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Abstract

As previous agency models have shown, fund managers with career concerns have an incentive
to imitate the recent trading strategy of other managers. We embed this rational conformist
tendency in a stylized financial market with limited arbitrage. Equilibrium prices incorporate a
reputational premium or discount, which is a monotonic function of past trade between career-
drive traders and the rest of the market.
Our prediction is tested with quarterly data on US institutional holdings from 1983 to 2004.

We find evidence that stocks that have been persistently bought (sold) by insitutions in the past
3 to 5 quarters underperform (overperform) the rest of the market in the next 12 to 30 months.
Our result is of a similar order of magnitude of — but cannot be reconduced to — other known
price anomalies.
Our findings challenge the mainstream view of the roles played by individuals and institutions

in generating price anomalies.
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1 Introduction

The institutional ownership of corporate equity around the world has substantially increased in

recent decades.1 Many commentators believe that institutional investors tend to imitate each

other, and that such conformist behavior generates systematic mispricing followed by subsequent

corrections. For example, describing the recent incentives and actions of fund managers, Jean-

Claude Trichet, President of the European Central Bank, remarked: “Some operators have come

to the conclusion that it is better to be wrong along with everybody else, rather than take the

risk of being right, or wrong, alone... By its nature, trend following amplifies the imbalance that

may at some point affect a market, potentially leading to vicious circles of price adjustments and

liquidation of positions.”2

Our goal in the present paper is to study the aggregate effect of conformist behavior by institu-

tions. On the theory front, we study a stylized financial market where, in response to the dynamic

implicit incentives they face, institutional investors have an incentive to trade in conformist manner.

This pressure to herd translates into systematic mispricing: a stock is overpriced (underpriced) if

it has been bought (sold) systematically by institutions in the recent past. We proceed to test this

prediction, by studying the net trade between institutional investors and regular investors, and its

connection to long-term returns. We show that stocks which have been bought by institutional

investors for three or more quarters systematically underperform the market in the next two years.

Conversely, stocks that have been sold for three or more quarters systematically outperform the

market.

The paper begins with a minimalist model of financial markets with institutional and individual

investors. The building blocks of our theory can be traced back to the well-known model of

reputational herding by Scharfstein and Stein [42], which has been recently extended to a setting

with endogenous prices by Dasgupta and Prat [17]. In our simplified version of Dasgupta and

Prat’s model, a number of career-concerned fund managers trade with rational traders over several

trading rounds before uncertainty over asset valuation is resolved (our dynamic trading model is a

1On the New York Stock Exchange the percentage of outstanding corporate equity held by institutional investors
has increased from 7.2% in 1950 to 49.8% in 2002 (NYSE Factbook 2003).

2Jean-Claude Trichet, then Governor of the Banque de France. Keynote speech delivered at the Fifth European
Financial Markets Convention, Paris, 15 June 2001: “Preserving Financial Stability in an increasing globalised world.”

2



modification Glosten and Milgrom [29]). To allow for the possibility of mispricing, asset supply is

assumed not to be infinitely elastic. Fund managers receive a private signal about the liquidation

value of the stock and they differ in the accuracy of their signal. They are evaluated by their

investors based on their trades and the eventual liquidation value of their portfolios. The future

income of a manager depends on how highly investors think of his signal accuracy.

In equilibrium, in absence of previous trade or when past purchases and sales balance each

other, a fund manager simply trades according to his private signal. He buys if his signal is positive

and he sells if his signal is negative. However, things change if past trade has a persistent sign. If,

for instance, most managers have bought the asset in the recent past, a manager with a negative

signal is reluctant to sell, because he realizes that: (1) his negative realization is in contradiction

with the positive realizations observed by his colleagues; (2) this is probably due to the fact that

his accuracy is low; and (3) by selling, he is likely to appear like a low-accuracy type to investors.

The manager faces a tension between his desire to maximize expected profit (which induces him

to follow his private information and sell) and his reputational concerns (which make him want to

pretend his signal is in accordance with those of the others). Conversely, a manager with a positive

signal who trades after a sequence of buys is even more willing to buy the asset, because his profit

motive and his reputational incentive go in the same direction.

Hence, the willingness to pay for an asset on the part of career-driven investors can differ

systematically from the expected liquidation value. It is higher (lower) if past trade by other

managers has been persistently positive (negative). If asset supply is not infinitely elastic, this

discrepancy between the willingness to pay and the fair price translates into mispricing. Each stock

develops a reputational premium. Stocks that have been persistently bought (sold) trade at prices

that are higher (lower) than their fair value, leading to a correction when the true value is revealed.

Our theory, therefore, predicts a negative correlation between net trade between the institutional

and individual sectors of the market and long term returns. Our empirical analysis unearths exactly

such a relationship.

Our sample consists of quarterly observations on stock holdings of U.S. institutional investors

with at least $100 million under management for the period 1983-2004. To test our hypothesis, at

the end of each quarter we form portfolios based on the persistence of net trading by institutional
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investors, and track the performance of these portfolios over a period of ten quarters. We then test

whether portfolio returns are significantly different across persistence categories, and whether our

results are robust when conditioning on a number of different variables.

We also test whether trading persistence has the ability to predict returns for individual stocks,

beyond the well known predictability coming from past returns - the momentum and reversal

phenomena.

We summarize our main empirical results:

1. The persistence of institutional trading has strong power in predicting the cross-section of

stock returns at long horizons. Stocks that have been persistently sold by institutions over

several quarters outperform stocks that have been persistently bought by them over a period

of at least two years in the future. On average, a strategy that buys stocks that have been

sold by institutions for five quarters and shorts stocks that have been bought by them for the

same period yields a cumulative market-adjusted return of 8% over one year and 17% after

two years.

2. Our results are robust to a number of standard controls. We classify stocks into quintiles on

the basis of their market capitalization, book-to-market, and relative performance in the past

year. Within each such quintile, we find positive returns to our long-short strategy based on

the persistence of institutional trading. Furthermore, the predictability of trading persistence

is particularly strong during the later sample periods, especially during the post-1998 period.

3. Our long-short strategy based on institutional trading persistence remains profitable after

adjusting for covariation of its returns with risk factors or characteristics. Using monthly

portfolio returns calculated in calendar time, we estimate intercepts from time series regres-

sions of the CAPM model, the Fama-French (1993) model, and the four-factor model that

includes the Carhart (1997) momentum factor. The results confirm the presence of a signifi-

cant and positive return differential between stocks persistently sold and stocks persistently

bought by institutions. For example, considering a trading persistence of five quarters, dif-

ferences in monthly alphas range from 44 to 90 basis points depending on the chosen pricing

model and holding period.
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4. By estimating cross-sectional regressions at the individual stock level, we find that buy (sell)

persistence negatively (positively) predicts returns at horizons of up to two years. The pre-

dictability associated with institutional trading persistence is economically important and

statistically significant, even after controlling for the stylized patterns of return momentum

and reversals previously documented by Jegadeesh and Titman (1993, 2001) and DeBondt

and Thaler (1985). For example, the regression estimates suggest that, compared to stocks

that are bought or sold for one quarter only, stocks with relatively high and negative trading

persistence (4 or more quarters) earn future returns that are 7% higher in the following two

years. Analogously, stocks with high and positive trading persistence (4 or more quarters)

earn future returns that are on average 6% lower. These results are significant after controlling

for market capitalization, book-to-market, and past returns measured over three years.

5. As our goal is to study the market effect of institutional trade, most of our analysis is carried

out at an aggregate level. However, to interpret our market result, we also analyze individual

trading by the 270 institutions that are present in every quarter between 1995 and 2003. For

every institution, we compute the probability that it imitates past trade when faced with a

high-persistence stock. We find that about three quarters of institutions display conformist

patterns when faced with high-persistence stocks (5+ quarters) — indicating that our aggregate

results are due to a generalized conformist tendency rather than few extreme outliers. Bearing

in mind the intrinsic limitations of the data in our sample, we also provide some extremely

preliminary results on how relative returns of institutions depend on their conformistic trading

patterns.

We believe that the findings of our paper challenge the mainstream view on price anomalies held

in finance. In a recent authoritative survey, Barberis and Thaler (2003) analyze market behavior

starting from two premises: (1) There are limits to arbitrage; (2) a significant share of investors

are affected by systematic biases of a psychological origin. Typically, these irrational investors are

identified with non-professional individual investors. The survey does not entertain the possibility

that the primary cause of anomalous aggregate outcomes could be found in a rational response to

institutions’ incentives rather than in the irrational behavior of individual investors.

The findings in our study are extremely difficult to reconcile with the view of financial markets
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presented by Barberis and Thaler. We identify a serious price anomaly, patently associated with

suboptimal behavior on the part of institutional investors. This behavior is consistent with a

model of rational response to career concerns.3 Other authors, such as Lakonishok et al. [38],

have discussed the possibility of systematic deviations from optimal trading by institutions due to

incentive considerations. The results of this paper should encourage our profession to dig deeper

into the effects of agency problems on asset pricing.

The rest of the paper is organized as follows. After a brief discussion of related literature, in

the next section we present a reduced-form model to capture our main hypothesis in the simplest

possible framework. Sections 3 and 4 contain our main empirical results, while Section 5 presents

some preliminary evidence of institutional trading behavior at a disaggregated level. Finally, section

6 concludes the paper.

1.1 Related Literature

Our theory part is most closely related to Scharfstein and Stein [42] and Dasgupta and Prat [17]

(see also the extensive literature survey therein). Other explanations for herd behavior can be

found in the works of Banerjee [2], Bikhchandani, Hirshleifer, and Welch [6], Froot, Scharfstein,

and Stein [28], and Hirshleifer, Subrahmanyam, and Titman [32]. These explanations are distant

from ours in that they do not build on career concerns.

Our paper is related to a number of recent empirical studies on institutional herding. There is

now ample evidence that institutions herd. However, evidence on the impact of such herd behavior

on prices is scant. Wermers [48] finds that stocks heavily bought by mutual funds outperform

stocks heavily sold during the following two quarters, and interprets this finding as evidence of a

stabilizing effect of institutional trade on prices. Sias [45] [46] concludes that institutional trading

pushes prices towards equilibrium values by showing that securities most heavily purchased tend

to outperform securities most heavily sold by institutions.4

A number of other empirical papers report results that are somewhat complementary to ours.

3 In the conclusion, we will examine other theories which may be consistent with our empirical findings.
4Other papers finding evidence of a positive correlation between institutional demand and future returns include

Nofsinger and Sias [40], Sias, Starks and Titman [47], Grinblatt, Titman and Wermers [31]. Cohen, Gompers and
Vuolteenaho [14] find a positive relationship between institutional ownership and future stock returns. Chen, Hong
and Stein (2003) find that portfolios of stocks experiencing an increase in the fraction of mutual funds owning them
outperform stocks for which mutual funds ownership has decreased.
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Dennis and Strickland [22] examine stock returns on days of large market movements and find that,

for stocks mostly owned by institutions, cumulative abnormal returns are positive in the 6 months

after a market drop. They interpret this finding as evidence that institutional trading drives prices

away from fundamental values on the event day, and prices slowly revert to fundamentals over time.

Sharma, Easterwood and Kumar [43] examine herding by institutional investors for a sample of

internet firms during the bubble and crash period 1998-2001. They find evidence of reversals after

buy herding in the quarter following institutional trading, and document one-quarter reversals

after buy and sell herding cumulated during two quarters.5 Kaniel, Saar, and Titman (2005)

examine data on individual trading on the NYSE, aggregated to a weekly frequency. They find

that individual investors trade in a contrarian manner and make profits in the following month.

Independent work by Frazzini and Lamont [26] find that investor sentiment, channelled through

mutual fund flows, negatively predicts future returns at long horizons. Their paper would indicate

that if a stock is disproportionately bought by mutual funds in a given period, the stock is likely to

be overpriced and exhibits return reversals in the long term. We return to the discussion of their

results in the Conclusion.6

2 Modelling Reputational Premia

In order to provide a conceptual reference point to guide our empirical analysis, we first present an

extremely stylized theoretical framework, which is a much simplified version of the dynamic agency

model of Dasgupta and Prat [17]. The model illustrates how the career concerns of institutional

traders can be incorporated into asset prices via persistent trade, and can show up as “reputational

premia.”

The first ingredient is a model of financial markets with asymmetric information. We use an

adapted and abridged version of Glosten and Milgrom [29].7 Consider a sequential trade market

with T fund managers, where a fund manager is identified with the (unique) time at which he

trades. There is a single Arrow asset, with equiprobable liquidation values v = 0 or 1. The realized

5They measure herding as in Lakonishok et al. (1992).
6Capital flows are also analyzed in Coval and Stafford [16], who find evidence of price pressure in securities held

by mutual funds that experience large inflows and outflows. The release of the price pressure then causes return
reversals.

7For an in-depth discussion of this class of models, see Brunnermeier (2001)
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value of v is revealed at time T +1. Manager t trades with a short-lived monopolistic market maker

(MM), who trades at time t only, and posts a bid (pbt) and an ask price (p
a
t ) to buy or sell one

unit of the asset.8 The manager has three choices: he can buy one unit of the asset from the MM

(at = 1), sell one unit of the asset to the MM (at = 0), or not trade (at = ∅). We also assume that

the market maker faces a large penalty K if in period t no trade occurs. This guarantees that the

market never breaks down.9

Instead of making these assumptions, we could instead have assumed, as is standard in the

literature, that there are some noise traders. This would complicate our calculations without

changing the qualitative properties of our price dynamics.10

Manager t can be either smart (type g) or dumb (type b), with equal probability. The managers

do not know their own types. The smart manager observes a perfectly accurate signal: st = vt

with probability 1. The dumb manager observes a purely noisy signal: st = vt with probability 1
2 .

Manager t maximizes a linear combination of his trading profits (χt) and his reputation (γt), which

are defined below.

Trading profit is standard:

χt =

⎧⎨⎩
v − pat if at = 1
pbt − v if at = 0
0 if at = ∅

The reputational benefit is given by the posterior probability (at T +1) that the manager is smart

given his actions and the liquidation value:

γt = Pr [θt = g|at, v]

For simplicity, we assume that when the manager does not trade his reputational payoff is unaf-

fected, that is

γt = Pr [θt = g|at = ∅, v] =
1

2

8Formally, our model has features of both Glosten and Milgrom [29], which is a multi-period model with a
competitive market maker, and Copeland and Galai [15] which is a single-period model with a monopolistic market
maker. Needless to say, it is complex to model a monopolistic market maker in a multi-period setting, and our
assumption of short-livedness simplifies the problem.

9While this is clearly a strong assumption (and not necessary in a more general model), it is not entirely unrealistic:
It is part of the mandate of specialists on the NYSE, for example, to provide liquidity to the market in every period
where there is demand.
10Obviously, the main effect of the absence of noise traders is that both sides get zero expected profits. As in

Glosten and Milgrom, the introduction of noise trade would generate positive profits.
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This is equivalent to assuming that the manager is able to signal a credible reason not to trade.11

The manager’s total payoff is

χt + βγt

where β > 0 measures the importance of career concerns.

Let us first lay out some notation. Let ht denote the history of prices and trades up to period

t (thus excluding the trade that occurs at t). Let vt = E [v|ht], denote the public expectation of
v. Finally, let v0t = E [v|ht, st = 0] and v1t = E [v|ht, st = 1] denote the private expectations of v
of a manager who has seen signal st = 0 or st = 1 respectively. Clearly, v0t < vt < v1t . Simple

calculations show that

v1t =
3vt

2vt + 1

v0t =
vt

3− 2vt
It is obvious that vt is a weighted average of v0t and v

1
t , as follows:

vt = Pr(st = 1)v
1
t +Pr(st = 0)v

0
t

As a benchmark, we first analyze the case where β = 0, that is, there are no career concerns. In

this case, it is easy to see that the only possibility is that managers trade sincerely in equilibrium,

that is, buy if they see st = 1 and sell if they see st = 0. The MM, in turn, sets prices to extract

the full surplus: bid price pbt = v
0
t and ask price p

a
t = v

1
t . We summarize:

Proposition 1 When β = 0, managers choose at = st, and the market maker sets prices pbt = v
0
t

and pat = v
1
t .

Thus the average transaction price when β = 0 is vt. We now analyze the more general case

when β > 0.

Define

w1t = E[γ(at = 1)|st = 1]

w0t = E[γ(at = 0)|st = 0]
11This is clearly a strong (and potentially unrealistic) assumption, which we make purely for simplicity. The model

of reputational premia in Dasgupta and Prat [17] does not require this restriction. For a microfounded model of
incentives to trade, and the reputational effect of not trading, see Dasgupta and Prat [18].
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The following is an equilibrium of the game with β > 0:

Proposition 2 When β > 0, managers choose at = st, and the market maker sets prices

pat = v1t + β

µ
w1t −

1

2

¶
pbt = v0t + β

µ
1

2
− w0t

¶
We now briefly sketch the argument to show that this is an equilibrium. To do this, we first

check that managers find it in their interest to act according to their prescribed strategies. It is

easy to see that payoffs to fund managers in equilibrium are given by 1
2β: the monopolistic market

maker extracts full surplus, and sets prices to make managers indifferent between trading or not.

Would it be of interest to a manager who observes st = 1 to sell instead of buying? What is their

expected reputational benefit from doing so? Let us denote this w1t,sell.

w1t,sell = Pr(v = 1|st = 1)Pr(θ = g|at = 0, v = 1)

+Pr(v = 0|st = 1)Pr(θ = g|at = 0, v = 0)

= v1t · 0 + (1− v1t )
2

3

It is easy to check that

w0t = (1− v0t )
2

3

Thus, the overall benefit from selling upon receiving signal st = 1 is

pbt − v1t + βw1t,sell

=
1

2
β + (v0t − v1t )(1 +

2

3
β)

Since v0t < v
1
t ,

1
2β+(v

0
t − v1t )(1+ 2

3β) <
1
2β, and thus the manager would not want to deviate. The

argument for (not) buying when st = 0 is symmetric.

Now we check that it is optimal for the MM to stick to his strategies. It is clear that the MM

would never wish to set prices to sell to both managers with signal st = 1 and st = 0 (or to buy

from both managers with signal st = 1 and st = 0). In order to do so, he would make strictly

negative profits. In such a pooling equilibrium, reputation would have no value, and so in order to
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make the st = 0 manager buy (or the st = 1 manager sell), he would have to offer a price that were

better than fair. This would result in a loss to the MM.

Having thus argued that the MM wishes to sell to agents with signal st = 1 and buy from agents

with signal st = 0, it is now obvious that the prices that extract full surplus as in our proposed

equilibrium are optimal. Finally, we must check that the MM must prefer to trade rather than not

to trade. This can be done simply by comparing his payoffs from trading to the payoff from not

trading (−K). A sufficient condition to guarantee that the market maker will wish to trade is that
K > 1

2β. This completes our argument.
12

In this equilibrium, both sides — the fund managers and the MM — get a zero expected payoff.

This fact, which can be checked algebraically, is the result of the combination of these features:

(1) the fund managers’s utility depends linearly on the posterior; (2) the expected posterior on

the equilibrium path is equal to the prior (1/2); and (3) the fund manager can secure the prior by

choosing not to trade. Hence, the expected equilibrium reputational benefit for the fund manager

is 1/2 and there is no monopoly rent to be extracted.13

We now proceed to highlight an important qualitative property of this equilibrium.

2.1 Reputational Premia

It is clear that there is a systematic difference between prices in the benchmark case without ca-

reer concerns (β = 0) and prices in the general case with career concerns (β > 0). This is due

to the reputational incentives of fund managers. To illustrate these incentives, consider the fol-

lowing hypothetical scenario: Suppose the first three managers buy in equilibrium. What should

manager number 4 do if he observes s4 = 0? Note that Pr (v = 1|s1 = s2 = s3 = 1, s4 = 0) = 9
10 .

Profit maximization incentives would always push the manager towards selling (because the man-

ager’s private information makes his posterior over the liquidation value more pessimistic than

12A natural restriction on the model is that pat ∈ (0, 1) and pbt ∈ (0, 1). This is ensured as long as neither β or T
is too large, as the following argument establishes. Prices can be guaranteed to lie between 0 and 1 by ensuring that

v1t ∈
³ 1

2
β

1+ 2
3
β
,
1+ 1

2
β

1+ 2
3
β

´
and v0t ∈

³ 1
6
β

1+ 2
3
β
,
1+ 1

6
β

1+ 2
3
β

´
. Note that for β > 0, both upper bounds are decreasing in β and both

lower bounds are increasing in β. How far away v1t and v
0
t can get from a starting prior of v1 = 1

2
, depends on the

number of possible rounds of trade. In other words, the restriction on prices translates into a restriction on (β, T ):
either β is not too large, or T is not too large. The more general analysis in Dasgupta and Prat [17] does not require
this restriction.
13 If noise traders were present, the MM would have a strictly positive expected payoff. She would still charge the

same prices and extract a zero-rent from informed traders. But she would make a trading profit from noise traders
because of the bid-ask spread.
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the public belief). However, reputational incentives push the manager towards buying. This is

because, in equilibrium, selling is bad for reputation: if the manager sold, his expected reputation

would be E (Pr [θ4 = g|s4 = 0, sell]) = 2
30 while if he bought, his expected reputation would be

E (Pr [θ4 = g|s4 = 0,buy]) = 18
30 . Thus, the manager who gets signal s4 = 0 would only be indiffer-

ent between selling (as he must in this equilibrium) and not trading if the price at which he sold

was above fair value, providing him with some benefit to offset the loss in reputation. Thus, in

equilibrium, after three buy orders, it must be the case that prices are systematically above fair

value. This is an example of how career concerns can be incorporated into prices due to persistent

trade.

How can we quantify such a “reputational premium”? We define the reputational premium

(πt) to be the difference between average equilibrium transaction prices with and without career

concerns. By a slight abuse of notation, define

vt(β) = Pr(st = 1)p
a
t (β) + Pr(st = 0)p

b
t(β)

Note that vt(0) = vt, as defined above. For any given β > 0, and at any time t:

πt(β) ≡ vt(β)− vt(0)

Simple calculations demonstrate some natural properties of the reputational premium:

vt(β) = vt + β

µµ
1

2
vt +

1

4

¶µ
2

3
v1t −

1

2

¶
+

µ
1−

µ
1

2
vt +

1

4

¶¶µ
1

2
− 2
3

¡
1− v0t

¢¶¶
Therefore,

πt(β) = β

µµ
1

2
vt +

1

4

¶µ
2

3
v1t −

1

2

¶
+

µ
1−

µ
1

2
vt +

1

4

¶¶µ
1

2
− 2
3

¡
1− v0t

¢¶¶
=

1

4
β (2vt − 1)

The reputational premium is thus a function of the expected liquidation value at t, with the following

properties: (1) it is increasing in vt; (2) it is greater than zero if and only if vt > 0; and (3) its

absolute value is an increasing function of the career-concerns parameter β.

By iterated application of Bayes’ rule, we can compute vt — and hence the reputational premium

— from observed trading. Suppose the first n managers all bought. The expected liquidation value
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is

Pr (v = 1|s1 = ... = sn = 1) = 3n

3n + 1

and the reputational premium is

πn(n buys) =
1

4
β

µ
2
3n

3n + 1
− 1
¶

Conversely,

πn(n sells) =
1

4
β

µ
1− 2 3n

3n + 1

¶
For instance, Figure 1 depicts some values of πn when β = 1.
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To re-cap:

Proposition 3 The reputational premium in period t is a function of past trade. Suppose the past

n trades were buys (sells). The premium is positive (negative) and strictly increasing (decreasing)

in n.14

Our result that the reputational premium is monotonic in past trade is leads to a testable

implication: the degree of over- or under-pricing of a stock depends on whether it was persistently

bought or sold in the recent past.
14The proposition assumes that the n trades of the same sign start at time t = 1. The monotonicity part extends

to n trades of the same sign starting at any time t. Suppose instead that t > 1 (and that the expected liquidation
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We obtained this prediction in an extremely stylized set-up. Rather than focusing on the obvious

limitations of the current modelling strategy (many of which are discussed in Dasgupta and Prat

[17]), it is more interesting to step away from the details of the model, and ask ourselves: what are

the key economic assumptions that drive a result of this kind? We have identified four:

1. A significant share of assets are held by funds who are investing money on someone else’s

behalf.

2. Fund managers face career concerns.

3. The main dimension on which managers differ is the precision of the information they receive.

A manager who observes a signal realization that is different from those of his peers is more

likely to be a low-precision type.

4. Asset supply at the fair price is not infinitely elastic (if it were, the fact that a proportion

of traders ascribe a reputational benefit to a certain asset would not affect the price of that

asset)

The first assumption is uncontroversial on modern financial markets. The second one appears

to be reasonable at least for certain classes of institutional investors. See for instance Chevalier

and Ellison (1997, 1999) for mutual funds, and Lakonishok, Shleifer and Vishny (1991) for pension

funds. The fourth assumption too is quite reasonable. Empirical finance accepts that arbitrage is

limited and that, if a sufficiently high proportion of traders suffers from systematic mispricing, this

will affect market prices.

Assumption 3 is discussed at length in Scharfstein and Stein and Ottaviani-Sorensen. One could

build different information structures, where having a different signal realization is good news about

value is vt). If time t is followed by n buys or n sells, the reputational premium is given by

πn(n buys) =
1

4
β

µ
2

3nvt
3nvt + 1− vt − 1

¶
;

πn(n sells) =
1

4
β

µ
1− 2 3nvt

3nvt + 1− vt
¶
,

which — like in the earlier case — are strictly monotonic in n.
The only part of Proposition 3 which does not go through is that the reputational premium is positive if the n

trades are buys and negative if the trades are sells. But this part would be true, on average, if we consider all possible
histories before time t.
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the manager’s type (see Dasgupta and Prat 2004). Unfortunately, we cannot invoke any empirical

evidence in favor or against it, except anecdotal evidence or the opinion of insiders, such as Trichet.

3 Data and descriptive statistics

The sample consists of quarterly observations for firms listed on NYSE, AMEX and NASDAQ,

during the period 1983-2004. Data on institutional ownership are obtained from the CDA/Spectrum

database maintained by Thomson Financials. All institutions with more than $100 million under

discretionary management are required to report to the SEC all equity positions greater than either

10,000 shares or $200,000 in market value.

Data on prices, returns, and firm characteristics are from the Center for Research in Security

Prices (CRSP) Monthly Stock Files, and data on book values of equity come from Compustat. The

sample includes common stocks of firms incorporated in the United States.15

Each quarter, we compute the total number of managers reporting their holdings in each security,

the cross-sectional average of the number of securities in their portfolio, the value of their equity

holdings, the aggregate value managed by all institutions, and portfolio turnover. Table I reports

time-series averages of these quarterly cross-sectional summary statistics.

Our sample consists of an average of 1,130 managers each quarter (varying from 640 to 2023).

These managers hold, on average, a portfolio of approximately $2,108 million in value. Portfolio

turnover for manager j is calculated as the sum of the absolute values of buys and sells in stock i in

a given quarter, divided by the value of the manager’s stock holdings: Turnoverjt =
P
i|ni,jt −ni,jt−1| pitP

i n
i,j
t pit

.

This measure includes trading that is unrelated to flows.

We define net trade by institutional managers in security i as the ratio of the weight of security

i in institutional investors’ aggregate portfolio, from the end of quarter t− 1 to the end of quarter
t. The institutional portfolio at the end of quarter t is represented by

Si,t =
X
i

si,j,t

The change in weight in the institutional portfolio is then obtained as:

di,t =
Si,t − Si,t−1
Si,t−1

15ADRs, SBIs, certificates, units, REITs, closed-end-funds, and companies incorporated outside the U.S. are ex-
cluded from the sample.
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To compute the persistence of net trades by institutional investors, we first define net buys as stocks

with a value of di,t above the cross-sectional median in each quarter t, and net sells as those stocks

with a value of di,t below the median.16 This is equivalent to measuring changes in the value of

investors’ portfolios, where portfolio values are calculated at constant prices to avoid changes that

are purely attributable to price movements.

Each quarter t, stocks are assigned to different portfolios conditional on the persistence of

institutional net trade, i.e. conditional on the number of consecutive quarters for which we observe

a net buy or a net sell for stock i. For example, a persistence measure of −3 indicates that a stock
has been sold for three consecutive quarters, from t−2 to t. Persistence 0 includes stocks that have
been bought or sold in t (and were sold or bought at t− 1). The portfolio with persistence −5 (5)
includes stocks that have been sold (bought) for at least five consecutive quarters.

4 Trading persistence and the cross-section of stock returns

In this section, we test the main theoretical predictions of the paper and conduct a number of

robustness checks. In essence, we test whether the persistence of institutional trading has any

predictability for returns, after controlling for a number of other variables that are known to

forecast the cross-section of stock returns.

We first investigate such predictability by assessing the profitability of portfolio strategies based

on trading persistence. We form portfolios based on institutions’ net trades, track their returns

in the future ten quarters, and test whether quarterly portfolio returns are significantly different

across persistence categories in event time. As a robustness test, we repeat this analysis for each

quintile of the distribution of market capitalization, Book-to-Market, and past one-year returns.

Furthermore, we perform the same analysis in different sub-periods in our sample.

We also then compute monthly returns to persistence portfolios in calendar time and estimate

intercepts from different asset pricing models, to account for risk and stock characteristics that can

potentially affect the variability of stock returns.

Finally, we investigate the predictability of institutional trading persistence at the individual

stock level, by estimating panel and Fama-MacBeth (1973) regressions of two-year returns on past

16The results of the paper do not change if we classify net buys and net sells according to the sign of di,t. We
choose the median in order to have an equal number of stocks in the two subgroups.
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persistence, past returns, and other controls.

4.1 Portfolio returns

At the end of each quarter t, we form portfolios based on the persistence of net trading by in-

stitutional investors. Table II illustrates the characteristics of stocks across persistence portfolios,

calculated as time-series averages of cross-sectional statistics. Market capitalization, turnover, and

Book-to-Market are measured at the end of quarter t. Since Nasdaq is a dealer market and thus

volume is double-counted, we divide Nasdaq volume by two so that turnover is comparable across

different exchanges.17 The findings show that size tends to increase across persistence portfolios,

although the variation is small. Turnover increases with net buy persistence, suggesting that insti-

tutions tend to buy stocks that are more liquid. Furthermore, the portfolio characteristics suggest

that institutions tend to sell value stocks (high B/M) and tend to buy growth stocks (low B/M).

Average institutional ownership is higher among stocks with positive net trading by institutions.

Finally, past returns are negative for stocks that have been persistently sold and positive for stocks

that have been bought by institutions. This result indicates that institutional managers engage in

momentum trading and is consistent with previous findings (Sias [46]). As expected, the frequency

of net trades is concentrated around 0, meaning that more stocks have been bought or sold in the

current quarter than in n consecutive quarters. The frequency of net consecutive buys (or sells)

decreases with the number of quarters considered.

Table III reports market-adjusted portfolio returns in event time, for ten quarters after portfolio

formation. The returns are equally weighted and are obtained by subtracting the quarterly buy-and-

hold market return from the quarterly buy-and-hold return of each portfolio. We also compute the

difference in portfolio returns across positive and negative persistence groups. For example, portfolio

(-5,5) buys stocks that have been sold by institutions for 5 quarters and shorts stocks that have been

bought for 5 quarters. We form analogous long-short portfolios for trading persistence of 4 and 3

quarters. The returns of these persistence portfolios exhibit a clear monotonic pattern: stocks that

have been persistently sold outperform stocks that have been persistently bought. The difference in

returns between the portfolios of longer trading persistence (-5,5) is about 1.5% in the first quarter

17The results do not change if we subtract from each stock’s volume the average volume of the exchange in which
the stock is traded.
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after portfolio formation (not statistically significant), and becomes larger and significant in the

subsequent quarters, reaching 3% in the 4th quarter. It then starts to slowly decline afterwards,

but is still positive and significant eight quarters after portfolio formation (1.67%).18 The returns

of the long-short portfolios based on shorter persistence (-4,4 and -3,3) are smaller in magnitude

but follow similar patterns. Figure 2 shows the histogram of the market-adjusted returns to each

persistence portfolio, cumulated over a period of two years after portfolio formation. The negative

relationship between trading persistence and future returns can be easily gleaned from the graph.

The difference in cumulative returns between the portfolios with highest persistence reaches 17%

after two years.

In Figure 3, we plot the cumulative market-adjusted returns for each persistence portfolio over

a period of 10 quarters after portfolio formation. The graph gives a clear representation of the

monotonic reversal pattern in returns conditional on institutional trading persistence.

Our findings are not inconsistent with studies documenting a positive relationship between

institutional herding and future stock returns. Wermers [48] finds that stocks heavily bought by

mutual funds outperform stocks heavily sold by them for a period of two quarters in the future,

while Sias [45] finds that the fraction of institutions buying a stock is (weakly) positively correlated

with returns in the following one to four quarters.19 In this paper, we focus on long horizon

predictability, and we condition on the persistence of institutional net trading rather than on the

measure of contemporaneous herding that is more widely adopted in the literature (Lakonishok et

al., 1992).20

18Note that the magnitude and statistical significance of the portfolio returns in Table III separately consider each
quarter after portfolio formation (between t+ 1 and t+ 10). The requirement that a portfolio return be statistically
significant and economically important in each quarter subsequent to portfolio formation during the period considered
is more stringent than simply testing the economic significance of the average return over the same post-formation
period.
19Sias [46] reports that institutional trading pushes prices towards equilibrium values using two measures of in-

stitutional trading: the change in the fraction of institutions buying a stock and net institutional demand (number
of managers buying a stock less number of managers selling): securities most heavily purchased tend to outperform
securities most heavily sold by institutions.
20Wermers [48] finds that stocks heavily bought by mutual funds outperform stocks heavily sold by mutual funds

for the next two quarters, during the period 1975-1994. To partially compare our results to Wermers’, using our
data on institutional managers we separate stocks characterized by positive and negative changes in institutions’
portfolios during a particular quarter t. We then rank the stocks of each group into quintiles on the basis of the
magnitude of the change, and compute future market-adjusted quarterly returns for stocks heavily bought and stocks
heavily sold by institutions. When we truncate our time-series to 1994, we find that the difference in returns is
1.15% after one quarter, 0.5% after two quarters, and becomes negative afterwards. While the two samples are not
directly comparable, as they refer to different time periods, different institutional traders, and different measures of
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It is well known that inference on long-run abnormal returns is better drawn from returns

measured in calendar time rather than in event time, especially due to cross-sectional correlation

problems.21 We compute average monthly returns from overlapping persistence portfolios formed

at the end of each quarter t and held for different periods. This approach implies that, for a holding

period of k quarters, 1/k of the portfolio is rebalanced every quarter. In Table IV we present results

for strategies that buy stocks that have been sold 5, 4, and 3 quarters and sell stocks that have

been bought respectively 5, 4, and 3 quarters before portfolio formation. To check that the results

are not driven by the covariance of portfolio returns with risk factors, we estimate one-factor and

multi-factor regressions for the time-series of the strategy monthly raw returns. We consider the

CAPM model, the Fama-French (1993) model, and the four-factor model that includes Carhart [9]

momentum factor. Table IV reports the estimated intercepts for the long-short portfolios of low

minus high trading persistence, estimated from the following time-series regression:

Rp,t −Rf,t = α+ β (RM,t −Rf,t) + s SMBt + h HMLt + u UMDt + εt,

where Rp,t is the return of the portfolio based on trading persistence, Rf,t is the one-month yield

on Treasury bills, and SMB, HML, and UMD are factors based on size, Book-to-Market, and

one-year past returns.

The estimation results show that, for all pricing models, the intercepts are economically large

and statistically significant. For example, for the strategy that buys and sells high persistence stocks

(-5,5), alphas range between 44bp and 90bp, depending on the chosen regression specification and

on the portfolio holding period.

To conclude our portfolio analysis, we conduct some robustness tests to check whether the pre-

dictability of trading persistence is confined to a specific sub-sample of stocks. To the extent that

institutions tend to buy growth and sell value stocks, or tend to buy winners and sell losers, the

observed patterns in portfolio returns could be driven by the reversal phenomenon previously doc-

umented in the literature (Jegadeesh and Titman, 1993 and 2001, DeBondt and Thaler, 1985). We

first partition our sample into quintiles based on NYSE market capitalization, book-to-market, and

net trading, our empirical results are not inconsistent with those of Wermers.
21Long-run event study tests can be problematic because of sample selection biases, model misspecifications, and

cross-sectional correlation (Kothari and Warner [35], Barber et al. [3]). Simulations generally show a strong tendency
to find positive abnormal performance.
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previous year returns. We then compute return differentials between selling and buying persistence

portfolios, for each of the characteristic quintiles. We find that the positive differential in returns

due to institutional trading persistence is particularly large for small stocks, value stocks, and past

losers, but is strongly present in all sub-samples. Figures 4A-4C show the two-year cumulative

return to buying stocks persistently sold for 5 quarters and selling stocks persistently bought for 5

quarters.

Figure 4D shows two-year cumulative returns to long-short portfolios based on persistence for

different sub-periods in our sample. We consider two different ways of breaking our sample into

sub-periods. We first divide the time series into two parts of roughly equal length, 1983-1992 and

1993-2003, and observe that return differentials are larger for the second period. We also break the

sample into pre-1998 and post-1998 periods. The evidence shows that the link between institutional

trading and return predictability becomes particularly strong in the later part of the sample, where

two-year cumulative returns from buying and selling high persistence stocks could be as high as

35%. The model in this paper offers an interpretation of this result: it is possible that the reversal

patterns associated with institutional trading have exacerbated due to the increased institutional

share ownership over the last years, or due to the presence of stronger career concerns (exemplified

by an increase of the parameter β in our model).

4.2 Regression analysis

The portfolio analysis shows that the persistence of institutional trading can predict stock returns,

and that this predictability is robust across different levels of stock characteristics typically associ-

ated with investment anomalies. In this section, instead of focusing on the profitability of trading

strategies based on persistence, we investigate the association between trading persistence and

future returns at the level of an individual security. We run predictive regressions of cumulative

two-year market-adjusted returns on past trading persistence, controlling for past returns and other

stock characteristics:

Ri,t+1:t+8 = α0 +
X

p=1,2,4,5

βpdPersi,t,p +
X

q=1,2,4,5

γqdRi,t:t−n+1 + δ0Capi,t + δ1BMi,t + εi,t ,

where the variables are defined as follows:
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Ri,t+1:t+8 is the two-year return for stock i, cumulated over quarters (t + 1) to (t + 8) − t is the
quarter of portfolio formation;

dPi,t,p is an indicator variable that assumes the value 1 if stock i belongs to group p of trading

persistence. Persistence is categorized as follows: group 1: pers=(-5,-4); group 2: pers=(-3,-2);

group 3: pers=(-1,1); group 4: pers=(2,3); group 5: pers=(4,5);

dRi,t,q is an indicator variable that assumes the value 1 if stock i belongs to quintile q of the

cross-sectional distribution of past n-quarter returns, Ri,t:t−n+1;

Capi,t is the quintile rank of market capitalization for stock i in quarter t;

BMi,t is the quintile rank of Book—to—Market for stock i in quarter t.

Table V shows coefficient estimates from the regressions, where past returns are measured

over three years (n = 12).22 We account for the cross-sectional and time-series correlation in the

data by adopting two different procedures. The estimates from the panel regressions are obtained

by including time fixed effects and by clustering the standard errors at the firm level.23 The

Fama-MacBeth (1973) estimates are time-series averages of coefficients obtained from quarterly

cross-sectional regressions. The t-statistics are computed from standard errors that are adjusted

for autocorrelation according to Newey-West (1987).

Both sets of estimates provide strong evidence of return predictability for institutional trading

persistence, beyond the well known predictability associated with past returns. After controlling

for size and Book-to-Market, positive persistence tends to dampen future returns, while negative

persistence significantly contributes to increasing returns over the next two years. Past returns still

predict reversal patterns at the long horizon, but do not subsume the predictive power of trading

persistence.

The effect of past returns and persistence is similar in magnitude. Compared to stocks that are

median past performers, future two-year returns will be on average 11% higher for past losers, and

2% lower for past winners. Consider now the effect of trading persistence on return predictability

after controlling for past returns, size, and book-to-market. Compared to stocks that are bought

22Varying the return horizon does not change the estimate of the coefficients on the persistence variables. We
choose to measure past returns over three years to fully capture the reversal effect in returns documented in the
literature (DeBondt and Thaler, 1985).
23Alternatively, we estimate the panel regression by including both time and firm fixed effects, and by forming

firm-quarter clusters. We present results for the specification with time fixed effects and firm clusters because it
yields standard errors that are more conservative across all alternatives.
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or sold for one quarter, stocks with relatively high and negative trading persistence (4 or more

quarters) earn future returns that are 7% higher, whereas stocks with positive trading persistence

(4 or more quarters) earn future returns that are on average 6% lower.

Different specifications of the regression model consistently show a strong and negative rela-

tionship between trading persistence and future returns. When we measure persistence and past

returns in levels or percentile ranks instead of using dummy variables, the coefficient on persistence

remains statistically negative, even though comparisons across different regressors become less im-

mediate. Adding turnover and the level of institutional ownership among the controls does not

alter our results.

5 A preliminary analysis of institutional trading behavior

While our main empirical analysis is carried out at the aggregate level, in this section we analyze

a sub-sample of data that are disaggregated at the manager level. The purpose of this section

is twofold. First, we ask whether the persistence in trading behavior uncovered in the aggregate

sample is driven by the extreme behavior of a fraction of institutional managers. Second, we attempt

to provide some very preliminary evidence on the relationship between institutions’ conformist

behavior and the returns of securities traded by conformist managers. A more detailed analysis

addressing these issues is the object of future work.

We restrict our sample to include all managers with valid share ownership data in each quarter

of the period 1995-2003. Limiting the sample to the later period possibly increases the chances

of continuity in the structure of the institution, its identity, management style, etc. The filtered

sample consists of 270 managers. For each manager j and quarter t, we construct a measure of

conformism, sheepj,t, defined as follows:

sheepj,t =
Pr(j buys | pers = 5) + Pr(j sells | pers = −5)

2
− 1
2
,

where persistence is defined with respect to the trading behavior of all managers in the sub-sample

and is measured, as before, as the number of consecutive quarters in which a particular security

is bought/sold by institutional managers. From the definition, the variable sheepj,t is positive for

conformists, and negative for anti-conformist managers. It varies between −12 and 1
2 , and equals

zero if a manager trades randomly.
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Figure 5-A plots the distribution of sheepj,t for the 270 managers in the sample, averaged over

time, for high persistence stocks (bought or sold for 5 quarters or more). The plot clearly indicates

that our measure of conformism is pervasive in our sub-sample, with the majority of managers

displaying a positive sheepj value. These managers display a tendency to buy stocks that have

been persistently bought in the past and are thus overpriced (given the results from our main

empirical analysis), and to sell stocks that have been sold in the past and are underpriced. As can

be gleaned from the selected group of managers listed in Table VI, there is no clear relationship

between our conformism measure and the type under which an institutional investor is classified.24

The information in our sample does not allow us to estimate profits and losses that derive

from the trading decisions of the managers under consideration. We only have data on changes in

share ownership at a quarterly frequency, and lack information on inflows and outflows into specific

funds. However, we can construct an artificial portfolio choosing the securities that experience

relative weight changes in the portfolio of the managers in our sub-sample. Specifically, for every

manager j and quarter t, we classify trades in stock i into either buys or sells with respect to the

median distribution of manager j’s trades (i.e., we classify manager j’s trades into 50% buys and

50% sells). We then construct a portfolio that buys stock i if it is classified as a buy, and shorts

stock i if it is classified as a sell, and compute the cumulative two-year return to such portfolio for

each manager in our sub-sample. Table VI shows the results for the 20 managers with the highest

portfolio value (measured in the first quarter of 1995). The returns to the portfolios we construct

are all negative - a result that, given the limitations described above, does not allows us to draw

any inference on the ability of the managers under consideration. However, focusing on the relative

difference in returns across trading persistence, Figure 5-B shows that the returns to our artificial

portfolios (averaged across managers) are lower for stocks that exhibit higher aggregate trading

persistence (positive or negative).

In the cross-section of mangers under consideration, we also find some evidence of a negative

association between the returns to the artificial portfolios and our measure of conformism (sheepj),

after accounting for manager-specific variables like portfolio value and manager type.25

24Thomson classifies institutional managers into 5 different types: banks, insurance companies, mutual funds,
investment advisors, and a residual category that includes pension funds and university endowments, among others.
25We examine the association between returns to the artificial portfolios and managers’ conformism by estimating
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Interestingly, Brunnermeier and Nagel [8] show that hedge funds were able to anticipate and

profit from the mispricing of technology stocks during the bubble period 1998-2000. Hedge fund

managers tilted their portfolios towards technology stocks, and cut back their holdings just before

prices collapsed. The managers in our sample, instead, do not seem to sell (buy) in a timely

manner stocks that they have persistently bought (sold), even though these can be identified as

underperformers (overperformers).

The evidence presented in this section is only preliminary, and needs to be interpreted with

caution. In a separate study, we are investigating the behavior of institutional managers at a more

detailed level.

6 Conclusion

Under a variety of formulations, we find that stocks that have been persistently sold by institu-

tions outperform stocks that have been persistently bought by them. This is true whether we

focus on the profitability of trading strategies that are based on trading persistence, or we estimate

cross-sectional regressions at the level of individual stocks. The return predictability that is asso-

ciated with the persistence of institutional trading is not subsumed by the well-known patterns of

momentum and reversal in returns.

Our empirical findings are consistent with the simple career-concern model presented in the

theory section. However, is our empirical evidence also consistent with other interpretations?

First, the negative return predictability associated with institutional trading could be the result

of a behavioral bias, rather than a rational response to incentives. For some psychological reasons,

some investors are keen to imitate the past net trade of institutions. However, if we accept this

explanation, we must explain why this bias affects primarily professional investors rather than

individual investors.

Second, institutions may want to unload or acquire large positions in a particular stock. If they

do so, it is optimal to dilute trade over time to avoid an excessive price response. This explanation

the following regression (estimates are reported below each coefficient, t-statistics are in parentheses):

Rj = α+ β Sheepj
−0.317(−3.78)

+ γ0V aluej
−0.002(0.50)

+ γ1Bankj+
−0.0013(−0.09)

γ2Insurancej
0.005(0.02)

+ γ3MutualFundj
−0.0061(−0.26)

+ γ4Advisorj
0.130(0.68)

+ εj
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encounters two orders of difficulty. It is reasonable to assume that these type of trading strategies

have a time horizon of days or perhaps weeks, while our persistence spans years. Also, rational

institutions would want to acquire or unload positions because, on average, it is optimal to do so.

This must be the case even at the end of the trading strategy. So, this theory does not explain the

presence of systematically wrong trades.

Third, the second explanation above could be amended by assuming that institutions must

unload or acquire large positions in a certain stock. For instance, mutual finds are subject to

inflows and outflows, which are outside their control. As Frazzini and Lamont [26] show, these

flows may be negative predictors of past returns. In our preliminary disaggregated analysis of a

sub-sample of institutional managers, we find a tendency to trade in a conformist manner even

among institutions that are not mutual funds (like banks and insurance companies). In fact, this

tendency is not significantly stronger for mutual funds, suggesting that capital flows are not likely to

be the main driver of our aggregate results. However, there may be other, more subtle connections

between our two studies, which deserve further investigation.
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Table I
Descriptive statistics

This table reports time-series averages of equal-weighted quarterly cross-sectional means and medians for the in-

stitutional managers included in the sample. The sample consists of quarterly observations for firms listed on

NYSE, AMEX and NASDAQ, during the period 1983-2004. Each quarter, we compute the total number of man-

agers reporting their holdings in each security; the mean and median value of managers’ equity holdings; the ag-

gregate value managed by all institutions. Portfolio turnover for manager j is calculated as the sum of the ab-

solute values of buys and sells in stock i in a given quarter, divided by the value of the manager’s stock holdings:

Turnoverjt=
P
i|ni,jt −ni,jt−1| pitP

i n
i,j
t pit

.

Number of Holdings per mgr Aggregate Mkt Portf turnover
Year managers Mean Median stock holdings share Mean Median

($mill) ($mill) ($mill)

1983 640 762.19 257.55 487802.77 0.28 0.30 0.21
1985 768 854.08 261.46 655929.82 0.31 0.33 0.23
1987 881 851.33 225.29 750023.11 0.32 0.35 0.25
1989 937 1093.68 284.94 1024782.69 0.34 0.36 0.23
1991 1009 1331.40 291.49 1343385.12 0.36 0.31 0.20
1993 1044 1603.42 297.79 1673971.96 0.36 0.44 0.21
1995 1299 2049.37 299.68 2662130.78 0.42 0.35 0.24
1997 1461 3062.10 372.76 4473731.52 0.45 0.34 0.24
1999 1703 4386.91 405.83 7470913.92 0.47 0.39 0.25
2001 1751 3864.52 319.54 6766770.27 0.53 0.36 0.21
2003 2023 3581.46 309.92 7245302.93 0.56 0.37 0.23

Average 1,133 2,108.43 301.88
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Table II
Characteristics of portfolios based on trading persistence

This table presents time-series averages of equal-weighted quarterly cross-sectional means and medians for character-

istics of persistence portfolios. Persistence is defined as the number of consecutive quarters for which we observe a

net buy or a net sell for stock i. Net trade by institutional managers in security i is defined as the change in weight
of security i in institutional investors’ aggregate portfolio, from the end of quarter t− 1 to the end of quarter t:
di,t=

Si,t−Si,t−1
Si,t−1 , where Si,t is the institutional portfolio in quarter t for stock i. Net buys (sells) are stocks with a

value of di,t above (below) the cross-sectional median in each quarter t. Each quarter, stocks are assigned to different
portfolios conditional on the persistence of institutional net trade For example, a persistence measure of -3 indicates

that a stock has been sold for three consecutive quarters, from t-2 to t. Persistence 0 includes stocks that have been

bought or sold in t. The portfolio with persistence -5(5) includes stocks that have been sold (bought) for at least
five consecutive quarters. Market cap is the market capitalization ($ billions) measured at the end of quarter t-1.
B/M is the book-to-market ratio measured at the end of quarter t-1; the book value is measured at the end of the

previous fiscal year. Turnover is the monthly trading volume scaled by total shares outstanding, measured in the last

month of quarter t-1; this measure is divided by two for Nasdaq stocks. Ownership is the number of shares held by

institutional investors, divided by total shares outstanding. Past Ret is the quarterly equal-weighted return of the

portfolio measured in the quarter prior to portfolio formation.

Persistence N. stocks Market Cap B/M Turn Own Past Ret
Avg Freq Avg Med Avg Avg Avg Avg

-5 160 0.037 855,397 37,381 1.06 0.45 0.21 -0.001
-4 136 0.031 1,041,765 60,422 1.08 0.49 0.23 -0.014
-3 256 0.059 1,065,765 72,142 0.97 0.52 0.25 -0.019
-2 514 0.118 1,039,411 85,867 0.88 0.53 0.26 -0.028
0 2220 0.511 1,021,318 90,738 0.74 0.53 0.28 0.037
2 498 0.115 953,024 130,213 0.63 0.58 0.30 0.107
3 250 0.058 882,471 151,822 0.56 0.63 0.31 0.109
4 134 0.031 933,862 177,346 0.53 0.69 0.33 0.111
5 174 0.040 1,037,566 220,110 0.47 0.76 0.36 0.111
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Figure 2
Cumulative two-year market adjusted return, by trading persistence
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Figure 3
Quarterly market-adjusted returns to trading persistence portfolios
One to ten quarters after portfolio formation
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Table III
Market-adjusted returns to trading persistence portfolios

This Table presents time-series averages of equal-weighted quarterly returns for portfolios of stocks ranked on insti-

tutional trading persistence. Returns are computed in event time, 1 to 10 quarters after portfolio formation. The

returns are market-adjusted. Portfolio (-5,5) buys stocks that have been persistently sold and shorts stocks tha have

been persistently bought in quarters t-4 to t. Portfolio (-4,4) considers quarters t-3 to t, and Portfolio (-3,3) considers

quarters t-2 to t. Returns are reported in percent per quarter. t-statistics are in parentheses.

Persistence q1 q2 q3 q4 q5 q6 q7 q8 q9 q10

-5 0.84 1.23 1.31 2.05 1.77 1.11 1.39 1.15 0.85 1.00

(1.33) (1.90) (2.15) (3.27) (2.67) (1.95) (2.67) (2.32) (1.72) (2.48)

-4 0.06 0.28 1.30 0.44 2.26 1.32 0.92 1.42 1.07 0.69

(0.10) (0.62) (2.91) (0.92) (3.93) (2.58) (1.77) (2.99) (2.03) (1.23)

-3 -0.16 0.18 0.60 1.16 0.47 1.61 1.22 0.48 0.99 0.90

-(0.54) (0.37) (1.77) (3.42) (1.22) (3.79) (3.00) (1.35) (2.70) (2.33)

-2 -0.39 0.07 0.37 0.60 0.76 0.25 0.95 0.87 0.49 0.78

-(1.56) (0.29) (1.04) (2.29) (3.25) (0.86) (2.72) (2.80) (1.85) (2.82)

0 -0.17 -0.08 -0.01 0.19 0.22 0.17 0.13 0.28 0.49 0.42

-(2.02) -(0.81) -(0.13) (1.44) (1.55) (1.07) (0.80) (1.62) (2.71) (2.15)

2 0.11 -0.03 -0.11 -0.32 -0.24 0.08 0.15 0.11 0.10 0.17

(0.57) -(0.14) -(0.52) -(1.38) -(1.03) (0.34) (0.68) (0.47) (0.39) (0.84)

3 0.26 -0.23 -0.30 -0.30 -0.32 0.12 0.21 -0.36 -0.02 -0.08

(0.75) -(0.75) -(0.87) -(1.04) -(1.16) (0.39) (0.68) -(1.15) -(0.06) -(0.33)

4 -0.04 -0.36 -0.66 -0.57 -0.55 -0.24 -0.62 -0.63 -0.52 0.37

-(0.10) -(0.78) -(1.63) -(1.56) -(1.31) -(0.61) -(1.35) -(1.91) -(1.41) (0.90)

5 -0.63 -0.43 -0.83 -0.93 -0.92 -1.14 -0.73 -0.51 0.10 0.07

-(1.26) -(0.92) -(1.85) -(2.12) -(2.20) -(2.55) -(1.65) -(1.33) (0.24) (0.18)

-5,5 1.47 1.66 2.15 2.98 2.69 2.25 2.12 1.67 0.75 0.92

(1.40) (1.67) (2.30) (3.24) (2.89) (2.48) (2.67) (2.29) (1.16) (1.55)

-4,4 0.10 0.64 1.96 1.01 2.81 1.55 1.54 2.05 1.59 0.33

(0.11) (0.81) (2.78) (1.42) (3.45) (2.08) (1.86) (3.31) (2.32) (0.47)

-3,3 -0.42 0.41 0.89 1.46 0.79 1.48 1.00 0.85 1.01 0.98

-(0.75) (0.57) (1.50) (2.89) (1.44) (2.38) (1.71) (1.58) (2.09) (2.15)
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Table IV
Average monthly returns to portfolio strategies based on persistence of institutional trading

This table presents average monthly returns from portfolios that buy stocks persistently sold for n quarters and short

stocks that have been persistently bought for n quarters. Institutional trading persistence is measured over 5, 4, and

3 quarters. At the end of each quarter, 1/n of the portfolio is rebalanced for a holding period of n quarters. Holding

periods are 3 months to 30 months. Raw returns are means of portfolio returns. CAPM alphas are estimated intercepts

from the CAPM model. Fama-French + Momentum alphas are estimated intercepts from the Fama-French (1993)

model inclusive of a momentum factor. Returns are reported in percent per month. Heteroskedasticity-consistent

t-statistics are in parentheses.

Holding period 3 m 6 m 9 m 12 m 15 m 18 m 24 m 30 m

Raw returns
Pers (-5,5) 0.56 0.56 0.60 0.65 0.67 0.66 0.63 0.56

(1.81) (1.99) (2.23) (2.51) (2.67) (2.74) (2.85) (2.82)

Pers (-4,4) 0.18 0.19 0.38 0.36 0.43 0.43 0.42 0.38

(0.68) (0.82) (1.83) (1.89) (2.40) (2.49) (2.66) (2.70)

Pers (-3,3) 0.02 0.10 0.15 0.23 0.22 0.25 0.26 0.26

(0.08) (0.53) (0.90) (1.60) (1.67) (1.98) (2.19) (2.44)

CAPM alphas
Pers (-5,5) 0.80 0.80 0.84 0.88 0.90 0.89 0.85 0.76

(2.49) (2.81) (3.11) (3.39) (3.72) (3.89) (4.17) (4.26)

Pers (-4,4) 0.33 0.35 0.53 0.52 0.59 0.58 0.57 0.51

(1.17) (1.33) (2.37) (2.61) (3.01) (3.18) (3.50) (3.75)

Pers (-3,3) 0.09 0.20 0.26 0.34 0.34 0.37 0.37 0.36

(0.49) (1.12) (1.43) (2.21) (2.54) (2.75) (3.13) (3.49)

Fama-French alphas
Pers (-5,5) 0.38 0.41 0.47 0.50 0.52 0.53 0.52 0.48

(1.30) (1.69) (2.06) (2.40) (2.63) (2.82) (3.07) (3.10)

Pers (-4,4) 0.06 0.03 0.25 0.25 0.34 0.34 0.34 0.32

(0.23) (0.14) (1.29) (1.46) (2.03) (2.11) (2.41) (2.48)

Pers (-3,3) -0.03 0.03 0.03 0.13 0.15 0.20 0.21 0.22

-(0.13) (0.15) (0.22) (0.98) (1.26) (1.65) (2.00) (2.32)

Fama-French+momentum alphas
Pers (-5,5) 0.77 0.63 0.60 0.54 0.52 0.52 0.48 0.44

(2.45) (2.30) (2.28) (2.30) (2.38) (2.46) (2.55) (2.59)

Pers (-4,4) 0.40 0.29 0.41 0.33 0.36 0.31 0.34 0.31

(1.43) (1.28) (1.97) (1.80) (2.01) (1.88) (2.15) (2.18)

Pers (-3,3) 0.44 0.36 0.28 0.29 0.26 0.26 0.24 0.25

(1.59) (1.63) (1.58) (1.92) (1.88) (1.89) (1.95) (2.18)
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Figure 4-A
Cumulative two-year returns from strategy based on persistence (long pers=-5, short pers=5)

By NYSE market capitalization quintiles
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Figure 4-B
Cumulative two-year returns from strategy based on persistence (long pers=-5, short pers=5)

By Book-to-Market quintiles

0

0.02

0.04

0.06

0.08

0.1

0.12

0.14

0.16

0.18

0.2

low 2 3 4 high

Book-to-Market

C
um

ul
at

iv
e 

2-
ye

ar
 r

et
ur

n

long(-5), short(5)

31



Figure 4-C
Cumulative two-year returns from strategy based on persistence (long pers=-5, short pers=5)

By past one-year return quintiles

0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

losers 2 3 4 winners

Past one-year return

C
um

ul
at

iv
e 

2-
ye

ar
 r

et
ur

n

long(-5), short(5)

Figure 4-D
Cumulative two-year returns from strategy based on persistence (long pers=-5, short pers=5)

By sub-periods
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Table V
Cross-sectional predictive regressions

This table presents coefficient estimates from predictive regressions of cumulative two-year returns on past trading

persistence, past returns, and control variables. Ri,t+1:t+8 is the two-year return for stock i, cumulated over quarters
(t+ 1) to (t+ 8), where t is the quarter of portfolio formation. dP i,t,p is an indicator variable that equals 1 if
stock i belongs to group p of trading persistence. Persistence is categorized as follows: group 1: pers=(-5,-4); group
2: pers=(-3,-2); group 3: pers=(-1,1); group 4: pers=(2,3); group 5: pers=(4,5). dRi,t,q is an indicator variable that
equals 1 if stock i belongs to quintile q of the cross-sectional distribution of past 12-quarter returns,Ri,t:t−n+1.capi,t
is the quintile rank of market capitalization for stock i in quarter t.bmi,t is the quintile rank of Book—to—Market for
stock i in quarter t.The panel regression is estimated with time fixed effects, and standard errors are clustered by
firm. The Fama-MacBeth regression is estimated from quarterly cross0sectional regressions; coefficient estimates are

averaged over time, and standard errors are adjusted for autocorrelation as in Newey-West (1987). t-statistics are in

parentheses.

Dependent var: Ri,t+1:t+8 Panel regression Fama-MacBeth regression

Independent variables:
dPi,t,1 0.0721 0.0552

(6.03) (4.34)
dPi,t,2 0.0257 0.0182

(5.35) (3.67)
dPi,t,4 -0.0100 -0.0070

-(2.20) -(1.56)
dPi,t,5 -0.0588 -0.0433

-(5.98) -(5.10)

dRi,t,1 0.1093 0.0899
(8.60) (1.47)

dRi,t,2 -0.0013 -0.0074
-(0.20) -(0.43)

dRi,t,4 0.0069 0.0066
(1.11) (0.68)

dRi,t,5 -0.0186 -0.0196
-(1.79) -(0.77)

capi,t -0.0388 -0.0277
-(10.03) -(2.04)

bmi,t 0.0171 0.0134
(3.96) (0.87)

Fixed effects yes no
R2 0.0258 0.0612
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Figure 5A

Sheep Index
(Prob (Buy if Pers = 5) + Prob(Sell if Pers = -5))/2 - 1/2
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Figure 5B

Average Return from Trading like our Managers, by Persistence
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Table VI
Trading behavior of selected managers, and return from mimicking portfolios

Manager Name Type 1995 Value Buy if 5 Sell if -5 Sheep Return if 5
(billions) (0,1) (0,1) (-1,+1) (-1,+8)

Wellington Management 4 150 0.53 0.69 0.114 -0.005
Barclays 1 531 0.56 0.64 0.103 -0.147
TIAA-CREF 2 165 0.59 0.61 0.100 -0.118
T. Rowe Price 4 107 0.57 0.63 0.100 -0.092
Northern Trust 1 121 0.56 0.60 0.082 -0.116
Mellon Bank 1 245 0.55 0.61 0.081 -0.094
Massachusetts Finl Svcs 3 136 0.56 0.60 0.080 0.000
Capital Research and Mgmt 3 227 0.39 0.73 0.059 -0.089
US Trust of New York 1 59 0.53 0.58 0.055 -0.092
Axa Financial 2 318 0.52 0.58 0.052 -0.064
AIM 3 124 0.52 0.57 0.048 -0.059
Fidelity 3 653 0.52 0.58 0.047 -0.045
Janus 3 256 0.53 0.56 0.047 -0.175
Putnam Investment Mgmt 4 298 0.52 0.56 0.039 -0.023
JP Morgan Chase 1 191 0.50 0.57 0.037 -0.045
Citigroup 2 218 0.53 0.54 0.036 -0.039
Bank One 1 84 0.52 0.55 0.034 -0.025
American Express Fin Adv 4 119 0.53 0.52 0.026 -0.085
Fayez Sarofim 4 48 0.59 0.46 0.025 -0.047
Zurich Scudder 4 96 0.51 0.51 0.009 -0.016

Median 157 0.53 0.58 0.050 -0.062
1: Banks; 2: Insurance companies; 3: Mutual funds; 4: Investment advisors; 5: Others
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