. It guarantees all loan

contracts, and keeps track of the contract‘s collateral. That means, although the market

is still opaque from an investor perspective, this confidential data-set allows researchers to

scrutinize every single transaction. Consequently, the Brazilian framework constitutes a

unique opportunity for academic research on stock loans and short sales.

A typical lending operation involves the exchange and four different participants: the

lender, the borrower, the lender’s broker and the borrower’s broker. Our data runs from

January 2007 to June 2013. A usual observation contains: (1) Date when the loan contract

was open/closed; (2) Stock ID; (3) Type of investor lending the stock, e.g. Domestic Fund,

Retail Investor, etc.; (4) Type of investor borrowing the stock; (5) Unique anonymous code

identifying the borrower’s broker; (6) Unique anonymous code identifying the lender’s

broker; (7) Number of shares; (8) Lending fee; (9) Broker’s commission rates.

Information on stocks returns and volume are from Economática. In conformance with

CRSP returns, we consider returns are holding period returns from month-end to month-

end, with ordinary dividends reinvested at month-end.

To be included in the final data set, we require that the stock have a valid price all days in

the month, have valid turnover measure and short-interest measure. To consider a daily

short-interest measure valid, we require that at least 5 contracts were closed that day.

The monthly measure is considered valid only if there were at least 10 trading days with
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a valid daily measure. 8 For each contract, we consider the loan fee as the fee required by

the owner of the stock plus the commission fees charged by the intermediaries’ brokers9.

All loan fee variables are displayed as annual rates.

Table 2.1 describes the methodology used to calculate the most important variables in

the paper. Our main variable of interest is called Fee Range, i.e. the difference between

the maximum and the minimum fee. To be specific, the data-set contains the loan fee

charged for every contract initiated in a day. With that information, we calculate the

difference between the maximum and the minimum fee charged on that day (for that

stock), i.e. the daily fee range. Fee Range is simply the monthly average of that variable.

We opt for averaging the daily fee range rather than calculating the distance between the

maximum and the minimum fee charged on that month in order to reduce the impact of

fees’ time-series volatility and to focus on cross-sectional variation. For robustness checks

we use another measure of fee dispersion, the standard deviation of fees. As with Fee

Range, Fee SD is simply the monthly average of the daily standard deviation of fees.

Similarly, the daily average loan fee is the, volume weighted, daily average loan fee in each

day. The monthly average loan fee(Avg Fee) is the average daily loan fee in the month.

Daily short interest (SI) is the quantity of shares in loan contracts divided by the number

of shares outstanding. Monthly SI is the average SI in the month.

Table 2.2 reports summary statistics for the main variables in our study. The average

Fee Range is 4.31 pp. That number is impressive considering the mean Avg Fee is 3.8%.

Therefore, the average distance between the maximum and minimum fee, for the same

pair stock-day, is more than 4 percentage points, even larger than the average fee paid.

Moreover, 1% of observations present a Fee Range larger than 23 pp.

Average Short Interest is 2.3% with a 2.64 standard deviation. Summary statistics for

other common measures of short selling restriction, such as Fee Volatility 10, are also

presented.

8We also exclude dates that are at least 5 days close to a "interest on net equity" (IoNE) window due
to a tax arbitrage that could distort loan fees and SI interest in this period. IoNE is a type of dividend
which receives tax treatment similar to interest payments, both form firms and investors. Investors were
subject to 15% tax, but domestic funds were tax exempt. Thus, there was a tax arbitrage operation,
which consisted of funds borrowing from other type of investors before the dividend record date, reverting
the loan just after it.

9The ability to distinguish both is one other advantage of our data set.
10Engelberg et al. (2016) shows that the volatility of loan fees can forecast stock returns.
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Table 2.3 reports yearly summary statistics. In 2013, the number of observations drops

because our data-set ends in June. Note also how the number of different stocks fluctuates

around 100 per year. Investors usually avoid shorting illiquid stocks, consequently they do

not reach enough transactions (in the equity lending market) to pass through our filters.

The average Fee Range varies from 3.8 pp in 2008 to 5.27 in 2013.

2.3 Loan Fee Dispersion

Due to the difficulty in collecting transaction level data, fee dispersion has not received

much attention in the short selling literature. In this section, we describe fee dispersion

and the underlying mechanisms driving it.

Fee dispersion is much larger than what our intuition would suggest. Figure 2.1 is a

scatter plot for the loan contracts of Petrobras(PETR4), one of the largest companies

in South America. PETR4 is the most traded share at the stock loan market and has

the largest market cap among the 150 companies in our sample 11. Each dot represents a

transaction and the y-axis shows the loan fee paid for that contract. For each day, we plot

only contracts that were initiated on that exact same day. The idea is to avoid comparing

lending contracts that are active, but were negotiated in a different date. It is clear that

for the same stock, borrowed in the same day, investors pay very different fees. Since

PETR4 is not characterized as hard to borrow, frictions tend to be even more severe for

other stocks. Daily Fee Range is defined as the distance between the maximum and the

minimum lending fee paid, on that day, for that stock. The average daily fee range for

PETR4 is 4.24 pp , considering the entire sample.

Fee Range varies between stocks, ranging from 0.47 pp to 14.61 pp. Figure 2.2 plots

the average Fee Range for each company. Interestingly, the largest time series average

Fee Range are among the 40% smallest stocks, but there is no clear relationship between

market capitalization and Fee Range.

Figure 2.3 shows the time series fluctuation in aggregate Fee Range, i.e. the average fee

range across stocks. Loan fee dispersion grows during the great recession, falling back to

usual levels after the crisis. Other measures of short selling restriction such as Average Fee

11We rank stocks by the time-series average market cap
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and Short Interest follow a similar path. The increase at the average fee paid by investors

during the financial crisis (red line) was already expected and well documented. Note,

however, how the average Fee Range reaches 6 pp in 2007. In other words, at that time,

not only investors were paying more to short the average stock but there was also a larger

gap between the maximum and minimum fee paid for very similar contracts.

It is important to highlight that the existence of fee dispersion is a direct consequence of

the over-the-counter structure. If stock loan transactions took place through a centralized

platform, fee dispersion would collapse and search frictions would decrease substantially.

A more transparent structure would increase market efficiency, but large brokers have

incentives to lobby against those changes.

We now decompose fee dispersion into its’ multiple facets and present a detailed description

of them. The previously described fee dispersion could be explained, at least partially, by:

dispersion within and between brokers, heterogeneity in lending costs, price discrimination

and intraday fee volatility.

We start by investigating the existence of fee dispersion between investors. One of the

advantages of having transaction level data is that we are able to identify the investor

type in each side of the loan contract. We group investors into four categories: Domestic

Funds, Foreign, Retail investors and Others.

Table 2.4 indicates the participation rate of each investor group. Retail Investors are

the lenders in 34.8% of the transactions. Since those contracts are relatively small, they

represent only 15.3% of the total financial volume. At the borrower side that gap is even

larger, Retail are the borrowers in 21.1% of contracts, but that represents only 1.5% in

terms of financial volume.

Figure 2.5 plots the total monthly financial volume by investor type. domestic funds are

the main borrowers at the end of the sample, representing more than 60% of total market

volume. At the lender side, we can see that foreign investors have grown in importance,

eventually surpassing domestic funds.

At least part of fee dispersion is explained by differences in fees between investors. Figure

2.4 repeats the same plot as in Figure 2.1, but with color representing the borrower type.

It is clear that, at least for this sample, Retail investors are the ones paying a higher fee.
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In order to have a broad picture of fees received and paid by different investor types, we

calculate the loan fee spread between them. For each pair day-stock, we take domestic

funds as our benchmark investor, and calculate the loan fee spread as the difference

between the average fee paid by an investor group and the average fee paid by domestic

funds.

Figure 2.6 plots the time series of the spread between fees paid/received by domestic funds

versus retail and foreign investors. For the median stock, domestic funds pay lower fees

than retail investors when they are borrowing, and receive higher loan fees when they are

lending. The same is true for the Foreign category, but spread is smaller. For the median

stock, retail investors pay fees that are 0.7 pp higher than the fees paid by domestic funds.

We now look at within broker fee dispersion. In Figure 2.7, we focus on the largest broker

in terms of financial volume. Here, in order to calculate DailyFeeRange(Broker1), we

consider only the 274 thousand contracts that had him as the broker on the lender side.

Figure shows the empirical distribution of the daily fee range for the anonymous broker.

Fee dispersion is less frequent within broker and there are close to 13000 observations

(day-stock) in which fee range was zero 12. However, 73% or 36168 observations are larger

than zero.

The fact that the same broker charges very different fees for similar contracts (same stock,

same date), can be a consequence of price discrimination. It is reasonable to assume that

the lack of transparency makes easier for brokers to differentiate prices between investors.

However, in principle, we do not rule out the possibility that the reported dispersion

within broker is caused by other factors such as intraday fee volatility.

Since we measure fee dispersion within the day, at least part of it is simply the intraday

volatility of lending fees. However, as shown in figure 2.8, there are many moments in

which the daily average fee is stable, exhibiting small oscillations from day to day, but

daily fee range is enormous. In fact, the magnitude of daily fee range is frequently a

multiple of the volatility of the daily average fee. For example, from September 1st 2010

to the end of May 2011 the daily average fee for GFSA3 oscilated only 1.77 pp, never

reaching more than 2.3% or less than 0.5%, but the mean daily-fee-range (in the same

12Figure shows that close to 19000 observations of Daily Fee Range for this broker are smaller than 0.1
pp.
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period) was 4.59 pp. Moreover, within the same period, the daily fee range was larger

than 8 pp in 15 days. Therefore, it is implausible that the described fee dispersion is

being caused primarily by intraday fee volatility.

In Brazil, the level of market concentration is low. There are 120 brokers, with the 3

largest being responsible for less than 25% of the financial volume and the top 10 brokers

representing only 54%. It is worth noticing that there is also a substantial level of fee

dispersion between brokers. We run a panel regression with broker, ticker and date fixed

effects. The observation unit is the lending contract and dependent variable is the contract

fee. Figure 2.9 plots estimated fixed effects for the 20 largest brokers. Confidence intervals,

depicted in red, are pretty narrow due to the number of observations/contracts, around

4.8 million. For the 20 largest brokers coefficient estimates range from -0.33 to 1.67. We

omit the estimates for the remaining 100 smallest brokers for brevity, but the variance is

even larger.

Transaction size matters and larger contracts pay smaller fees on average. We sort

transactions into 100 quantiles accordingly to transaction size, measured by financial

volume, and then run a panel regression with fixed effects for ticker, date and transaction

size quantile. Figure 2.10 plots the estimated fixed effects together with 95% confidence

intervals. Contracts in the top 1% percentile pay 1.2 percentage point smaller fees, after

controlling for date and ticker fixed effects.

2.4 Loan Fee Dispersion and Returns

In this section, we analyze how loan fee dispersion affect returns. Our hypothesis is that,

everything else equal, the higher the loan fee dispersion is, the lower are future returns.

We have two underlying reasons for this hypothesis: (i) Fee Range increases when (some)

informed investors decide to short; (ii) a higher loan fee dispersion is associated with

larger search costs and a higher level of market stress. All those mechanisms are consistent

with the predictive power of loan fee dispersion on the cross-section of returns.

Regarding the first reason. It is plausible that fee dispersion increases when (some)

informed investors decide to short. Example: an investor learns that a company in the Oil

& Gas industry has overestimated the size of their oil reserves. The investor knows that
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time is of the essence here. It’s a matter of time before that becomes public information.

She will short sell as fast as possible and as many shares as possible. In that case, Fee

Range may increase for two reasons.

First, assume that this investor rarely short sells anything, has low bargaining power in

the stock lending market and, therefore, will pay a high loan fee. Well connected players

continue to borrow at low rates, but the atypical movement of the poorly connected player

generates an increase in the observed maximum fee and, consequently, in Fee Range.

Second, when short sellers’ activity increases it gradually induces a shortage of stocks

to borrow. Eventually, the investor has to borrow from several smaller brokers, at the

margin, paying a higher fee. Note that this is true even for a well-connected investor. His

trusted broker has already rented everything he had but the investor wants to borrow

even more. The idea here is that the lending market has a limited capacity and when

demand increases, it will be met by marginal lenders who charge higher fees.

Regarding the second reason: Fee Range predicts stock returns because it is a proxy

for search frictions. Previous empirical studies have found that higher fee dispersion is

associated with higher values for search cost proxies, e.g. Kol and Chague et al. (2016). If

this is true, Fee Range measures an indirect cost of selling short.

To the best of our knowledge we are the first to document an empirical negative relation

between fee dispersion and stock returns. But the idea that impediments to short sell, in

general, can affect stock returns is extremely well documented, both in the theoretical

front 13 as in the empirical one 14.

In the presence of heterogeneity of valuations regarding stock fundamentals, impediments

to short sell will affect stock prices for the following reason. As it gets more difficult to

short sell, more and more (relatively) pessimistic investors are pushed out of the market,

which in turn pushes prices towards the average valuation of relatively optimistic investors.

Another possible explanation to why Fee Range may predict negative returns is that

rational agents will require a premium for shorting stocks with higher search costs. Since

they are assuming positions on the short side, that premium comes from excess negative
13Examples include but are not limited to Blocher et al. (2013), Miller (1977), Harrison and Kreps

(1978),Scheinkman and Xiong (2003) and Duffie et al. (2002)
14Figlewski (1981), Desai et al. (2002), Nagel (2005), Boehme et al. (2006), Drechsler and Drechsler

(2014a),Scheinkman;Hong; and Yan (2015),Engelberg et al. (2016).
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returns.

If the entire supply of stocks to borrow is in the hands of the 5 largest brokers, search

frictions tend to be small. However, if the stock’s lending supply is spread among 60

brokers, it will be much harder to find shares to borrow. This friction will vary over time

if the ownership structure varies. One possible reason for this would be an increase in

foreign funds participation rate which has two effects: (1) it increases the importance of

brokers connected to foreign funds, potentially affecting search costs and (2) it increases

the supply of shares to borrow, since foreign investors have longer investment horizons.

Investors with short horizons usually do not lend their shares. Similarly, if a company

experiences an increase in media attention, the participation rate of retail investors will

increase, displacing the share supply to brokers specialized in dealing with retail investors,

e.g. XP-Investimentos.

This friction can vary over time or not. However, if it varies, we expect that the Fee Range

will vary more slowly than in the previous case, in which the variation was generated due

to the interaction between fixed frictions and the arrival of new information.

We first present the time series results of a portfolio formed on loan fee dispersion sorts,

then we present the Fama-MacBeth regressions.

2.4.1 Sorts on Loan Fee Dispersion

Long short portfolios based on loan fee dispersion generate larger and more significant

return spreads than stocks sorted on other short related measures. We conduct the test

as follows. At the end of each month, from January 2007 to June 2013, we independently

sort all valid stocks in three quantiles (buckets) based on their loan fee dispersion, average

loan fee, short interest and fee volatility. Using stocks in each characteristic bucket, we

form both value and equal weighted portfolios. We also form a zero-investment long-short

portfolio that buys the low characteristics and sells the high characteristics. For all

portfolios, the holding period is one month. Since all characteristics considered are related

to short sale constraints, our hypothesis is that the long-short portfolios have positive

average returns and positive alphas with respect to know risk factors.

The cumulative returns of all long-short portfolios are plotted in Figure 2.11. The strategy
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based in Fee Range clearly outperforms the remaining portfolios. The same results are

summarized in Table 2.5. Panel A relates to Figure 2.11 and compares the return of

several value weighted portfolios. Rows are ordered by Sharpe Ratio. Note that long

short portfolios based on fee dispersion (Fee Range and Fee SD) perform better than the

remaining strategies. The annualized Sharpe ratio of the Fee Range portfolio is 1.18, with

average annual return equals to 15.20%.

Table 2.6 provides a deeper look into the buckets forming the Fee Range long-short

portfolio. The long-short portfolio is built by buying stocks with low Fee Range (portfolio

range_fee1) and selling stocks with high Fee Range (bucket range_fee3). Notice that

stocks with high Fee Range are also the ones that present higher return volatility, they are

small and growth stocks. This is consistent with the hypothesis that those are the stocks

that might suffer with loan market frictions. Notice also that other short related measures

– Short Interest and Average Fee - are monotonic across the Fee Range portfolios, this is

expected given the positive correlation among them. See Figure 2.14 for the correlation

matrix.

Now we consider the returns of the long-short portfolio when hedging out the exposure of

the market, Fama-French portfolios, momentum portfolios and liquidity portfolio. We

use them as benchmarks and as usual, we call them factors. 15 Table 2.7 show the time

series regressions of each portfolio on the five factors and confirms previous results. The

small-range-fee quantile exhibits a 0.9% alpha, while the average return on the large

quantile is -0.7% per month. The intermediary quantile also exhibits an intermediary

alpha, i.e. -0.5%. Finally, the average return on a portfolio long the small quantile and

short the stocks in the large quantile is a highly significant 1.6% per month, with a four

factor (FF4) alpha of 1.3% per month.

For comparison, at the appendix, tables 2.12 to 2.15 repeat the same methodology for each

of the short measures described above: average loan fee, short interest and fee volatility.

Although most of the estimates seen to be in the predicted direction, the long-short

portfolios based on loan fee dispersion are the ones with higher alpha and the only ones

with a statistically significant four factor alpha.

A concern in the analysis of long-short portfolios is the turnover of each portfolio. Stocks

15The factors returns are extracted from NEFIN.
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are sorted accordingly to their loan fee dispersion each month and then portfolios are

rebalanced. If stocks’ relative position did not vary through time, turnover would be very

low. The opposite would be true if the loan fee dispersion was very unstable. For this end,

we calculate the transition matrix of each portfolio. Figure 2.13 shows that if the stock

is at the portfolio with the lowest loan fee dispersion, range_fee1, the probability to

remain at same portfolio for the next month is 72%, to be placed on portfolio range_fee2

is 25% and to jump to range_fee3 is 3%. In other words, 28% of the stocks belonging

to portfolio range_fee1 on a given month are expected to change portfolio in the next

month.

Furthermore, as observed in the summary statistics, each year we have around 100 stocks

with valid data. Figure 2.12 shows the time series of the number of stocks in each portfolio.

On average, we have 24 stocks in each portfolio, hence reasonably diversified. Notice that

double-sorts would lead to very non-diversified portfolios, because of the low number of

stocks that attend the criteria of having enough transactions both on the spot market and

on stock lending market. Nevertheless, we shed light in what is the relative predictive

power of FeeRange with respect to other short measures by running Fama-MacBeth

regressions. The Fama-MacBeth results are presented in the next section.

2.4.2 Fama-MacBeth Regressions

We use Fama and MacBeth (1973) regression methodology as an alternative to access the

predictive power of loan fee dispersion on returns. Each month we run a cross-sectional

regression of stock returns on previous month: loan fee dispersion, average loan fee, short

interest, fee volatility and a set of control variables known to predict returns that include

log of market capitalization, log of book to market, reversal (defined as past month return)

and momentum (defined as the cumulative holding-period return from month t-12 to t-2).

Returnstock,t+1 = θ1,tFeeRangestock,t+θ2,tAvgFeestock,t+θ3,tSIstock,t+θ4,tFeeVolstock,t+Controls

(2.1)

Those regressions generate a time series of coefficients, θt. Our final estimated θ is obtained
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by averaging θt. Standard errors are adjusted using the usual Fama Macbeth procedure

with Newey West correction. Tables 2.8 to 2.10 show the Fama-Macbeth results.

As theory would predict, the estimated coefficient for all measures of short selling restriction

are negative in Table 2.8. However, only three of them are statistically significant: Fee

Volatility and the proposed measures of fee dispersion, i.e. Fee Range and Fee SD.

As a robustness test, at Table 2.9 we run the same regressions but we vary the set of

controls used. The estimates for Fee Range and Fee SD remain statistically significant in

every configuration. A one standard deviation increase in Fee Range reduces the predicted

return for next month in 62 base points (4.42 * 0.15 = 0.62).

Table 2.10 allow us to compare the predictive performance of Fee Range versus other

measures of short selling restriction. Fee Range (FeeSD) has statistical significance even

in column 5 (10) where all regressors are included. Notice that when we include both

the Fee Range and Avg Fee, the loan fee dispersion wipes out all the negative impact of

average loan fee on returns. This corroborates to our hypothesis that the average loan fee

neglects some important aspects of the market which are captured by the dispersion of

fees.

2.4.3 Between vs Within Fee Dispersion

In principle, it is possible that the fee dispersion between groups is driving our results, i.e.

"overall" fee dispersion predicts negative returns due to its correlation with dispersion

between groups. We decompose FeeRange into RangeBetween and RangeWithin to

investigate that possibility.

In order to calculate RangeWithin, we first repeat the same procedure as in Fee Range 16,

but using only contracts where the borrower was a Domestic Fund. We denote this measure

as FeeRange-DF. Then, we use the remaining contracts to calculate FeeRange-notDF in a

similar fashion. Range Within is calculated as the average of those two variables.

The goal of RangeBetween is to measure the dispersion in fees between different investor

types. For each day we calculate the average lending fee paid by Domestic Funds, Retail

16The Daily Fee Range is the difference between the maximum and the minimum fee charged at that
day for a specific stock. For each stock, Fee Range is simply the monthly average of the Daily Fee Range.
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and Foreign Investors. The distance between the maximum and the minimum of those

three variables is the daily range between. Range Between is simply the monthly average

of the daily range-between.

Table 2.11 show the results of Fama Macbeth Regressions using those variables to predict

the cross-section of returns. Both of them, RangeBetween and RangeWithin, seen

to contain relevant information about the cross-section of returns. The estimates are

negative and significant. However, the estimated coefficient for RangeWithin is statistically

significant even after controlling for RangeBetween. Therefore, the orthogonal part of

RangeWithin in relation to RangeBetween still has predictive power. However, the

converse is not true; RangeBetween is not statiscally significant when RangeWithin is

added as control.

Interestingly, stocks that have relatively high FeeRange also have relatively high

RangeWithin. The average correlation is 0.98, as indicated by the matrix correlation

depicted in Figure 2.14. In other words, although Retail investors are usually the ones

paying a higher fee, it is not the difference between the fees paid by them and other groups

the most relevant factor to predict returns. Within group dispersion has larger mean than

between group dispersion (2.98 vs 1.48) and is the one with superior return-predictability

performance.

2.5 Conclusion

The over-the-counter (OTC) structure of the market to borrow stocks gives rise to loan fee

dispersion across contracts for the same stock at the same day, which are not observed by

market participants, and usually not available to researchers. Using a unique data-set that

contains all stock loan contracts, we show that loan fee dispersion is the best predictor of

the cross-section of returns when compared to traditional short-sale related metrics: loan

fee average, short-interest and loan fee volatility.

Our results support the insight of Miller, that the overpricing effect should be present

whenever short-selling restrictions and heterogeneity of valuations coexist. The latter is

widespread, reflecting the difficulty in valuing the right to an uncertain infinite stream of

dividends. Thus, very little can be done to reduce it. Policy and regulation should aim at
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relaxing short-sale constraints in order to reduce price distortions.

Short-sale restrictions are pervasive over the world and, as extensive literature shows,

constitute an important obstacle to price efficiency. We show that the current stock loan

market design creates an unnecessary impediment to short selling. The over-the-counter

structure increases search costs, generates fee dispersion and makes harder for arbitrageurs’

to correct mispricings. Our results advocate an increase in transparency for the market to

borrow stocks possibly moving from an OTC to a limit-order-book design.
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2.6 Figures

Figure 2.1: PETR4 Loan Contracts: Each dot represents a lending contract for
Petrobras (PETR4). The y-axis shows the loan fee paid for that contract. The x-axis
depicts time. Note how for the same stock, on the same day, different investors are closing
contracts with extremely different fees.
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Figure 2.2: Average Fee Range per stock: For each stock, we calculate the average
FeeRange across time. To be more specific, Fee Range assumes a (potentially) different
value for each pair month-stock. In that sense, we could write FeeRange(t,stock). The
chart bellow plots FeeRange(stock) highlighting the cross sectional variation in Fee Range.
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Figure 2.3: Time series of FeeRange, SI and AvgFee: For each month we calculate
the Aggregated Fee Range as the average Fee Range across stocks. Aggregate Short
Interest and Aggregate Avg Fee were estimated in a similar fashion. As usual every
month-stock measure, e.g. Fee Range, was calculated using the methodology described in
Table 2.1.

Figure 2.4: Loan Contracts for PETR4: Color indicates the borrower type. We
group Commercial Banks, Pension Funds and other investors into the category "Other",
which represents less than 8% of the total number of contracts. Each dot represents a
lending contract for PETR4, and the y-axis shows the loan fee paid.
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Figure 2.5: Total Monthly Financial Volume By Investor Type:
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Figure 2.6: Differences in Fees Between Investors: Evolution of loan fee spread
relatively to domestic funds, i.e. the difference betweeen the average fee paid by an
investor group when compared to domestic funds.
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Figure 2.7: Within Broker Fee Dispersion: We focus on the largest broker in terms
of financial volume and include only the 274102 contracts that had him as intermediary.
For each pair day-stock, Fee Range is calculated as the distance between the maximum
and minimum fee. We also exclude any pair day-stock where less than 2 transactions took
place.
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Figure 2.9: Differences in Fees Between Brokers: We run a panel regression with
broker, ticker and date fixed effects. The dependent variable is the contract fee. Figure
displays estimated fixed effects for the 30 largest brokers in terms of financial volume. We
omit the estimated fixed effect for the remaining 90 (smallest) brokers. For each broker,
the red line indicates the upper and the lower limit of the 95% confidence interval. Robust
standard errors corrected for heteroskedasticity.
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Figure 2.8: Daily Fee Range and Daily Average Fee: Figure displays, in black,
the time series of weighted average lending fee for selected stocks (GFSA3, JBSS3, RSID3).
The blue ribbon indicates, for each day, the range of fees. In order to calculate those
variables we consider only contracts initiated on that day, ignoring contracts that are
active, but were negotiated in a different date.

(a) GFSA3 - GAFISA SA

(b) JBSS3 - JBS SA

(c) RSID3 - Rossi Residencial SA
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Figure 2.10: Financial Volume Fixed Effects: We sort transactions into 100
quantiles accordingly to financial volume. The chart indicates the fixed effect for those
quantiles, which were estimated through a panel regression with fixed effects for ticker,
date and financial volume quantiles. The dependent variable is the contract fee. The 95%
confidence interval, depicted in red, was estimated using robust standard errors corrected
for heteroskedasticity.
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Figure 2.11: Cumulative Returns for each long-short portfolio:
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Figure 2.12: Number of Stocks in Each Portfolio:
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Figure 2.13: Transition Matrix: The figure plots the transition probabilities of stocks
across the three range-fee sorted buckets over the period of one month. For example, the
first column shows the percentage of stocks in the first bucket that end up in each of the
three buckets after one month.
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Figure 2.14: Correlation Matrix: The chart reports the time-series average correlation
between different variables. As an example, each month we estimate the correlation
between Fee Range and Avg Fee. Denote this correlation as θt. That first step produced a
time series of θt. Each cell in the upper triangle matrix depicts the average θt for a given
pair of measures. The lower triangle part of the matrix reports the same information, but
in graphic form. Each cell is shaded blue or red depending on the sign of the correlation,
and with the intensity of color scaled 0–100% in proportion to the magnitude of the
correlation. Circles‘ size are proportional to the absolute value of the correlation. Range
refers to FeeRange, SD to SD-Fee, Avg to AvgFee, SI to short interest, Vol to Fee Volatility,
Between to Range-Between and Within to Range-Within.
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2.7 Tables

Table 2.1: Description of the main variables:

Variable Description

Fee Range The daily Fee Range is the difference between the maximum
and the minimum fee charged at that day for a specific stock.
Fee Range is simply the monthly average of the daily Fee Range.

Range Between It measures the dispersion in fees between investor types. For
each day we calculate the average lending fee paid by Domestic
Funds, Retail and Foreign Investors. The distance between the
maximum and the minimum of those 3 variables is the daily
range between. Range Between is simply the monthly average
of the daily range-between.

Range Within It measures the dispersion in fees within investor types. First
we repeat the same procedure as in Fee Range, but using only
contracts where the borrower was a Domestic Fund. We denote
this measure as FeeRange-DF. Then, we use the remaining
contracts to calculate FeeRange-notDF in a similar fashion.
Range Within is calculated as the average of those two variables.

Avg Fee Following Drechsler and Drechsler (2014a), we calculate the
daily value weighted average fee for each security. The value
weight assigned to a loan fee is the number of shares borrowed
in that contract divided by the total number of shares borrowed
that day. Avg Fee is the monthly average.

Fee Volatility This is a measure of time series volatility. For each month, Fee
Volatility is calculated as the standard deviation of the daily
average loan fee for that stock over the past 12 months.

Range Between Short interest is the total borrowed shares over total shares
outstanding.
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Table 2.2: Summary Statistics: This table reports summary statistics for the main
variables in our study. Short interest is the total number of borrowed shares over total
shares outstanding. Each month, SD Fee is calculated as the monthly average of daily
standard deviation of fees. Average Fee is the average value weighted loan fee. Market
Cap is represented in Millions. Book-to-market ratio is calculated in the end of December
of each year. The cases with negative book value are deleted. Check Table 2.1 for a
detailed description of how those variables were calculated.

Percentile

Variable Mean StdDev 1 25 50 75 99

Fee Range 4.31 4.42 0.44 1.82 3.04 5.07 23.02
Fee SD 0.94 0.90 0.14 0.43 0.67 1.11 4.71
Short Int. 2.30 2.64 0.05 0.69 1.43 2.95 12.31
Fee Vol 1.54 1.68 0.09 0.50 0.97 1.94 8.43
Avg Fee 3.80 4.15 0.27 1.12 2.44 4.99 19.32
Range_Between 1.48 1.45 0.21 0.68 1.05 1.72 7.25
Range_Within 2.98 3.36 0.28 1.25 2.03 3.36 17.76
Return 0.75 11.13 -29.31 -5.33 0.75 7.00 29.01
Volatility 0.02 0.01 0.01 0.02 0.02 0.03 0.07
BM 0.62 0.51 0.04 0.29 0.51 0.75 2.96
MC 25644 55455 985 4718 8374 18245 291429

Table 2.3: Average Statistics per Year: This table reports, for each year, the number
of observations, number of stocks and the yearly average value of: market capitalization
(in millions), book to market ratio, fee range, fees standard deviation, short interest,
average fee and fee volatility. Check Table 2.1 for a detailed description of how those
variables were calculated.

Year #Obs #Stocks FeeRange FeeSD Short-Int AvgFee FeeVol MC BM

2007 614 74 5.23 1.26 2.77 5.85 1.35 28001
2008 792 90 3.80 0.94 2.29 4.17 1.66 27375 0.47
2009 806 97 3.93 0.93 1.54 3.70 1.47 25240 0.63
2010 895 101 4.09 0.88 1.61 3.48 1.30 27381 0.66
2011 1107 123 4.53 0.93 2.19 3.63 1.51 25266 0.54
2012 1214 125 3.96 0.82 2.47 3.55 1.65 23906 0.65
2013 511 113 5.27 1.00 3.98 3.90 1.89 22669 0.76

Note: In 2013, observations go from January to June.
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Table 2.4: Investor Participation Rate: Table represents the participation rate of
each investor group as a percentage of the total number of contracts and as a percentage
of total financial volume. We group investors into four categories: Domestic funds, foreign,
retail investors and other. The group other includes comercial banks, pension funds and
insurance companies among others. .

Investor Lender Borrower

Ncotr FinVol Ncotr FinVol

Domestic Fund 31.9 38.9 53.9 54.5
Foreign 23.9 33.9 17.6 24.0
Retail 34.8 15.3 21.1 1.5
Other 9.4 11.9 7.3 20.0

Table 2.5: Returns to Long Short Strategies: Rows are ordered by Sharpe Ratio.
At the end of each month, from January 2007 to June 2013, we independently sort all
valid stocks into three quantiles (buckets) based on their loan fee dispersion, average loan
fee, short interest and fee volatility. Using stocks in each characteristic bucket, we form
value (equal) weighted portfolios. We also form a zero-investment long-short portfolio
that buys the low characteristics and sells the high characteristics. For all portfolios, the
holding period is one month. Note that strategies based in measures of fee dispersion
(Range Fee and SD Fee) perform better than the remaining long short portfolios based
on usual measures of short selling restriction. Sharpe index based on annualized returns.
Check Table 2.1 for a detailed description of how those variables were calculated.

Portfolio Value Weighted Equal Weighted

Avg Sd Sharpe T-stat Avg Sd Sharpe T-stat

FeeRange 15.20 12.92 1.18 10.19 17.80 16.43 1.08 9.38
Fee-SD 12.33 14.79 0.83 7.22 11.68 16.35 0.71 6.19
Short-Int 11.34 15.74 0.72 6.24 8.91 14.88 0.60 5.19
Avg-Fee 5.84 14.88 0.39 3.40 7.37 19.90 0.37 3.21
Fee-Vol 9.68 14.14 0.68 5.93 6.21 20.64 0.30 2.61
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Table 2.6: Summary of Portfolio characteristics: At the end of each month, from
January 2007 to June 2013, we independently sort all valid stocks in three quantiles
(buckets) based on their loan fee dispersion (FeeRange). We then form value weighted
portfolios using stocks in each characteristic bucket. Holding period is one month. For each
portfolio and each month we calculate the market cap weighted average (across stocks) of
market capitalization, book to market ratio, short interest, return, return volatility, stock
turnover and average lending fee. This table displays the time series average for each of
those variables.

Portfolio Fee Range MC BM Short Int. Return Volatility Turnover Avg Fee

FeeRange1 1.47 27620 0.61 0.96 1.21 0.02 0.002 1.11
FeeRange2 3.13 29333 0.60 1.80 1.42 0.02 0.004 1.42
FeeRange3 7.43 19894 0.58 2.74 1.22 0.03 0.005 4.17
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Table 2.7: Returns to portfolio strategies based on Fee Range: This table
provides portfolio alphas and loading, sorted on Fee Range. At the end of each month,
all the stocks are sorted into three quantile: small (bottom 30%), Middle (40%), large
(top 30%) deciles based on their fee range at the end of each month. Portfolio returns are
computed over the next month minus the monthly risk free rate - 30 day DI Swap. For
the analysis we consider 5 factors: Market, Small Minus Big Factor (SMB), High Minus
Low (HML), Winners Minus Losers (WML), Illiquid Minus Liquid (IML). The factors
considered were extracted from NEFIN. Data runs from January 2007 to June 2013. ***,
**, and * stands for significance level of 1%, 5% and 10%, respectively.

Portfolios Alpha Market HML SMB WML IML

fee range1 0.009∗∗ 0.913∗∗∗
t = 2.339 t = 24.651

fee range2 −0.005∗∗ 1.029∗∗∗
t = −2.270 t = 22.240

fee range3 −0.007∗∗ 0.981∗∗∗
t = −2.104 t = 13.532

fee rangeLS 0.016∗∗∗ −0.069
t = 3.498 t = −0.899

fee range1 0.008∗∗ 0.898∗∗∗ 0.124∗∗ 0.086
t = 2.253 t = 21.537 t = 2.040 t = 1.284

fee range2 −0.005∗∗ 1.066∗∗∗ −0.014 −0.106∗∗
t = −2.228 t = 22.244 t = −0.232 t = −2.509

fee range3 −0.007∗ 0.973∗∗∗ −0.051 0.004
t = −1.944 t = 8.443 t = −0.414 t = 0.043

fee rangeLS 0.015∗∗∗ −0.075 0.174 0.082
t = 3.481 t = −0.615 t = 1.238 t = 0.677

fee range1 0.009∗∗ 0.884∗∗∗ 0.113∗ 0.055 −0.058
t = 2.500 t = 17.287 t = 1.800 t = 0.755 t = −0.755

fee range2 −0.004 1.045∗∗∗ −0.031 −0.151∗∗∗ −0.085
t = −1.544 t = 18.120 t = −0.567 t = −2.909 t = −1.505

fee range3 −0.004 0.906∗∗∗ −0.102 −0.140∗ −0.269∗∗
t = −1.130 t = 8.394 t = −0.981 t = −1.702 t = −2.530

fee rangeLS 0.013∗∗∗ −0.023 0.215 0.194 0.211∗
t = 2.849 t = −0.192 t = 1.598 t = 1.497 t = 1.680

fee range1 0.009∗∗ 0.907∗∗∗ 0.104∗ −0.031 −0.075 0.127
t = 2.431 t = 15.816 t = 1.670 t = −0.323 t = −0.984 t = 1.152

fee range2 −0.004 1.074∗∗∗ −0.041 −0.255∗∗∗ −0.105∗∗ 0.154
t = −1.606 t = 15.262 t = −0.758 t = −2.607 t = −2.361 t = 0.887

fee range3 −0.004 0.852∗∗∗ −0.082 0.057 −0.230∗∗ −0.291
t = −1.110 t = 6.780 t = −0.853 t = 0.293 t = −2.310 t = −1.482

fee rangeLS 0.013∗∗ 0.055 0.185 −0.088 0.155 0.418
t = 2.569 t = 0.377 t = 1.508 t = −0.323 t = 1.290 t = 1.538
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Table 2.8: FamaMacBeth Regressions: Each month we run a cross-sectional
regression of stock returns on previous month: loan fee dispersion, average loan fee,
short interest, fee volatility and a set of control variables known to predict returns. Those
regressions generate a time series of coefficients, θt. Table displays the time series average
of those coefficients. Standard errors are adjusted using the usual Fama and MacBeth
(1973) procedure with Newey West correction.

Dependent variable:

Monthly Return t+1 (%)

(1) (2) (3) (4) (5)

Fee Range −0.179∗∗∗
(0.063)

Fee SD −0.811∗∗∗
(0.293)

Avg Fee −0.059
(0.055)

SI −0.118
(0.149)

Fee Vol −0.294∗
(0.161)

Log(MC) −0.089 −0.155 −0.107 −0.133 −0.147
(0.240) (0.232) (0.238) (0.237) (0.232)

Log(BM) −0.115 −0.116 −0.045 −0.029 −0.005
(0.242) (0.251) (0.246) (0.262) (0.249)

Constant 3.286 4.829 3.277 4.030 4.434
(5.951) (5.752) (5.930) (5.844) (5.735)

Observations 4,037 4,037 4,037 4,037 4,037
R2 0.336 0.333 0.326 0.337 0.330

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 2.9: FamaMacBeth Regressions: Each month we run a cross-sectional
regression of stock returns on previous month: loan fee dispersion, average loan fee,
short interest, fee volatility and a set of control variables known to predict returns that
include log of market capitalization, log of book to market, reversal (defined as past month
return) and momentum (defined as the cumulative holding-period return from month t-12
to t-2). Those regressions generate a time series of coefficients, θt. Table displays the time
series average of those coefficients. Standard errors are adjusted using the usual Fama
and MacBeth (1973) procedure with Newey West correction.

Dependent variable: Monthly Return t+1 (%)

X = Fee Range X = Fee SD

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

X −0.150∗∗∗ −0.179∗∗∗ −0.170∗∗∗ −0.613∗∗ −0.811∗∗∗ −0.811∗∗∗
(0.056) (0.063) (0.065) (0.274) (0.293) (0.297)

Log(MC) −0.089 −0.040 −0.155 −0.105
(0.240) (0.236) (0.232) (0.229)

Log(BM) −0.115 −0.028 −0.116 −0.025
(0.242) (0.201) (0.251) (0.210)

Returnt−1 −0.002 −0.002
(0.028) (0.029)

Momemtum 1.328 1.436
(1.237) (1.252)

Constant 1.397∗ 3.286 1.809 1.366 4.829 3.343
(0.824) (5.951) (5.772) (0.835) (5.752) (5.594)

Observations 5,017 4,037 4,015 5,017 4,037 4,015
R2 0.306 0.336 0.409 0.306 0.333 0.408

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 2.10: FamaMacBeth Regressions: Each month we run a cross-sectional regression of stock returns on previous month: loan
fee dispersion and a set of control variables known to predict returns. Table displays the time series average of estimated coefficients.
Standard errors are estimated with the usual Fama and MacBeth (1973) procedure and Newey West correction.

Dependent variable:

Monthly Return t+1 (%)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Fee Range −0.179∗∗∗ −0.274∗∗ −0.172∗∗∗ −0.168∗∗ −0.226∗
(0.063) (0.115) (0.058) (0.075) (0.123)

Fee SD −0.811∗∗∗ −1.222∗∗ −0.754∗∗∗ −0.712∗ −1.000∗
(0.293) (0.529) (0.271) (0.372) (0.554)

Avg Fee 0.151 0.154 0.147 0.186∗
(0.113) (0.102) (0.120) (0.100)

SI −0.004 −0.015 −0.039 −0.064
(0.149) (0.157) (0.147) (0.140)

Fee Vol −0.109 −0.195 −0.129 −0.233
(0.182) (0.169) (0.191) (0.164)

Log(MC) −0.089 0.063 −0.119 −0.104 −0.035 −0.155 −0.042 −0.194 −0.171 −0.117
(0.240) (0.263) (0.234) (0.233) (0.263) (0.232) (0.244) (0.226) (0.225) (0.248)

Log(BM) −0.115 −0.096 −0.119 −0.110 −0.049 −0.116 −0.111 −0.108 −0.110 −0.045
(0.242) (0.243) (0.243) (0.244) (0.246) (0.251) (0.263) (0.249) (0.248) (0.259)

Constant 3.286 −0.313 4.031 3.699 2.130 4.829 2.107 5.847 5.248 4.115
(5.951) (6.509) (5.745) (5.700) (6.446) (5.752) (6.037) (5.546) (5.478) (6.054)

Observations 4,037 4,037 4,037 4,037 4,037 4,037 4,037 4,037 4,037 4,037
R2 0.336 0.346 0.354 0.351 0.374 0.333 0.345 0.353 0.349 0.375

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 2.11: FamaMacBeth Regressions: Each month we run a cross-sectional
regression of stock returns on previous month: loan fee dispersion and a set of control
variables known to predict returns. Table displays the time series average of estimated
coefficients. Standard errors are estimated with the usual Fama and MacBeth (1973)
procedure and Newey West correction.

Dependent variable:

Monthly Return t+1 (%)

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

Range_Between −0.415∗ 0.277 −0.468∗∗ 0.158
(0.240) (0.313) (0.204) (0.264)

Range_Within −0.249∗∗∗ −0.330∗∗∗ −0.263∗∗∗ −0.303∗∗
(0.092) (0.125) (0.088) (0.129)

Log(MC) −0.176 −0.119 −0.103
(0.228) (0.234) (0.230)

Log(BM) −0.099 −0.140 −0.109
(0.258) (0.250) (0.257)

Constant 1.300 1.360 1.248 5.266 3.969 3.530
(0.873) (0.860) (0.848) (5.677) (5.803) (5.755)

Observations 4,037 4,004 4,004 4,037 4,004 4,004
R2 0.299 0.297 0.309 0.333 0.333 0.343

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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2.8 Appendix

Figure 2.15: Loan Contracts for Gafisa (GFSA3): Color indicates the borrower
type: Foreign Investor, Domestic Fund, Retail Investors and Other. We group Commercial
Banks, Pension Funds and other investors into the category "Other", which represents
less than 8% of the total number of contracts. Each dot represents a lending contract for
GFSA3. The y-axis shows the loan fee paid for that contract. The x-axis depicts time.
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Figure 2.16: Time series of fee quantiles: The solid line (in black) represents the
median fee. Maximum and minimum fees are depicted by dashed lines. Finally, red and
blue ribbons highlight the changes in interquantile ranges throught the time series. JBS
is ranked 111 in market cap out of 154 stocks in our sample, i.e. JBS is among the 30%
largest companies
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Table 2.12: Returns to portfolio strategies based on Loan Fee Dispersion: This
table provides portfolio alphas and loading, sorted on Loan Fee Dispersion. At the end of
each month, all the stocks are sorted into three quantile: small (bottom 30%), Middle
(40%), large (top 30%) deciles based on their loan fee dispersion at the end of each month.
Portfolio returns are computed over the next month minus the monthly risk free rate - 30
day DI Swap. For the analysis we consider 5 factors: Market, Small Minus Big Factor
(SMB), High Minus Low (HML), Winners Minus Losers (WML), Illiquid Minus Liquid
(IML). The factors considered were extracted from NEFIN. Data runs from January 2007
to June 2013. ***, **, and * stands for significance level of 1%, 5% and 10%, respectively.

Portfolios alpha Market HML SMB WML IML

sd fee1 0.003 1.093∗∗∗
t = 1.242 t = 25.641

sd fee2 −0.004 1.001∗∗∗
t = −1.369 t = 25.038

sd fee3 −0.007∗∗ 0.880∗∗∗
t = −2.306 t = 10.917

sd feeLS 0.010∗∗ 0.213∗∗
t = 2.350 t = 1.971

sd fee1 0.003 1.117∗∗∗ −0.066 −0.091∗∗∗
t = 1.401 t = 24.553 t = −0.867 t = −2.773

sd fee2 −0.004 1.002∗∗∗ 0.004 −0.001
t = −1.368 t = 29.876 t = 0.062 t = −0.015

sd fee3 −0.008∗∗ 0.850∗∗∗ 0.121 0.126
t = −2.421 t = 7.527 t = 0.986 t = 1.190

sd feeLS 0.011∗∗∗ 0.267∗ −0.188 −0.217∗
t = 2.672 t = 1.879 t = −1.250 t = −1.835

sd fee1 0.003 1.118∗∗∗ −0.065 −0.089∗∗ 0.005
t = 1.319 t = 26.508 t = −0.782 t = −2.375 t = 0.076

sd fee2 −0.001 0.946∗∗∗ −0.039 −0.121∗ −0.224∗∗∗
t = −0.658 t = 22.040 t = −0.596 t = −1.779 t = −3.560

sd fee3 −0.005∗ 0.797∗∗∗ 0.080 0.011 −0.215∗∗
t = −1.648 t = 8.114 t = 0.782 t = 0.094 t = −2.191

sd feeLS 0.008∗∗ 0.321∗∗ −0.145 −0.100 0.220∗
t = 2.228 t = 2.506 t = −1.025 t = −0.706 t = 1.914

sd fee1 0.003 1.129∗∗∗ −0.069 −0.125 −0.002 0.054
t = 1.283 t = 22.997 t = −0.782 t = −1.361 t = −0.032 t = 0.503

sd fee2 −0.002 1.021∗∗∗ −0.068 −0.393∗∗∗ −0.279∗∗∗ 0.403∗∗∗
t = −0.831 t = 20.930 t = −0.940 t = −4.065 t = −3.951 t = 2.829

sd fee3 −0.005∗ 0.684∗∗∗ 0.123∗ 0.421∗ −0.133 −0.606∗∗∗
t = −1.812 t = 5.792 t = 1.694 t = 1.835 t = −1.339 t = −3.016

sd feeLS 0.008∗∗ 0.444∗∗∗ −0.192 −0.546∗ 0.131 0.660∗∗
t = 2.217 t = 2.827 t = −1.573 t = −1.795 t = 1.079 t = 2.274
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Table 2.13: Returns to portfolio strategies based on Average Loan Fee: This
table provides portfolio alphas and loading, sorted on Average Loan Fee. At the end of
each month, all the stocks are sorted into three quantile: small (bottom 30%), Middle
(40%), large (top 30%) deciles based on their average loan fee at the end of each month.
Portfolio returns are computed over the next month minus the monthly risk free rate - 30
day DI Swap. For the analysis we consider 5 factors: Market, Small Minus Big Factor
(SMB), High Minus Low (HML), Winners Minus Losers (WML), Illiquid Minus Liquid
(IML). The factors considered were extracted from NEFIN. Data runs from January 2007
to June 2013. ***, **, and * stands for significance level of 1%, 5% and 10%, respectively.

Portfolios alpha Market HML SMB WML IML

wavg fee1 0.0001 1.125∗∗∗
t = 0.032 t = 25.161

wavg fee2 −0.0002 0.739∗∗∗
t = −0.068 t = 14.402

wavg fee3 −0.006 0.812∗∗∗
t = −1.574 t = 8.357

wavg feeLS 0.007 0.313∗∗
t = 1.035 t = 2.302

wavg fee1 0.0001 1.141∗∗∗ −0.035 −0.056
t = 0.055 t = 31.120 t = −0.392 t = −1.402

wavg fee2 −0.001 0.744∗∗∗ 0.143∗∗ 0.039
t = −0.230 t = 16.018 t = 2.056 t = 0.459

wavg fee3 −0.007∗ 0.794∗∗∗ 0.191∗ 0.120
t = −1.698 t = 7.991 t = 1.958 t = 1.346

wavg feeLS 0.007 0.347∗∗∗ −0.226 −0.177
t = 1.133 t = 2.783 t = −1.499 t = −1.603

wavg fee1 0.001 1.126∗∗∗ −0.046 −0.087∗∗ −0.058
t = 0.276 t = 29.594 t = −0.481 t = −2.360 t = −0.664

wavg fee2 0.001 0.712∗∗∗ 0.118 −0.031 −0.131
t = 0.332 t = 14.439 t = 1.385 t = −0.359 t = −1.267

wavg fee3 −0.005 0.742∗∗∗ 0.151 0.010 −0.207∗
t = −1.251 t = 8.271 t = 1.579 t = 0.102 t = −1.801

wavg feeLS 0.005 0.384∗∗∗ −0.197 −0.097 0.150
t = 0.900 t = 3.293 t = −1.150 t = −0.776 t = 0.805

wavg fee1 0.001 1.151∗∗∗ −0.056 −0.178∗ −0.076 0.135
t = 0.236 t = 24.367 t = −0.563 t = −1.934 t = −0.821 t = 1.030

wavg fee2 0.001 0.706∗∗∗ 0.120 −0.009 −0.126 −0.032
t = 0.338 t = 11.641 t = 1.480 t = −0.075 t = −1.251 t = −0.220

wavg fee3 −0.005 0.686∗∗∗ 0.173∗∗ 0.215 −0.166 −0.303
t = −1.184 t = 6.410 t = 1.973 t = 1.120 t = −1.368 t = −1.282

wavg feeLS 0.005 0.466∗∗∗ −0.229 −0.392 0.090 0.438
t = 0.830 t = 3.161 t = −1.352 t = −1.466 t = 0.465 t = 1.240
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Table 2.14: Returns to portfolio strategies based on Short Interest: This table
provides portfolio alphas and loading, sorted on Short Interest. At the end of each month,
all the stocks are sorted into three quantile: small (bottom 30%), Middle (40%), large
(top 30%) deciles based on their short interest at the end of each month. Portfolio returns
are computed over the next month minus the monthly risk free rate - 30 day DI Swap.
For the analysis we consider 5 factors: Market, Small Minus Big Factor (SMB), High
Minus Low (HML), Winners Minus Losers (WML), Illiquid Minus Liquid (IML). The
factors considered were extracted from NEFIN. Data runs from January 2007 to June
2013. ***, **, and * stands for significance level of 1%, 5% and 10%, respectively.

Portfolios alpha Market HML SMB WML IML

si1 0.001 1.056∗∗∗
t = 0.479 t = 18.694

si2 −0.001 0.908∗∗∗
t = −0.308 t = 25.712

si3 −0.007∗∗ 1.056∗∗∗
t = −2.111 t = 13.946

siLS 0.008∗∗ 0.0003
t = 2.099 t = 0.003

si1 0.001 1.058∗∗∗ −0.022 −0.012
t = 0.500 t = 20.650 t = −0.258 t = −0.200

si2 −0.001 0.934∗∗∗ −0.038 −0.086∗∗
t = −0.278 t = 19.572 t = −0.472 t = −2.117

si3 −0.007∗∗ 1.062∗∗∗ 0.077 0.012
t = −2.084 t = 12.610 t = 0.622 t = 0.135

siLS 0.008∗∗ −0.004 −0.099 −0.024
t = 2.139 t = −0.034 t = −0.588 t = −0.226

si1 0.002 1.036∗∗∗ −0.039 −0.058 −0.086
t = 0.799 t = 19.763 t = −0.396 t = −0.791 t = −1.092

si2 0.0004 0.906∗∗∗ −0.060 −0.147∗∗∗ −0.116
t = 0.133 t = 16.351 t = −0.728 t = −3.608 t = −1.392

si3 −0.004 0.996∗∗∗ 0.026 −0.129 −0.265∗∗∗
t = −1.086 t = 13.339 t = 0.229 t = −1.510 t = −3.770

siLS 0.006 0.040 −0.065 0.071 0.179
t = 1.293 t = 0.341 t = −0.362 t = 0.551 t = 1.362

si1 0.002 1.076∗∗∗ −0.054 −0.202∗∗ −0.115 0.214
t = 0.689 t = 18.394 t = −0.555 t = −2.004 t = −1.388 t = 1.538

si2 0.0004 0.927∗∗∗ −0.068 −0.225∗∗∗ −0.131 0.115
t = 0.109 t = 15.411 t = −0.825 t = −3.265 t = −1.571 t = 1.327

si3 −0.004 0.916∗∗∗ 0.057 0.163 −0.206∗∗∗ −0.432∗∗∗
t = −1.038 t = 10.749 t = 0.572 t = 1.056 t = −2.985 t = −2.751

siLS 0.006 0.161 −0.111 −0.366∗ 0.092 0.647∗∗
t = 1.143 t = 1.188 t = −0.682 t = −1.657 t = 0.664 t = 2.455
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Table 2.15: Returns to portfolio strategies based on Loan Fee Volatility: This
table provides portfolio alphas and loading, sorted on Loan Fee Volatility. At the end of
each month, all the stocks are sorted into three quantile: small (bottom 30%), Middle
(40%), large (top 30%) deciles based on their loan fee volatility at the end of each month.
Portfolio returns are computed over the next month minus the monthly risk free rate - 30
day DI Swap. For the analysis we consider 5 factors: Market, Small Minus Big Factor
(SMB), High Minus Low (HML), Winners Minus Losers (WML), Illiquid Minus Liquid
(IML). The factors considered were extracted from NEFIN. Data runs from January 2007
to June 2013. ***, **, and * stands for significance level of 1%, 5% and 10%, respectively.

Portfolios alpha Market HML SMB WML IML

vol fee1 −0.0001 1.111∗∗∗
t = −0.044 t = 28.064

vol fee2 −0.003 0.838∗∗∗
t = −1.308 t = 15.187

vol fee3 −0.005 0.775∗∗∗
t = −1.352 t = 8.487

vol feeLS 0.005 0.336∗∗∗
t = 0.837 t = 2.747

vol fee1 0.0001 1.117∗∗∗ −0.088 −0.049
t = 0.036 t = 29.692 t = −0.938 t = −1.098

vol fee2 −0.004 0.827∗∗∗ 0.155∗∗ 0.088
t = −1.347 t = 16.687 t = 2.117 t = 0.895

vol fee3 −0.005 0.775∗∗∗ 0.215∗∗ 0.081
t = −1.447 t = 8.699 t = 2.016 t = 0.877

vol feeLS 0.006 0.342∗∗∗ −0.303∗ −0.130
t = 0.942 t = 2.976 t = −1.909 t = −1.088

vol fee1 0.0003 1.111∗∗∗ −0.092 −0.060 −0.021
t = 0.109 t = 27.601 t = −0.884 t = −1.326 t = −0.236

vol fee2 −0.002 0.791∗∗∗ 0.126 0.010 −0.146
t = −0.543 t = 12.547 t = 1.353 t = 0.082 t = −1.214

vol fee3 −0.003 0.721∗∗∗ 0.173∗ −0.035 −0.216∗∗
t = −0.982 t = 8.458 t = 1.762 t = −0.313 t = −2.049

vol feeLS 0.003 0.390∗∗∗ −0.266 −0.026 0.195
t = 0.637 t = 3.519 t = −1.524 t = −0.181 t = 1.146

vol fee1 0.0003 1.134∗∗∗ −0.101 −0.143 −0.038 0.122
t = 0.081 t = 22.510 t = −0.949 t = −1.240 t = −0.392 t = 0.864

vol fee2 −0.002 0.787∗∗∗ 0.128 0.023 −0.143 −0.019
t = −0.545 t = 12.553 t = 1.399 t = 0.145 t = −1.190 t = −0.144

vol fee3 −0.003 0.678∗∗∗ 0.190∗∗ 0.122 −0.185∗ −0.232
t = −0.923 t = 7.043 t = 2.008 t = 0.648 t = −1.659 t = −1.180

vol feeLS 0.003 0.456∗∗∗ −0.291∗ −0.265 0.148 0.354
t = 0.570 t = 3.488 t = −1.697 t = −0.960 t = 0.822 t = 1.168
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3 The Trading Behavior of Brazilian Investors

ABSTRACT

We report the results of an exploratory data analysis of the Brazilian stock market. We
use an unique dataset, with daily information on all stock trading activity in Brazil from
January 2012 to December 2017. We give a quantitative description of the number of
active investors and changes in trade activity through time. We also use data on portfolio
holdings to analyze investor’s portfolio diversification level. Finally, we show that the
trades made be retail investors underperform the ones made by the remaining investor
categories. Which could be an indicative that retail investors are slower at processing
public information or have inferior access to private information and, therefore, make
worse and less informed trades.

Keywords: Brazilian Stock Market; Investor Behavior; Retail; Trade Performance;

Return Predictability.

3.1 Introduction

We report the results of an exploratory data analysis of the Brazilian stock market.

We have daily information on all trading activity in the country, from January 2012 to

December 2017. Investor’s Ids are anonymized, but assigned permanent reference numbers,

allowing us to follow their trade performance through the entire sample.

The 1,037,401 investors are classified into three groups: Foreign, Retail and BFF which

stands for banks, firms and funds. The group of foreigner investors is the smallest, with

only 13588 investors; retail are by far the largest with more than 945000 of them making

at least one trade in from 2012 to 2017.

We use the trade history to analyze if different investors follow particular investment

strategies or focus on stocks with certain characteristics. Results indicate that retail
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investors have a tendency to purchase stocks that performed relatively worse in the

previous periods, when compared to the purchased decisions of foreign investors and BFF.

They also tend to trade stocks with relatively high book to market ratio and smaller

market capitalization.

Moreover, we investigate differences in trading behavior between investor groups. Data

shows that most investors do not trade frequently, with the average retail trading only

15.21 days per year. Foreign and BFF trade a little more frequently, with the average

investor trading 37.91 and 36.07 days per year, respectively. For the largest decile, the

difference between retail and the other groups is stark. Retail investors in the top 10%

trade less than 40 days per year, while foreign investors trade 95 and BFF trade 138.

We give a quantitative description of the number of active investors. For each month, we

consider an investor to be active if he made at least one transaction on that same month.

The number of active retail investors experienced a decrease in the end of 2013 but has

been growing since 2016, reaching more than 150 thousand active investors in June 2017.

The number of active Banks, Firms and Funds (BFF) has being decreasing since 2013.

On the other hand, the number of active foreign investors was reasonably stable, around

4000 per month.

We also contrast the number of active investors with the total number of trades by each

investor category. Although the number of active BFF have being decreasing, their

total number of trades did not follow the same pattern, remaining relatively stable and

oscillating around 13 million trades per month.

Foreign investors are the smallest group in terms of number, but the ones responsible for

the largest number of trades. Moreover, they have grown in importance in recent years,

and now represent more than 50% of the total number of trades.

On the opposite side of the spectrum, we have retail investors. They are by far the largest

group in terms of number, but trade so much less frequently than the other groups that

their total number of trades represents only 15% of the total.

Information on portfolio holdings for every single investor is used to investigate risk

diversification. Retail investors hold less diversified portfolios, with the average investor

owning only 4.28 firms. When we look at the largest decile, foreign investors hold 37
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stocks, retail 10 and BFF 20. Which indicates an extremely low level of risk diversification,

specially for retail investors. Foreigners probably own stocks in other countries, so the

level of portfolio diversification we observe is definitively a lower bound. Similarly, firms

and banks have other types of assets, not taken in consideration here.

Lastly, we analyze investor’s trade performance. The goal is to investigate if retail investors

earn lower returns than the remaining investor groups. In principle, it is possible that

retail investors are slower at processing public information or even have inferior access to

private information and, consequently, make worse and less informed trades.

We follow Grinblatt et al. (2012) and use Fama MacBeth regression methodology to test

if different investor groups have better trade performance. We find that stocks bought by

foreign investors outperform, stocks bought by retail investors by 8.7 basis points per day.

This spread is significant at 1% level and is equivalent to 24.5% in a year. The estimates

for the BFF group are similar, indicating that retail investors underperform both groups.

The remaining of the paper is organized as follows. Section 3.2 describe the data as well

as summary statistics. Section 3.3 turns to the question of how often do investors trade.

Section 3.4 uses data on portfolio holdings to investigate the level of risk diversification,

Section 3.5 looks at trade performance and shows that retail investor underperform the

remaining categories; Section 3.6 concludes.

3.2 Data and Summary Statistics

Our data comes from Comissão de Valores Mobiliários (CVM) which, similarly to the

U.S. Securities and Exchange Commission (SEC), is responsible for protecting investors

and maintaining a fair and orderly stock market. Unlike other datasets, such as ANcerno,

where just a subset of investors choose to disclose some of their trades for transaction cost

analysis, CVM has market wide data. We don’t need to worry about self selection bias

because every single transaction has to registered. No investors or trades are excluded,

including foreign investors, domestic funds, retail investors, banks and firms in the real

sector of the economy. 17

We have access to information on the daily trading activity of every investor in Brazil,
17A different extraction of the same data set was used before by Chague et al. (2018).
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between January 2012 and December 2017. The observations are at the investor-stock-day

level. Every single trade that took place at B3, the only stock exchange in Brazil, is

included, but information is aggregated on a daily basis. In other words, for each pair

investor-day we can observe: (1) which stocks were bought/sold; (2) quantities; (3) average

transaction price; (4) number of different transactions.

Table 3.1: How trades are represented at the data set:

Panel A: Investor X Transaction History

Date Time Ticker Type q Cost #Transactions

2017-01-01 11:12 PETR4 buy 100 1500 -
2017-01-01 11:13 PETR4 buy 200 3000 -
2017-01-01 16:30 PETR4 sell 300 4500 -

Panel B: Data Set Representation

Date Time Ticker Type q Cost #Transactions

2017-01-01 - PETR4 buy 300 4500 2
2017-01-01 - PETR4 sell 300 4500 1

As an example, suppose an investor has made three transactions at January 1st 2017: two

purchases and one sale. We represent his transaction history at Table 3.1, Panel A. At

the CVM data set, the two purchases (first two rows of Panel A) would be represented by

a single observation, as represented at Panel B. For each day, the CVM data set collapses

buy-trades of the same stock into a single observation. Similarly, for each day, sell trades

of the same stock are also collapsed.

Investors’ Ids are anonymized, but assigned permanent reference numbers. Consequently,

we can follow their performance through the entire sample. We can also identify whether

the investor is a retail investor, a foreign investor or a company (with includes Banks,

firms in the real sector and domestic funds).

The total number of transactions exceeds 3.7 trillion with an aggregate value of 22 trillion

Brazilian reais (around 5.5 trillion dollars). Those transactions were made by 1,037,401

different investors, which include funds, firms and retail investors, for example.

Table 3.2 reports the summary statistics for trades by different investor categories. The

first three rows provide the statistics for purchases, while the bottom three rows, for sales.
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The total number of trades by each investor type is reported at Column 2, in millions.

Column 3 also express the number of trades, but as a percentage of the total. Throughout

the sample Foreign investors were responsible for 650 million purchases and a similar

number of sales, representing 50% of transactions. Retail investors are the least active

group, representing only 15% of transactions.

Table 3.2: Summary Statistics for Trades by Different Investor Categories:
Data runs from January 2012 to December 2017. Columns 2-3 report the total number of
trades, first in million and then as a percentage of the total. Column 4 (Column 5) shows
the average number of shares (monetary value) per trade. Columns 6 - 11 provides the
attributes of the average firm traded: market capitalization; book to market ratio; and
past returns measured over several non-overlapping time frames. To make comparison
easier we transform these attributes into decile ranks, see the text for details.

Inv_Type N_Trades Percent N_Shares Value MC BM Rday Rweek Rmonth Ryear

Purchases

Foreign 657 50.75 3160 58922 8.10 5.04 5.57 5.64 5.71 6.19
Retail 205 15.83 20735 8470 7.87 6.19 5.39 5.36 5.42 5.30
BFF 432 33.42 9596 46613 8.17 5.30 5.49 5.54 5.63 6.06

Sales

Foreign 649 50.17 3917 65290 8.00 5.11 5.48 5.56 5.66 6.14
Retail 195 15.09 24329 10772 7.91 6.12 5.69 5.64 5.57 5.34
BFF 450 34.75 10189 44812 8.20 5.30 5.56 5.63 5.70 6.06

Columns 4 and 5 provide the average number of shares per trade and the average monetary

value (in R$) per trade. Retail Investors average purchase is R$ 8,470.00 (around 2.2

thousand dollars), and their average sale is R$ 10,772.00. The average purchase/sale for

Foreign investors is around six times that, and probably is not higher due to the use of

algorithmic trading by funds. Some institutional investors use automated pre-programmed

trading instructions in order to slice a large trade into smaller ones, minimizing the market

impact of the trade.

Columns 6 to 11 shed light on the attributes of the stocks traded by each investor group,

starting by the average market capitalization. This table helps to identify whether different

types of investors follow particular investment strategies, or focus on stocks with certain

characteristics. These attributes include the firm’s market capitalization, book-to-market

ratio, and past returns measured over several non-overlapping time frames, including the

previous day, the past week (excluding the last day), the past month (excluding the last

week), and past year (excluding the prior month).
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The entries in these columns are calculated as follows. For each day, we sort stocks into

10 deciles accordingly to the selected firm characteristic, e.g. market capitalization. Rank

values range from 1, for the lowest decile, to 10, for the largest. We merge that information

with the data set containing daily transactions. Therefore, we assign the appropriate daily

decile rank to each stock-trade by every accountholder in the sample. The mean values in

columns 6 - 11 are obtained by averaging those decile ranks across all stock trading days

by investors within each category.

Stocks with the largest market cap are the most traded ones, as expected, therefore the

high value for the average market cap decile (in every row). Interestingly, Retail investors

have a tendency to trade stocks with relatively high book to market ratio when compared

to the remaining investor groups.

The last four columns refer to past returns. Retail investors appear to have a tendency to

purchase stocks that performed relatively worse in the previous periods, when compared

to the stocks bought by Foreign and BFF, specially in the previous month and year. The

fact that most retail investors don’t short sell makes harder to interpret the difference in

average rank values for Rday, Rweek, Rmonth and Ryear. For those who do not short sell,

selling decisions are constrained by the pool of stocks in their portfolios and, therefore,

are at least partially a description of their past portfolio performance rather than purely

informative about their trade decisions. Later, in section 3.5 we turn to a similar question

and analyze the differences in trade performance by investor groups.

3.3 How often do Investors Trade ?

We now turn to the question of how often do investors trade. From January 2012 to

December 2017, 1,037,401 different investors made at least one transaction. However,

most of those investors don’t trade frequently. As Table 3.3 shows, 422 thousand retail

investors bought or sold a stock in 2017, but the average retail investor has traded in only

15.21 out of the 252 business days. For the median retail the number is relatively smaller,

5. Even when we look at the last decile, the top 10%, the number of trading days is small

and has never surpassed 39 trading days in a year.

The group of foreigners is smaller in number: 6087 investors in 2017. Interestingly, the
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average foreign investor has traded in only 36.07 out of the 252 business days; the median,

17 days. The top decile however trades much more frequently than the top decile of retail

investors, around 100 days per year.

Table 3.3: How often do Investors Trade: Table shows summary statistics for the
number of days with transactions.

Percentile
Inv_Type Year Mean 1 5 10 25 50 75 90 95 99 N_Investors

Foreign 2012 39.43 1 1 2 5 16 48 116 173 240 6621
2013 36.95 1 1 1 5 15 44 106 159 242 6516
2014 38.47 1 1 2 5 17 46 111 165 242 6325
2015 36.61 1 1 2 5 15 44 106 156 239 6245
2016 29.08 1 1 1 3 9 34 85 132 227 7584
2017 36.07 1 1 2 6 17 44 95 148 235 6087

Retail 2012 13.60 1 1 1 1 4 13 35 61 146 348633
2013 11.66 1 1 1 1 3 11 29 52 136 379416
2014 11.41 1 1 1 1 3 11 27 49 133 315840
2015 12.50 1 1 1 1 4 12 30 53 137 302430
2016 15.08 1 1 1 2 5 15 39 65 144 360644
2017 15.21 1 1 1 2 5 16 39 64 144 422884

BFF 2012 39.35 1 1 1 2 9 47 137 197 243 12277
2013 29.57 1 1 1 1 2 25 111 176 244 15456
2014 38.85 1 1 1 1 7 45 145 200 247 10226
2015 40.82 1 1 1 1 8 52 143 206 245 8489
2016 39.08 1 1 1 2 8 45 137 204 248 8275
2017 37.91 1 1 1 2 8 42 138 203 246 8487

The last group of investors, BFF - which includes banks, funds and firms at the real

sector - trade as frequently as Foreign investors, averaging 37.91 trading days in 2017.

The number of active investors in this category has being decreasing since 2012. In 2017

there were around 8500 active investors in this category, a sharp decrease from the more

than 15 thousand active investors in 2013. Moreover, the difference between the mean

and the median is huge, with the median BFF trading 8 days per year.

It’s worth noticing that the smaller decile, for every investor category and every year, has

traded in less than 2 days per year.

Figure 3.1 depicts the number of active investors per month for each group. We consider

an investor to be active if he made at least one transaction on that month. The number

of active Retail investors (depicted in green) experienced a decrease at the end of 2013
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Figure 3.1: Number of Active Investors: Figure displays the number of active
investors each month, for each investor group. We consider an investor to be active if she
made at least one transaction on that month. Panel B changes the scale of the y axis
allowing for a better visualization of the number active investors for the Foreign and BFF
groups

(a) Number Of Active Investors

(b) Zoom - Number of Active Investors



100 3.3 How often do Investors Trade ?

but have being growing since 2016, reaching more than 150 thousand per month by the

end of 2017.

Panel B repeats the same chart, but rescales the y axis, allowing for a better visualization

of the number of active investors in the Foreign and BFF categories. The number of

active Banks Firms and Funds (BFF) has being decreasing since 2013, while the number

of foreign investors was somewhat stable around 4000 throughout the entire sample. The

spike in the number of active Foreign investors in 2016 is probably caused by speculation

surrounding the impeachment of former president Dilma Rousseff.

Figure 3.2 depicts the total number of trades per month by each investor group. When we

compare this picture with Figure 3.1 it is clear that although the number of active BFF

has being decreasing, their total number of trades per month remained somewhat stable

through the entire sample. That could potentially be the consequence of an increase in

market concentration, with larger funds concentrating more capital.

Foreign investors are the smaller group in terms of number, but they are responsible for

the largest number of trades. Notice that, from 2012 to 2014, the total number of trades by

Foreign investors and BFF - Banks, Firms and Funds - was very similar, oscillating around

13 million per month. Since then, however, Foreign investors have grown in importance,

stabilizing around 20 million trades per month.

Figure 3.3, at the appendix, depicts the same data, but reports the number of trades as a

percentage of the total. Foreign investors participation rate has increased and they have

come to represent more than 50% of total trades by the end of 2017. At the same time,

BFF participation rate decreased from 40% in 2013 to 33% in 2017.

Retail investors, by far the largest group, trade much less frequently than the remaining

categories, as expected. Their number of trades oscillates between 4 and 8 million,

representing around 15% of the total.

There are three spikes in Figure 3.2. The first, at the end of 2014, was caused by the

Brazilian general election. The first round was held on October 5th, to elect the President,

state governors and the National Congress. Since no candidate in the presidential election

received more than 50% of the votes, a second round was held on October 26th. Dilma

Rousseff narrowly defeated Aecio Neves in the second round, in the closest presidential
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Figure 3.2: Number of Trades per month: Table displays the time series of the
total number of trades per month by each investor group.

election results since 1989 (51.6% to 48.4%).

Moreover, Rousseff and Aecio had very different campaign platforms, which created more

instability as investors did not know which set of diametric opposite economic policies

would be implemented in the next mandate.

The second spike in the number of trades occurs at the beginning of 2016, as the process to

impeach the recently elected president Dilma advanced through the Chamber of Deputies.

The third spike occurs at May 2017. In fact, May 17th 2017 was the day with the largest

number of transactions in the sample. See Figure 3.4 at the Appendix. At that day the

Brazilian stock market plunged nearly 9%, its worst collapse in nine years and, the dollar

soared to an 18-year high against the Brazilian real. On that date, leaked audios of a

late-night talk between the President and a food company executive (Joesley Batista)

provided alleged evidence of the President endorsing the executive’s payment of hush

money to a politician jailed for corruption.

It’s interesting to notice that those three times, the total number of trades by retail

investors spiked together with the total number of trades by the other groups.
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3.4 Porfolio Holdings

Table 3.4: Summary Statistics for Portfolio Holdings on Dec 2016: For each
investor’s portfolio we calculate: the number of stocks, total portfolio value (in R$), the
average stock’s book to market ratio and market cap. Table reports averages and quantiles
calculated across investors within the same investor category. We round market cap values
to the nearest thousand.

Percentile

Variable Inv_Type Mean 10 25 50 75 90

#Stocks Foreign 12.07 1 1 4 13 37
Retail 4.28 1 1 3 5 10
BFF 8.1 1 1 3 9 20

Portfolio Foreign 107912119 376175 1984538 10170679 44208727 180185618
V alue Retail 239975 924 4515 19316 74069 244028

BFF 21227883 4037 25541 221170 2219975 23592495

BM Foreign 0.62 0.17 0.38 0.63 0.84 1.14
Retail 0.04 0.12 0.63 1.01 1.29 1.85
BFF 0.28 0.15 0.56 0.85 1.17 1.52

MC Foreign 45,788,000 4,719,000 14,887,000 34,905,000 56,503,000 95,310,000
Retail 76,794,000 2,011,000 17,480,000 62,566,000 118,357,000 193,971,000
BFF 67,728,000 2,258,000 25,661,000 56,503,000 88,610,000 158,225,000

In this section, we report descriptive statistics for portfolio holdings on December 2016.

Our main focus is to understand the level of diversification. Do Retail Investors hold less

diversified portfolios ?

The initial data set has access to portfolio holdings for every single investor at December

28th, 2016. In order to protect the anonymity of investors Ids, CVM excluded from the

sample investors that hold more than 5% of the outstanding shares of any firm. Similar to

US, in Brazil the law obliges shareholders who acquire more than 5% of the company to file

beneficial owner reports. By excluding any investor id with more than 5% of outstanding

shares, we guarantee the confidentiality of the data set.

Table 3.4 reports the summary statistics. The first three rows report summary statistics

for the level of diversification, i.e. the number of stocks in each portfolio. For each investor

we calculate the number of different stock-tickers in his portfolio at December 28th 2016.

The first three rows of column 3 reports the number of stocks in the portfolio of the

average investor. The average Retail investor holds the less diversified portfolio, with only

4.28 firms. The number of stocks in the average foreign investor’s portfolio is close to
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three times that, 12.07. However, for the median investor the difference is much smaller,

with the median retail investor holding 3 stocks and the median foreign investor having

only 4 stocks in his portfolio.

It is important to highlight that foreign investors, most likely, own stocks in other countries.

Therefore, measuring the level of portfolio diversification using only data on their holdings

for stocks traded at the Brazilian stock exchange has natural limitations.

The second three rows refer to total portfolio value. For each investor we calculate the

total value of his portfolio (in R$), using stock holdings and closing prices for December

28th 2016. Third column indicates the mean portfolio value, across investors, for each

investor group. The average Retail investor’s portfolio is worth approximately R$ 240

thousand (U$ 73 thousand), 450 times less than the average portfolio for foreign investors

and 87.5 times smaller than the average portfolio of BFF. Interestingly, the first decile for

Retail investors is only R$924 (U$ 284).

The last six rows show summary statistics for two attributes of the average stock in

the portfolio. For each investor’s portfolio we calculate the Market Capitalization and

the Book to Market for the average stock. The quantiles reported are calculated across

investors within the same investor category. The average retail investor holds stocks

with smaller book to market but larger market capitalization than the remaining investor

groups.

3.5 Performance of Trades

We now investigate whether retail investors earn lower returns than the remaining investor

groups. It is possible that retail investors are slower at processing public information

or even have inferior access to private information and, therefore, make worse and less

informed trades. If this is true, their trades should under-perform the ones made by

domestic funds and foreign investors.

We measure performance using stock trades instead of portfolio holdings. In fact, Grinblatt

et al. (2012) argue that portfolios do not properly capture the active management of

individuals portfolios. They write: "Risk sharing incentives, which arise in equilibrium for

risky assets, dictate that there may be a sizable passive component that tends to dilute
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Table 3.5: Investor Type and Performance of Trades: Table reports average
coefficients and Newey West correct errors (in parentheses) for Fama Macbeth regressions
computed from 12 specifications of daily cross-sectional regressions. The dependent
variable in the first stage of the two-stage procedure is the day t daily return of stock j
for data point n if stock j was purchased (first three rows) or sold (second set of rows) in
the formation period corresponding to the columns. The same-day return in column [0, 0]
is computed from trade price to the closing price on day t. After collecting coefficient
estimates from each day in the sample period, the second stage computes coefficient
estimates and the associated Newey West corrected standard errors from the time-series of
coefficients. Panel A (Panel B) reports the estimates without (with) controls. Coefficients
denoted with *, **, *** are significant at the 10%, 5% and 1% level, respectively.

Dependent Variable: One-day return, percent

[0,0] [-1,-1] [-2,-2] [-5,-3] [-21,-6] [-63,-22]

Panel A: Investor Type Regressors only

Buys BFF 0.204*** 0.087*** 0.042* 0.017 0.024 0.005
(0.012) (0.024) (0.023) (0.019) (0.019) (0.02)

Foreign 0.229*** 0.094*** 0.047* 0.016 0.024 0.008
(0.012) (0.026) (0.025) (0.022) (0.022) (0.023)

Sells BFF 0.023* -0.008 0.009 0.003 0.005 0.005
(0.012) (0.02) (0.017) (0.017) (0.016) (0.015)

Foreign 0.048*** -0.018 0.009 0.005 0.012 0.009
(0.012) (0.022) (0.019) (0.019) (0.018) (0.017)

Panel B: Investor Type Regressors and Firm Controls

Buys BFF 0.170*** 0.081*** 0.040** 0.021 0.026 0.011
(0.011) (0.021) (0.020) (0.018) (0.018) (0.019)

Foreign 0.195*** 0.090*** 0.047** 0.021 0.027 0.014
(0.011) (0.024) (0.023) (0.021) (0.021) (0.022)

BM -0.010*** -0.020*** -0.016*** -0.014*** -0.014*** -0.008*
(0.002) (0.006) (0.006) (0.005) (0.005) (0.004)

Log(MC) 0.038*** 0.023** 0.025*** 0.014* 0.010 0.004
(0.004) (0.009) (0.009) (0.008) (0.008) (0.008)

Sells BFF 0.006 -0.010 0.004 0.002 0.006 0.009
(0.011) (0.018) (0.016) (0.016) (0.015) (0.015)

Foreign 0.031*** -0.016 0.006 0.006 0.014 0.013
(0.011) (0.020) (0.018) (0.018) (0.017) (0.017)

BM 0.009*** -0.014** -0.015*** -0.013** -0.013*** -0.009**
(0.002) (0.006) (0.005) (0.005) (0.005) (0.004)

Log(MC) 0.011*** 0.018** 0.021*** 0.016** 0.009 0.004
(0.004) (0.008) (0.008) (0.008) (0.008) (0.008)
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the performance of portfolio holdings." Similarly, Chen et al. (2000) find that the trades

of fund managers, but not their holdings, predict the future returns of stocks.

Table 3.5 assesses whether Foreign and BFF investors’ stock purchases and sales predict

returns relative to Retail investors’ trades. We follow Grinblatt et al. (2012) novel

implementation of the classic Fama and MacBeth (1973) methodology and run the

following regressions:

Returnstock,t = β0 + β1Foreignstock,t,window + β2BFFstock,t,window + Controls (3.1)

Each column at Table 3.5 corresponds to one regression specification and focus on trades

done over a different window. Therefore, for each window and each day, we run two

versions of the cross-sectional regression described by equation 3.1. The first version

considers only purchases and the second one, sales. Table displays the average coefficients

of those cross-sectional regressions along with Fama MacBeth Newey West corrected

standard errors.

The dependent variable of equation 3.1 is the day t return of the stock, in percentage. At

the right side, the data points are either purchases (or sales) made in a window relatively

to day t. A window [t0, t1] have a trade formation period from t0 trading days before

date t, to t1 trading days before date t.

Since we are considering only business days, the selected non-over-lapping windows

correspond roughly to the current day [0,0], prior day[-1,-1], prior skip-day[-2,-2], prior

week[-5,-3], prior month[-21,-6], and prior three months[-63,-22].

The dummies Foreign and BFF indicate whether the trade was made by a Foreign investor

or a Bank, Firm of Fund. Sometimes an investor trades a stock multiple times on the

same day. If the number of shares bought (sold) is larger than the number sold (bought)

we treat it as a single purchase (sale). If the number of shares bought is identical to the

number of shares sold, we exclude that observation. This helps to mitigate the influence

of market makers, day-traders and high-frequency traders.

Daily returns are calculated using t-1 and t closing prices. The only exception is the [0,

0] window specification, in which the day t return is computed from trade price to the



106 3.5 Performance of Trades

closing price on day t. Consequently, in this case, the return is measured after the trade.

Because the unit of observation is a trade, the return of a given stock can appear multiple

times on the left-hand side of the same regression. For example, if on a given day there

were 25 investors buying a specific stock, the return for that stock would appear as a data

point 25 times.

In order to clarify the intuition behind this regression approach, we follow Grinblatt et al.

(2012) and construct an hypothetical example. For simplicity, suppose there are only two

investor types: Retail and Funds. Therefore, the regression described at equation 3.1

would have only one Dummy variable, indicating if the transaction was made by a Fund.

In this case, the slope for the cross-sectional regression on December 15 for the window

[-2,-2] is the return difference between two sets of December 13 purchases. If the estimated

coefficient is positive and significant, it indicates that the typical December 13 purchase

by Funds outperformed the typical December 13 purchase by Retail investors.

We can interpret the OLS coefficient as a self-financing portfolio with weights determined

by the regressor, i.e. the Fund dummy. Each December 15th return observation generated

by a Fund buy-trade on December 13th receives a identical positive weight. Similarly,

each observation from the purchase of Retail investors receives identical negative weight.

Since the regression has a constant, the sum of all positive and negative weights is zero.

The estimated slope coefficient is the difference between the returns of two portfolios: the

vote-weighted purchases of Funds and the vote-weighted purchases of Retail investors,

where each buy-trade represents a vote. In the second stage of the Fama-MacBeth

procedure, we average the time-series of first stage coefficients which is equivalent to

computing the average return difference between those two portfolios.

Table 3.5 reports the coefficient estimates for 24 regression specifications. Each column

indicates a different time window in which trades took place. Panel A and Panel B

report coefficient estimates for very similar regressions, the only difference is that Panel B

includes book to market ratio and market capitalization as firm controls. The first set of

rows for both panels considers only purchases and the second set of rows focus on sales.

We can summarize estimates for the top half (buy-trades) of Panels A and B in the

following way. Positive estimates indicate that the corresponding investor group buying
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decisions outperform retail investors purchases done over the same window. All the 12

estimates are positive. However, statistical significance is obtained only for the 6 estimates

in trade formation periods corresponding to: same-day, prior day and prior skip day ([0,0],

[-1,-1], [-2,-2]). For purchases, there are no big differences between estimates in Panel A

and Panel B, neither in magnitude or significance.

Stocks bought by foreign investors on the previous day (window [-1,-1]) outperform, on

average, stocks bought by retail investors by 8.7 basis points per day. This spread is

significant at 1% level and is equivalent to 24.5% in a year. The estimates for foreign

investors are similar (9.4 bp) and also statistically significant.

For the [-2,-2] window, the estimated coefficient for BFF and the estimate for foreign

investors are, again, very similar. Their magnitude, however, is smaller in relation to the

[-1,-1] window, 4.2 bps for BFF and 4.7 bps foreign investors.

The difference in trade performance between investor groups for same day returns is even

larger than for next day returns. Foreign investors’ purchases earn same day returns

that exceed the returns of retail’s purchases by a highly significant 22.9 bps, while BFF

purchases earn 20.4 basis points more than the benchmark.

Estimates on the last three columns are not statistically significant indicating that the

buy (and sell) decisions of retail investors made on previous weeks and months do not

underperform - in terms of excess returns today - the ones made by more specialized

investors.

Estimates for the bottom half (sell trades) of Panels A and B are smaller in magnitude

and significance when compared to the coefficient estimates in buy-trade regressions. At

Panel B only the estimated slope for the dummy variable Foreign, at window [0,0], is

statistically significant. Results for Panel A are similar, but the coefficient for BFF is

significant at the 10% level. Interestingly, the statistically significant estimate for Foreign

[0,0] has a positive sign, indicating that Retail investors’ sell trades outperform Foreign

investors’ sell trades.
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3.6 Conclusion

We use an unique dataset to conduct an exploratory data analysis of the Brazilian stock

market. Daily information on all stock trading activity in Brazil from January 2012 to

December 2017 allow us to document changes in trade activity through time. In the last

years, foreign investors have grown in importance, being now responsible for more than

50% of the trades made each month.

Retail investors are by far the most numerous group, with more than 945 thousand of them

making at least one trade from 2012 to 2017. However, most of them trade infrequently,

just a few days per year.

We also use data on portfolio holdings to analyze investor’s portfolio diversification level.

Retail investors hold portfolios with an extremely low level of diversification, which

indicates that policy makers should consider investing more resources in increasing the

level of financial literacy among individual investors.

Moreover, trades made be retail investors underperform the ones made by the remaining

investor categories. Which could be an indicative that retail investors are slower at

processing public information or have inferior access to private information and, therefore,

make worse and less informed trades.
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3.7 Appendix

Figure 3.3: Time series of FeeRange, SI and AvgFee: For each month we calculate
the Aggregated Fee Range as the average Fee Range across stocks. Aggregate Short
Interest and Aggregate Avg Fee were estimated in a similar fashion. As usual every
month-stock measure, e.g. Fee Range, was calculated using the methodology described in
Table 2.1.

Figure 3.4: Number of Trades per Day: Table displays the time series of the total
number of trades per day by each investor group.
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