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Abstract

Do stock price run-ups predictably revert? We develop a model of financial markets with two
types of investors: rational investors and “oversensitive” investors who react excessively to
salient public news. The model yields a summary statistic for the degree to which a stock price
has overreacted to news: the gap in holdings between oversensitive and rational investors.
We compute this measure empirically using quarterly institutional holdings data. We first
measure each investor’s news sensitivity using their tendency to purchase stocks that have
experienced positive earnings announcements. Consistent with our model’s premise, we find
that news sensitivity is a persistent investor characteristic. We next aggregate our investor-level
measure to the stock level to compute the asset-level holdings gap between oversensitive and
rational investors. A larger holdings gap forecasts less continuation in stock prices, and greater
reversals in the long-run, especially for extreme price run-ups. Furthermore, our holdings gap
aggregates several distinct channels of overreaction, including both price extrapolation and
overreaction to non-price information.
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1 Introduction

Large fluctuations in asset prices are a prominent feature of financial markets, from the tulip mania
to dot-com stocks to cryptocurrencies (Mackay, 1841; Shiller, 2015). These fluctuations are often
interpreted as outcomes of overreaction to salient news and price extrapolation, with short-run rises
in prices leading to overshooting and long-run reversals (De Bondt and Thaler, 1985; Lakonishok
et al., 1994).! However, the overall correlation between short-run price increases and long-run
reversals is relatively weak in the data (Fama, 2014; Greenwood et al., 2019). The weak empirical
link between run-ups and reversals does not invalidate theories that link short-run momentum to
long-run reversals (Barberis et al., 1998; Hong and Stein, 1999; Daniel et al., 1998; Scheinkman
and Xiong, 2003), but highlights that overreaction and large price increases are not equivalent.
Investors react correctly to some news events, which lead to price run-ups that are sustained, and
overreact to others, which lead to run-ups that revert in the long-run. To distinguish between these
two cases and sharpen the connection between past run-ups and future reversals, one requires a
measure of overreaction that goes beyond price increases.

In this paper, we develop such a measure using investor holdings data. Our approach is based on
the assumption, which we validate empirically, that some investors respond more strongly to news
than others. This assumption aligns with narrative accounts of market euphoria (Mackay, 1841;
Kindleberger, 1978; Brooks, 1999) and studies of institutional investor behavior (Greenwood and
Nagel, 2009; Chernenko et al., 2016), which show that some investors systematically participate
more in episodes of overreaction.” If an investor’s responsiveness to news, what we call her “news-
sensitivity,” is stable across different stocks and time periods, the holdings of highly news-sensitive
investors are informative of the degree of overreaction.

Our approach circumvents two major challenges associated with directly analyzing news events
to detect overreaction. The first issue is that it is often difficult to identify the specific news event
that drove a particular price increase (Cutler et al., 1988). Second, even if we can identify such an

event, it is difficult to know how it impacted investor expectations. Specifically, the “salience” of a

La Porta (1996) and Bordalo et al. (2019) examine the link between asset price reversals and direct expectations
of fundamentals. The broad pattern of short-run momentum and long-run reversals holds across a broad set of asset
classes (Asness et al., 2013).

~More generally, persistent heterogeneity in news sensitivity can also be driven by differences in investment styles
(Barberis and Shleifer, 2003), relative skill, and clientele (Frazzini and Lamont, 2008; Guercio and Reuter, 2014).



given news event — its tendency to attract investor attention and trigger overreaction — is difficult to
measure and depends on a complex array of forces.> For example, the news event may be featured
prominently in the media, or may trigger associations with past successful companies or forward-
looking narratives about the new economy. Aggregating these factors and assessing their relative
strengths is highly challenging. By exploiting systematic differences in investor news sensitivity,
in particular an investor’s tendency to overreact to salient news, our approach yields a stock-level
measure of overreaction at all times, even in settings where directly measuring news is difficult.

We begin with a simple model to fix ideas. We modify a static rational expectations equilib-
rium framework to incorporate heterogeneity in how investors respond to the same public news.
Each stock experiences a news event, modeled as a common noisy signal of fundamentals. While
rational investors respond to the news in a Bayesian manner, oversensitive investors respond exces-
sively when the news is salient. Each news event varies exogenously in its salience, and hence its
propensity to attract excess demand from oversensitive investors. Lastly, to allow for momentum
in asset prices, we assume that the asset is supplied by a set of inattentive investors who do not
respond to the news event. Under these assumptions, the expected future returns after a price in-
crease is given by the product between the recent price increase and difference in holdings between
oversensitive and rational investors, which we call the “holdings gap” of the asset. If the holdings
gap is sufficiently low, there is momentum: the current price increase and future returns are posi-
tively correlated. Conversely, if the holdings gap is sufficiently high, price increases are expected
to revert. Intuitively, the current price increase combines two exogenous quantities: the objective
value of the public signal and its salience. The holdings gap reveals the latter to the econometrician
and forecasts future returns.

Our model’s prediction that the holdings gap strongly predicts future returns conditional on
a large price increase separates it from models in which some investors are better informed than
others (Grossman and Stiglitz, 1980). In such models, investor holdings have predictive power for
returns — stocks held by uninformed investors will tend to underperform; however this predictabil-

ity will not be stronger following large price run ups. Thus, we can test whether the holdings gap

30ur use of the term salience broadly follows the notion of salience in the economics literature as the tendency of a
stimulus to attract attention and be overweighted in decision making. Bordalo et al. (2022b) review three determinants
of salience: a stimulus’ contrast with surroundings, its surprise relative to expectations, and its general prominence.
Li and Camerer (2022) and Bose et al. (2022) measure visual salience and show how salient inputs are overweighed
in decision-making.



uniquely isolates overreaction by comparing the performance of high holdings gap stocks that have
experienced large price run ups with those that have not.

In the full model, we extend our static framework to incorporate dynamics and endogenous
learning from prices. Following a news event, investors gradually obtain a more precise estimate
of fundamentals from news and prices. We endogenize how rational and oversensitive investors
learn from prices by introducing noisy supply (Diamond and Verrecchia, 1981; Grossman and
Stiglitz, 1980; Hellwig, 1980) and diagnostic expectations (Bordalo et al., 2018, 2021). A key
insight from the dynamic model is that oversensitive investors are late-stage price extrapolators:
instead of buying stocks that rise immediately following the news event, as momentum traders
would (Hong and Stein, 1999), oversensitive investors buy winners long after the news event and
thereby earn lower returns. This is because the degree to which oversensitive investors extrapolate
from prices is proportional to how informative prices are about fundamentals, which increases over
time. In the cross-section, stocks with higher holdings gaps have lower short-run momentum and
greater long-run reversals.

In the second part of the paper, we empirically implement the holdings-gap methodology. Our
model suggests a two-step procedure to measure overreaction in asset prices: we first measure each
investor’s sensitivity to public news. For each stock, we then aggregate the investor level measure
based on each investor’s holdings of the stock. We apply this procedure for large institutional
investors that report quarterly holdings data in their 13F filings. We measure an investor’s news
sensitivity by how her holdings have reacted to past earnings surprises. Our approach is based on
two key assumptions, which we validate empirically: an investor’s sensitivity to earnings surprises
is not only persistent over time, but also correlated with how she reacts to other news beyond earn-
ings. The holdings gap for each stock is then the holdings-weighted average of news-sensitivity of
investors who hold the stock.

We then test the core asset-pricing predictions of our model. In all specifications, we lag our
holdings gap measure to ensure that our results are truly predictive and not mechanically generated
by the overlap between periods we measure news sensitivity and periods we measure returns. First,
we find that stocks with a high holdings gap have lower short-run momentum and greater long-run
reversals. We find that the positive 12 month auto-correlation in returns is reduced by two-thirds for

stocks with high holdings gaps. Our results are stronger when we control for past 3-year returns,



or refine our holdings gap to be based on recent 1-year inflows. To assess whether our measure
delivers excess predictability beyond standard factors, we form two momentum portfolios, over-
reactive and non-overreactive momentum, by double-sorting stocks based on past returns and the
most recent holdings gap.* While both momentum portfolios have positive short-run cumulative
abnormal returns, only the overreactive momentum portfolio sharply reverses in the long-run, with
cumulative 3-year abnormal returns of —20%. By contrast, the cumulative abnormal returns of
non-overreactive momentum are both greater in the short-run and more sustained in the long-run.
By focusing our attention on stocks with greater investor overreaction, we are able to strengthen
the link between short-run momentum and long-run reversals.

We also show that our measure is a conditional predictor of returns: stocks with high holdings
gap experience large negative returns conditional on significant run-ups, but much less so uncon-
ditionally. We define a run-up episode as a stock experiencing more than 100% returns over a
one-year period (Greenwood et al., 2019). Among these episodes, those in the highest quintile of
holdings gap revert by 17% on average, relative to 7% for episodes in the lowest quintile. Outside
of these episodes, we find that high holdings gap stocks do not underperform unconditionally. For
comparison, we construct a measure of how skilled the investors holding a stock are, proxying
for skill with their past returns. We find that this measure predicts returns regardless of whether a
stock has experienced a large price run up or not. Taken together, these results are consistent with
the idea that our measure captures overreaction, while other measures based on holdings do not.
Finally, we confirm that oversensitive investors are late-stage price extrapolators: across the run-up
episodes, we find that the holdings gap systematically increases, indicating inflows from oversen-
sitive investors at the later stages of the run-up. Unconditionally, we find that an investor’s news
sensitivity is positively correlated with her tendency to buy stocks with recent price increases and
lower future benchmarked returns, which tend to have already been bought by other 13F investors.”

In the final section of the paper, we test our measure’s ability to aggregate investor overreac-

tion to price and non-price information. We analyze the change in a stock’s holdings gap around

“Precisely, we define overreactive winners (losers) as stocks with high (low) recent returns and high (low) holdings
gap. Analogously, non-overreactive winners (losers) are stocks with high (low) returns and low (high) holdings gap.
The overreactive (non-overreactive) momentum portfolio is formed by going long overreactive (non-overreactive)
winners and going short overreactive (non-overreactive) losers.

SWhile this implies that stocks with high holdings gap underperform on average, we show that the underper-
formance is concentrated in run-ups. This is consistent with news-sensitive investors more likely to buy the stock
conditional on a price increase.



positive earnings announcements, and find that positive news is associated with a multi-quarter
increase in the holdings gap, indicating persistent inflow from oversensitive investors. We then
study how the increase in the holdings gap varies with announcement characteristics, by regress-
ing post-announcement changes in the holdings gap on past returns and non-price variables.® We
consider two salient examples of non-price variables: firm fundamentals, measured by high sales
and earnings growth (Bordalo et al., 2019; De La O and Myers, 2021), and industry developments,
in particular the performance of top firms in the same industry (Shiller, 2015). We find that the
holdings gap not only increases with returns, but also with fundamentals and industry variables
holding fixed the price path. This is consistent with our measure capturing investor reaction to
non-price information, and rules out the possibility that our measure purely reflects mechanical
price extrapolation. Finally, for the same sample, we compare the relative explanatory power of
our variables in predicting post-announcement returns. Relative to predicting returns only using
past returns and the Fama-French factors, adding the holdings gap further raises the explanatory
power by 20%. The gain in explanatory power is greater than that of adding any individual non-
price variable or all three variables together, consistent with the holdings gap being an aggregate

measure of overreaction.

Related literature Our work relates to four main strands of literature. First, it is part of a large
theoretical (Barberis et al., 1998; Hong and Stein, 1999; Daniel et al., 1998; Scheinkman and
Xiong, 2003; Rabin and Vayanos, 2010; Bordalo et al., 2021) and empirical (Jegadeesh and Tit-
man, 1993; Lakonishok et al., 1994; Lee and Swaminathan, 2000; Daniel and Moskowitz, 2016;
Daniel et al., 2022) literature on short-run momentum and long-run reversals in asset prices. Theo-
retically, our paper nests both overreaction driven by price increases, which can reflect momentum
trading or price extrapolation (Hong and Stein, 1999; Barberis et al., 2018; Cassella and Gulen,
2018), and overreaction driven by news regarding fundamentals (Lakonishok et al., 1994; La Porta,
1996; Bordalo et al., 2022c; De La O and Myers, 2021). We show that our measure responds to
both prices and fundamentals, suggesting the importance of both channels. Empirically, a large
body of work has sought to find predictors of future returns of momentum and run-ups, such as

volatility and issuance (Greenwood et al., 2019), volume (Lee and Swaminathan, 2000), short-

SWhile we do not include announcement quarter returns as they are directly affected by announcement quarter
inflows, our results are robust to including them.



sale constraints (Daniel et al., 2022), and market downturns (Daniel and Moskowitz, 2016). We
contribute to this literature by proposing a new measure using investor holdings, a theory-driven
measure of the degree of overreaction to information.

Our work also relates to the growing literature exploring the determinants of overreaction. Both
theoretically and empirically, the literature documents that overreaction depends on a multitude of
factors, ranging from fundamental growth (Lakonishok et al., 1994; La Porta, 1996; De La O and
Myers, 2021) and its persistence (Bordalo et al., 2020b; Afrouzi et al., 2020), industry develop-
ments (Shiller, 2015), and more broadly expectations (Greenwood and Shleifer, 2014). Investor
overreaction is also influenced by features of news and information that are harder to measure,
such as media sentiment (Tetlock, 2007), narratives (Shiller, 2017), past reference points (Gagnon-
Bartsch and Bushong, 2022), and a news’ association with extreme fundamentals (Kwon and Tang,
2020). Our methodology provides a measure that aggregates these potential channels.

Our focus on investor composition as a measure of overreaction also relates our work to the
empirical literature that predicts returns using investor composition. Koijen and Yogo (2019) show
that investor demand driven by asset characteristics can have a powerful ability to predict returns,’
and Campbell et al. (2009) show that institutional inflow predicts future announcement returns.
While these investor composition measures mix a variety of investor preferences, skill, and biases,
our measure specifically captures overreaction to public news. Consistent with our interpretation
that we are capturing overreaction, we find that our measure is most predictive of returns after
large price increases, which is a property unique to our measure. Closer to our work, Frazzini
and Lamont (2008) and Lou (2012) show that mutual fund inflows from retail investors predict
negative future returns. Similarly, Lou and Polk (2022) show that momentum portfolios revert in
the long-run if it is crowded. Our paper goes further by showing that our measure broadly reflects
overreaction to news, where we measure overreaction to a richer set of non-price information
beyond extrapolation of past returns.

Lastly, our work relates to the large literature on institutional investor skill. The evidence on
the persistence of institutional performance is mixed. Several papers find little persistence in per-
formance beyond those largely explained by style (Daniel et al., 1997; Carhart, 1997), while other

papers have found some evidence of persistence in performance (Grinblatt and Titman, 1992), with

Cella et al. (1993) and Coppola (2022) similarly show that investor characteristics predict returns in fire sales.



more recent work showing that investor skill may be more strongly exhibited in a subset of their
trades, such as their purchases (Akepanidtaworn et al., 2021) and holdings with high conviction
(Antén et al., 2021).8 Our work finds suggestive evidence that a subset of investors conditionally
underperform by overreacting to salient public news. However, due to widespread benchmarking
and other passive holdings (Anton et al., 2021), this may only explain a small fraction of their
overall performance, which may only be weakly persistent.

The remainder of the paper is organized as follows. Section 2 introduces our model in two
steps, starting with a simple static model of overreaction and investor heterogeneity, and then the
full model, where we add dynamics and endogenous price overreaction. Turning to the data, Sec-
tion 3 introduces our measure of investor news sensitivity, and finds that it is a highly persistent
investor characteristic. After constructing the overreactive holdings gap from investor news sen-
sitivity, Section 4 tests our model’s core predictions, and in particular show that the measure can
predict which short-run price increases will revert in the long-run. Section 5 further investigates
the mechanism of how our measure predicts returns, and in particular its ability to capture investor

overreaction to price increases and various non-price information. Section 6 concludes.

2 Model: investor composition and overreaction

In this section, we present a model of asset prices with heterogeneous investors and show that
relative investor holdings measure how much prices have overreacted to news. We first build
intuition by extending a standard static REE model to include price inertia and overreaction. We
assume two types of investors: rational investors, who react to public news about fundamentals in
a Bayesian way, and oversensitive investors, who excessively react to the same news. We show
that returns conditional on a price increase are decreasing the normalized gap in holdings between
oversensitive and rational investors in equilibrium, where the gap captures the degree to which
oversensitive investors overreact to the public information about the asset. We then present a
full version of the model with dynamics and a psychological microfoundation using diagnostic

expectations (Bordalo et al., 2018, 2021). In addition to the core predictions, our final model

8More recent papers that show lack of persistence in skill include Griffin and Xu (2009), Fama and French (2010),
and Lewellen (2011), while Bollen and Busse (2004), Kosowski et al. (2006), Fung et al. (2008), Jagannathan et al.
(2010), and Gerakos et al. (2021) find evidence of persistence.



further generates the time-varying tendency of oversensitive investors to extrapolate from price
increases and the resulting joint dynamics of returns and investor composition. We relegate detailed

derivations and proofs to Appendix A.

2.1 Simple static model

Environment To build intuition, we begin with a simple static model. There is a stock s with
a final random payoff V ~ N(0, 7, ]). The stock experiences a public news event, modeled as

a common signal of fundamentals, n =V + ¢, with Var[e] = 7 1.

The signal is observed by a
continuum of investors, indexed by i, who have a constant-absolute-risk-aversion (CARA) utility
with risk-aversion A. Lastly, we assume the asset is supplied by inattentive investors (Hong and
Stein, 1999, 2007) that do not react to the news and yield a total supply of assets that is upward
sloping in prices: S(p) = L- p, with L > 0. This cause prices to partially adapt to news and lead to

momentum in the absence of overreaction.

Rational-only If all investors are rational and correctly infer fundamentals from the price p and
the common signal n, asset demand is given by:
_LEVn]-p 1

= —(Te-n— (v +7)p)°, 2)

Drat . - 7=
(ni,p) A Var[Vin] A

where the last identity follows from Bayesian normal updating. Market-clearing implies:

1 Te

L-p=—(ten—(1y + 71, — p=———n. 3
p =7 (ten— (v +1)p) P= AL 3)

Due to inattentive investors supplying the asset, asset prices undershoot fundamentals. Averaging

across realizations of n and V, one finds momentum in asset prices: conditional on a price increase,

From standard Bayesian updating of normal random variables, we obtain:

EIVin] = - f:f n
e+ Ty
1 2
Var|V|n] = .
Tg+TV



p > 0, expected future returns are given by

E[V —p|p] = -p>0, 4)

Tg‘l‘TV

where future returns (V — p) and current returns (p) are positively correlated.

Oversensitive demand To obtain overreaction in asset prices, we introduce oversensitive in-
vestors. We assume that a fraction  of investors are oversensitive, and the remaining 1 — ) ratio-
nal. For now, we model oversensitive investors in a reduced form, with their demand for asset s,

D¢’ given by:

1
DY (n.p) =+ | (L+P(s))%e-nt @)(s)-p —(v+7e)p|. ©)
News overreaction Price overreaction

@7°(s) > 0 and ®°(s) > 0 are exogenous parameters that vary with s which reflect the salience of
the news in stock s, or its tendency to attract excess demand from oversensitive investors. For ex-
ample, salience may depend on the degree of media attention (Tetlock, 2007) and analyst coverage
(Hong et al., 2000). It may also be driven by how the news is associated with extreme realization of
fundamentals (Kwon and Tang, 2020), fast fundamental growth (Lakonishok et al., 1994; La Porta,
1996; La Porta et al., 1997), or industry-wide developments (Shiller, 2015).10

Our specification of oversensitive investor demand nests many models of investor behavior. For
example, mechanical momentum traders or price extrapolators (Hong and Stein, 1999; Barberis et
al., 2018) correspond to ®7° > 0 and ®;* = 0. Conversely, investors may not learn from prices but
over-rely on their private signals (Eyster and Rabin, 2010). Overconfident investors (Scheinkman
and Xiong, 2003) who overestimate the precision of their information behave equivalently to an
investor with ®7° > 0. In the full model, we show that the framework also nests the diagnostic

expectations model (Bordalo et al., 2018, 2021).

1OWhile we assume that ®%°(s) and ®7°(s) are characteristics of asset s in our static model, in the data, we view
®;°(s) and D7 (s) as properties of each price increase episode, which takes place across time and assets.



Solving the model The equilibrium with oversensitive investors can be solved analogously to

the rational benchmark. The rational asset demand is still given by

1

D™ (n,p) = 1 (Te-n— (v +%)p). (6)

Combining Equations (5) and (6), market-clearing implies the following price equation:

1+ 100 (s)) e
DOS 1_ Drat =L- — ( n N= Y -n.

¥, measures how asset prices p respond to news n. It is increasing in the salience parameters,
@7 (s) and @7 (), and can be seen as the total salience of the news event driving the price increase.

Lemma 1 describes the relationship between y; and expected returns.

Lemma 1 (Overreaction and returns). The expected return following a price increase p > 0 is:

l[/REE
E[V—p|p,s]:( _1)‘P; (8)
s
where yREE = ﬁ Reversals are expected if and only if yy, > WREE As one increases ®%°(s)

or CIDZS (s), asset prices move from momentum to reversals.

Lemma 1 formalizes the intuitive result that the variation in the future returns of a price increase
is driven by the underlying salience of the news event. The benchmark yREE = ﬁ corresponds
to the rational benchmark without any inattentive supply: L = 0. With L > 0, prices exhibit un-
conditional momentum, W, < WREE  As vy increases, prices eventually overshoot fundamentals
and revert. For the econometrician, however, Y is challenging to directly measure for a specific
price increase episode. The literature has pointed to multiple determinants of Y, ranging from
fundamentals (Lakonishok et al., 1994), expectations (La Porta, 1996; Greenwood and Shleifer,
2014; Bordalo et al., 2019; De La O and Myers, 2021), media sentiment and investor attention
(Tetlock, 2007; DellaVigna and Pollet, 2009), or other intangible information (Daniel and Titman,
2006). Closer to our approach, one can also indirectly infer overreaction from the actions of the

supply-side of the asset, as revealed by equity issuance (Greenwood et al., 2019; Lamont and Stein,

2006; Pontiff and Woodgate, 2008; Ma, 2019).
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Inferring y; from the holdings gap Relative to the above approaches, we measure overreaction
by extracting information from the demand-side of the asset. While y; may be challenging to
directly measure, one can identify the set of oversensitive investors by averaging how an investor’s
asset demand responds to public news across all assets.!! This implies that for each asset s, one
can measure D9 and D}*, the average oversensitive and rational holdings of s. We define the
overreactive holdings gap of asset s, Gap,, as the gap between the shares held by oversensitive

investors and rational investors, normalized by total shares outstanding.

xDg — (1 - 2)Di"

: . 9
AD5 + (1 2) Dy ®

Gap, =

Lemma 2 connects our investor holdings measure Gap, to the strength of total overreaction .

Lemma 2 (Overreaction and holdings gap). The holdings gap for asset s, Gapy, is given by a

monotonically increasing function of Y.

2(1—x) (v +1e) [ WREE
Gap,=1— —-1]). 10
aps AL ll/s ( )
If y; < yREE one has momentum with Gap, < 1: rational investors hold the asset to earn

momentum profits. If y; > yRE

E Gap, > 1: rational investors short the asset to profit from
expected reversals. In the absence of price and news overreaction (®;° = P7'), Gap; is equal to

Gap® = 2 — 1. Combining Lemmas 1 and 2, we obtain Proposition 1.

Proposition 1 (Holdings gap and expected returns). With only rational investors, prices exhibit
momentum:
AL

E[V —plp] = P

p- (11)

With oversensitive investors, prices exhibit momentum or reversals, with expected returns:

Gap, — GapO AL
E[V-plps|=|1—- T 7T |, . 12
Future returns S—— Current returns

Overreaction in holdings | ~Baseline momentum

"Tn the empirical section, we measure an investor’s news sensitivity at a given quarter based on how her demand
has responded to news across all assets in the past.

11



Equation (12) captures the core asset pricing prediction of our model. It relates the expected
future returns of asset s conditional on a price increase p, E[V — p|p,s], to the interaction between
the current price increase p and the contemporaneous overreactive holdings gap Gap,. For low
levels of Gapy, the model predicts momentum, or positive autocorrelation in returns, with a higher
holdings gap implying a lower return autocorrelation. When Gap, is sufficiently high, expected
future returns are negative and proportional to the current return p. In other words, the overreactive
holdings gap is a conditional predictor of returns: stocks with high overreactive holdings gap will
experience negative returns, with the underperformance concentrated in price run-ups. The above
prediction separates our model from models in which some investors are better informed than
others (Grossman and Stiglitz, 1980). In such models, investor holdings predict returns — stocks
held by uninformed investors tend to underperform — but the predictability is not stronger following
large price run ups. Thus, we can test whether the holdings gap uniquely isolates overreaction by
comparing the performance of high holdings gap stocks that have experienced large price run ups
with those that have not.

Proposition 1 summarizes our holdings-based approach to measure overreaction. In contrast
to directly estimating Yy, which can be difficult, one can infer y; by the relative holdings of over-
sensitive investors. The critical prerequisite for our approach is to be able to identify oversensitive
investors, and in particular to establish that an investor’s sensitivity to news is a persistent char-
acteristic of that investor. In Section 3, we measure the news sensitivity of an investor based on
past trading, and confirm that it is indeed highly persistent across time. Using investor-level news

sensitivity, we empirically construct the holdings gap and test Proposition 1 in Section 4.

2.2 Full model: dynamics and psychological microfoundation

Our full model extends the simple model in three ways. First, we introduce dynamics, with our
investors learning continuously from news and prices. Second, we make prices partially revealing
following Diamond and Verrecchia (1981), Grossman and Stiglitz (1980), and Hellwig (1980),
which allows for joint learning from news and prices. Finally, we unify price and news overreac-
tion under a single psychological microfoundation of representativeness, formalized by diagnostic
expectations (Bordalo et al., 2018). The full model generates testable predictions regarding the

time-varying behavior of oversensitive investors, and the joint dynamics of expected returns and

12



the holdings gap.

Dynamics Investors learn about fundamentals V ~ N(0, 7, 1) from two sources of information
— news and prices — until prices settle to V at an exogenous horizon t = 7. For simplicity, we
assume that all investors behave like buy-and-hold investors with identical CARA preferences.
This implies that investors’ holdings are proportional to the gap between their subjective expected
value of fundamentals and prices, normalized by the variance. The assumption means that we

abstract away from speculative motives.'?

News and prices Each investor learns from news by continuously processing dn; ;:

dni; = Vdt+1; 2dz;,. (13)

~1/2

Te '~ represents the rate at which the investor learns from news. dZ;; reflects idiosyncratic noise
in how investor i reacts to the news. By time ¢, the rational investor extracts from n;; a cumulative
signal of n;, /t of precision T¢t, which averages to V across all investors. Investors also now learn

about V from the price path pg.,, which is partially revealing due to stochastic supply:
St = L-p + qr, (14)
~— ~—~
inattentive investors ~ random noise trading

where L - p; is as before the supply yielded by inattentive agents. ¢; is the noisy component of
supply, given by a Brownian motion with variance Var(dg;) = T, I'. dt (Diamond and Verrecchia,

1981; Hellwig, 1980).!3 Rational investors learn from prices by positing a linear pricing rule:

pr = aF (pos) + bV —crqy, (15)

12 Adding speculative motives generates a stronger early inflow of rational investors who anticipate selling to over-
sensitive investors in the future. As ¢ increases, oversensitive investors, who also have speculative motives, will buy
even more aggressively than rational investors, which is theoretically explored in Bordalo et al. (2021). Adding spec-
ulative motives thus will amplify the qualitative conclusions of our dynamic model.

130ur model can easily accommodate supply shocks that follow general Ornstein-Uhlenbeck processes.
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where the coefficients a;, b;, and ¢, are time-varying and known to rational investors. F(po. ) is the
signal regarding V, of precision 7/, that rational investors extract from the price path,'* where F

and 7/ are equilibrium-consistent.

Diagnostic expectations We microfound how oversensitive investors learn from news and prices
by applying diagnostic expectations (Bordalo et al., 2018, 2021), a model of investor psychology
based on Kahneman and Tversky’s representativeness heuristic (Tversky and Kahneman, 1973).
The model formalizes the notion that price increases and positive news are both representative of
high fundamentals: both imply that high values of V have become disproportionately likelier. By
overstating the probability of representative outcomes, investors overreact to both news and prices.

Formally, we assume that oversensitive investors, which consist of  of the total investors, form

diagnostic expectations (Bordalo et al., 2018) of fundamentals given prices and private signals:
EP V|9, = E[V|7) + 6,(E[V| 2] - E[V|A,]), (16)

where .%; ; = {n;;, po; } is the information set of i, which consists of the public price path and the
idiosyncratic news process n;; by time . The beliefs of oversensitive investors are given by the
rational benchmark and an additional term that reflects the overreaction to the total accumulated
surprise since t = 0. O, the diagnosticity parameter, is assumed to vary across assets (Bordalo et
al., 2020b) and is the analogue of y; in the static model.

Following Bordalo et al. (2021), we endogenize how oversensitive investors respond to prices

by assuming that they postulate the pricing rule
pr=a;F?(pox) + bV —cfa, (17)

which is consistent with the equilibrium in which every investor is oversensitive. In other words,
oversensitive investors believe that they are rational: they assume that every other investor reacts in

the same way as they would to news and prices, and infer V from po.; in a manner consistent with

14Given that the average signal across all investors is fixed at V, and the supply shocks dg; and the idiosyncratic
signal process dZ;; are independent, the public signal and the private signal are two independent signals regarding the
fundamental value V.
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that assumption.'> Importantly, this means that oversensitive investors are unaware of the presence
of inattentive investors. On the other hand, rational investors are aware of both the existence of

inattentive investors and oversensitive investors, which influences how they learn from prices.

Model solution: oversensitive investors as late-stage price extrapolators Appendix A derives

the following expressions for the asset demand of oversensitive and rational investors.

Proposition 2 (Investor demand). Oversensitive and rational asset demand is given by:

1
D;G (i, Po) = — <q)r?,t “(nig/t) +q>§ pr— (v + Td)Pt)

i (18)
D[ (niy, poy) = A ( Zaf (nig /1) +q’,rf§ pr— (v +Tef)Pz) )
where the news and price sensitivities of each investor are:
1+ 6y)% e,
@0 = (146, Tt <I>9:( VL9 g
nt ( + s) el p A2—|— (1 I 95)2Tgfq 4 (19)
(14 x65)7eT,

(Drat = T.t q)rat —
e P A2+ (1= x) (14 x6,) Te Ty

: [AL+ Ty — DY — x@srgt] .

By endogenizing the price overreaction of oversensitive investors in a dynamic setting, our full
model generates a novel prediction that oversensitive investors behave as late-stage price extrapo-

lators. Denote:

COV(Dte ) pt)
Var|p]

EX‘[rapt‘9 = , Extrap; (20)

Var|p;]

Extrapte can be interpreted as how an oversensitive investor’s holdings of asset s comoves with its
price increase by time ¢.!® Extrap’® is the analogous quantity for rational investors. We make the

following assumption regarding L:

Assumption 1. We assume that L is sufficiently high: L > (H?#.
s)ve'lq

Assumption 1 is necessary to ensure that there is sufficient initial momentum in asset prices for

small . Proposition 2 then implies the following Corollary.

5They then combine the signal obtained from news and prices, and overreact to it as specified in Equation (16).
16Extrap,9 consists of the demand loadings on prices, @Y, as well as the correlation induced from learning from the
signal n; ;, which is also correlated with the price increase.
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Corollary 1 (Oversensitive investors as late-stage price extrapolators). Fort small, Extrap,e <0<

Extrap/®: rational investors initially respond to prices more than oversensitive investors. This

rat

relationship is reversed as t — oo: Extrap,6 > 0 > Extrap;". Assuming the horizon T is sufficiently

large, oversensitive investors on average respond more to prices than rational investors:
0 g 0 g
Extrap® = / Extrap; dt > Extrap™ = / Extrap)“ dt.
0 0

Lastly, oversensitive investors earn lower risk-adjusted returns relative to rational investors:

T T
Haedj = /t_oEadj [Dre (nis, pos)(V _Pt)} dt < HZ“Jj = / Eqaj [Dtml(”i,t,PO:t)(V _Ptﬂ dt,

where Eq;[X] = E[X| — 5 Var[X] is the risk-adjusted expectation of the random variable X.

In contrast to models (Hong and Stein, 1999; Barberis et al., 2018) that specify a fixed investor
response to a price increase, e.g. D(p) = ¢ - p for a constant ¢, Corollary 1 shows that the tendency
of oversensitive investors to buy stocks in response to a price increase varies with time. Early
on, rational investors behave as sophisticated momentum investors, correctly inferring a positive
innovation in fundamentals from recent price increases. In contrast, oversensitive investors are
unaware of inattentive investors and do not buy the asset. As time passes and information about
V is gradually revealed, rational investors begin to invest in a contrarian manner and sell shares to

oversensitive investors who increasingly extrapolate from price increases and earn lower returns.

_ aD}—(1—x)D"
—aD? (1D
tilts towards rational investors before tilting towards oversensitive investors.

Consequently, in the course of the price run-up, the holdings gap Gap,, initially

Intuition: overreaction to public information To provide an intuition behind the dynamic be-
havior of oversensitive investors, note that the difference in how rational investors and oversensitive
investors react to prices is proportional to the total amount of information contained in the price:
the greater the public information, the greater the overreaction. For small ¢, when prices are not
very informative of fundamentals, oversensitive investors react little to prices.!” It is only when

prices gradually become highly informative of fundamentals that oversensitive investors overreact

7In particular, given that they assume prices are consistent with the equilibrium in which all investors are oversen-
sitive, they underreact to price increases initially.
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to price increases and chase past returns. We test these properties of oversensitive investors directly
in Section 4.3.'8

Combining the dynamics of the holdings gap and asset prices, Proposition 3 gives the key
predictions of our full model. First, cross-sectionally, we replicate the predictions of Lemmas 1
and 2: asset price increases with higher 6, have greater overreactive holdings gap and are likelier
to revert. Second, we complement our results with new results on dynamics of asset prices and the

holdings gap.

Proposition 3. /. Dynamics: asset prices exhibit short-run momentum and long-run rever-
sals. The average holdings gap E [Gaps7,| p, 0] (in response to good news) tilts towards
rational and then diagnostic investors: E [Gaps’t| p, 0] <2x — 1 for t sufficiently small, and

E[Gap,|p,65] > 2x — 1 for t sufficiently large.

2. Cross-section: holding t fixed, randomizing across V and 6y, prices exhibit long-run rever-
sals and greater tilt towards oversensitive investors if Oy is sufficiently high, and long-run

momentum with greater tilt towards rational investors if 0 is sufficiently low.

To summarize, Figure 1 illustrates the core predictions of our model. All of the price curves
in the first panel display the same initial price increase, yet display significant heterogeneity in
final returns, shown in the dotted lines. Such variation is generated by differences in the degree of
overreaction, captured by 0;. As the second panel illustrates, by moving beyond the price path and
incorporating the variation in investor holdings, one can predict future returns of price increases.

Our model yields the following set of core predictions.

Prediction 1 (Holdings gap, momentum, and reversals). Stocks with high holdings gap experience

less short-run momentum and greater long-run reversals.

Prediction 2 (Holdings gap as a conditional predictor). Stocks with high holdings gap experience

negative returns, conditional on a large price increase.

80ur model’s prediction that investor biases increase in time thus distinguishes our model from models of private
information, where investor biases gradually dissipate as more investors learn about fundamentals. Section 4.2 also
documents further empirical evidence that our holdings-based measure captures overreaction instead of investor private
information.
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Prediction 3 (Dynamics of investor holdings). Oversensitive investors are late-stage price extrap-
olators, buying stocks that have gone up in prices, earning lower returns, and lagging rational
inflow. In particular, in a price run-up, there is initial entry of rational investors, which is followed

by the entry of oversensitive investors.

In the remaining sections, we implement the holdings-gap methodology and take these predic-
tions to the data. In Section 3, we construct our measure of investor news sensitivity, and show
that it is a persistent investor characteristic. In Section 4, we build the overeactive holdings gap
at the asset level and test the main predictions of the model. Finally, in Section 5, we analyze the
dynamics of our measure around public announcements, and highlight the ability of our measure

to aggregate different underlying sources of overreaction.

3 The measurement and persistence of investor news sensitivity

The holdings gap approach predicts that if some investors systematically respond more to news
than others, the gap in holdings between oversensitive and rational investors is an equilibrium
measure of overreaction. Our model thus suggests the following two-step methodology to predict
which short-run price increases revert in the long run. First, at the investor level, we need to
construct a measure of news sensitivity, and confirm that it is persistent over time. Second, we
need to aggregate the investor-level news sensitivity up to the stock level to construct the holdings
gap, our key measure of overreaction in asset prices.

In this Section, we implement this methodology using quarterly institutional holdings data. We
measure an investor’s news sensitivity (NS) based on how her holdings have responded to past
public news, and show that it is highly persistent over time, especially among active investors.
We then define the overreactive holdings gap in a stock by aggregating the news sensitivity of its
investors weighed by their holdings. Given the holdings-based measure of overreaction, Section 4

then tests the core asset pricing predictions of our model.

3.1 Defining our main measure

Data Our sample of investors consists of all institutions that report their stock holdings through

13F filings from 1980 to 2020. The SEC requires that all large institutional investors report their
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complete holdings of equities as of the last day in the quarter.!” Our data thus includes a wide
variety of institutional investors, including hedge funds, pension funds, insurance companies, mu-
tual funds, and banks. There are two important facets of this data. First, the data is aggregated to
the firm level (e.g., Fidelity) rather than the individual fund level (e.g. the different funds operated
by Fidelity). Second, although the direct holdings of retail investors (such as through brokerage
accounts) are not included in the data, stocks that retail investors indirectly hold through institu-
tions (such as through mutual funds or investment advisors) are. Because the institution must have
discretion over the reported portfolio, we can interpret the allocation of a given institution’s funds
across stocks as reflecting the institutional managers’ choices.’’ Our panel of institutional hold-
ings allows us to observe how a given institution reacts to public information over a wide variety of
stocks over a long time period. In particular, despite the exclusion of direct retail holdings, we find
that even within the cross-section of large institutional investors, we detect sufficient differences in

investor news sensitivity which allows us to measure overreaction at the asset level.

News sensitivity Using 13F filings, we uncover significant heterogeneity in the way that in-
vestor holdings react to public information. Given that we only have access to quarterly snapshots
of holdings, we focus on how investors respond to relatively slow-moving innovations to funda-
mentals over horizons corresponding to roughly a year, the same horizon commonly used to form
momentum portfolios (Carhart, 1997).

We measure an investor’s news sensitivity by the average news experienced by stocks bought

by the investor. In quarter ¢ for investor i, we define:

NSraw,iJ = W ’
Z i,st

21

where Nj, is the aggregate “news” experienced by stock s from quarters t —3 to ¢z, and W, > 0 is
the amount purchased, in dollars, of stock s by investor i in quarter . We measure N;;, the news

experienced by stock s, from either announcement returns (La Porta et al., 1997) or normalized

19Large institutional investors are precisely defined as those that “exercise investment discretion” over at least $100
million in 13F-eligible securities.

20For investment firms whose aggregate portfolio partially or entirely consists of stocks held in index funds, the
allocation of funds across stocks does not entirely reflect the managers’ active choices. We partially address this by
standardizing our measure across investors, which control for common purchases and sales of stocks across institu-
tional investors.
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earnings surprises (Bouchaud et al., 2019).

Nsrff = i Announcement Returns;;_j, Nsefs = b i EPS Surprise; . (22)
h=0 $:=4 h=0
Announcement Returns; ; is the returns of stock s over a 10-day window around its earnings an-
nouncement in quarter .>! EPS Surprise,, is the difference between the announced earnings-per-
share of stock s and the mean IBES analyst forecast of the same quantity. We normalize the total
EPS Surprise measure by P ;_4, the price of stock s in quarter ¢ —4, which translates the cumulative
surprise into earnings yield space, as in Bouchaud et al. (2019).

For our main specification, we use Nsrff , announcement returns, as our measure of past news.
NS, 4w, then measures the average (dollars-weighted) announcement date returns of stocks pur-
chased by investor i in quarter ¢. For example, consider two investors, i and j. Suppose in 2020Q4
i buys 100 dollars worth each of stocks A and B, while j only buys 200 dollars worth of stock A.
Suppose that in 2020, stock A rose by 10% on each of its 4 announcements, with net announcement

returns of 40%, while B did not experience any surprise, with net announcement returns of 0. Then,

J’s news sensitivity is 40%, which is higher than that of i, which is 40 X 0.5+ 0 % 0.5 = 20%.

Processing the raw measure Given the raw investor-by-quarter measure, NS, ; ;, we construct
our main news sensitivity in three steps. First, given that we want to measure a persistent charac-
teristic of an investor, we take an 8-quarter moving average of the raw NS measure. Second, to
ensure that an investor’s news sensitivity is not influenced by recent returns, we lag our measure
by 8 quarters.”? Our results are robust to the exact choice of the window of the moving average
and the lag. Finally, given that our model identifies oversensitive investors based on their relative

news sensitivity, we standardize our measure across investors each quarter by taking the percentile

2IPrecisely, we use returns on days d —4 to d +5 where d is the announcement date. For stocks that only make
annual announcements, we only include the annual announcement that takes place from quarters  — 3 to . One can
also use announcement returns benchmarked to market returns, which makes no qualitative difference.

220One particular concern that can arise if one allows for recent returns to influence our measure is that our return
predictability measure can be confounded by unconditional autocorrelation of industry or factor returns. For example,
suppose that the IT sector has outperformed (and experienced positive news) for the past year. Then, if we do not
exclude recent data, tech investors would be categorized as having high news sensitivity, even if they may not be
necessarily oversensitive to news. On the other hand, if there are industry-level reversals, this means that tech stocks
are expected to underperform in the future. Then, the negative return predictability of NS may reflect the momentum
and reversals of tech stocks, with no additional predictability of investor composition. There may be similar issues
also for factor returns (Barberis and Shleifer, 2003; Ehsani and Linnainmaa, 2022).
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rank. Equation (23) summarizes our procedure:
1 7
NS, = Percentile Rank | 2 Y NSyawis—8—al - (23)
a=0

For example, the news sensitivity of an investor in 2020Q4 depends on her buys in quarters 2017Q1
to 2018Q4. For each quarter 7, we compute the news-sensitivity of investors only for investors with
non-missing holdings over the past 16 quarters. An investor who has bought stock with the highest

announcement returns will have the highest news sensitivity, NS; ; = 1.

3.2 Interpreting news sensitivity

Does high news sensitivity imply oversensitivity? Our measure of investor news sensitivity
need not ex ante be a measure of oversensitivity. In particular, if there is sufficient underreaction
in general following earnings announcements, the tendency to buy following positive earnings
may indicate rational behavior, as given by the literature on post-earnings announcement drift
(PEAD) (Bernard and Thomas, 1989). However, our measure does not align with sophisticated
trading around PEAD: our news sensitivity is based on an investor’s purchase by the end of the
quarter of the announcement, which tends to capture purchases occurring at a later timing than
the horizon at which PEAD is profitable, which tends to be around 30 days. Furthermore, as
documented in Appendix G, the tendency to buy based on announcements in the current quarter
is highly correlated with the tendency to buy based on past announcements, again consistent with
oversensitive investors overreacting to both current and lagged news. We provide further evidence
of oversensitivity in Section 4.3, where we show that investors with high news sensitivity tend to

underperform, with the stocks that they purchase earning lower abnormal returns going forward.

Timing of news sensitivity Equation (22) implies that our measure combines reaction to con-
temporaneous news (same quarter announcement returns) and lagged response to past news. Our
combination of the two is motivated by Corollary 1, which shows that oversensitive investors both
overreact to current news, especially at the later stage of the price increase. In Appendix G, we
explore separating our news sensitivity to response to contemporaneous news and lagged news.

Consistent with our model’s predictions, we find a high degree of correlation between these two

21



alternative measures, with our core predictions robust to either measures.

Focus on earnings announcements We construct our measure based on response to earnings
announcements for three reasons. First, earnings announcements are the most standard and sys-
tematic way in which a company releases public information about its fundamentals. Second,
relative to other events, one can also consider the earnings surprise as an alternative quantitative
measure of the news without relying on prices. Third, earnings announcements, especially those
accompanied by large surprises, are highly salient and attract investor attention. Consequently,
earnings announcements form a natural setting to measure an investor’s tendency to overreact to
salient public news. Despite only using earnings announcement returns, we critically show that
our measure predicts an investor’s response to information beyond earnings announcement re-
turns. Section 4 demonstrates this in general price increases and Section 5 directly shows that our

measure captures reaction to important non-price information.

Focus on buys Our focus on an investor’s buys rather than the entire portfolio reflects our em-
phasis on measuring the active news-driven decision-making of the investor. First, by focusing on
trading and changes in the portfolio, we ensure that an investor’s news sensitivity is not impacted
by her passive holdings, which can reflect benchmarking unrelated to any active investment deci-
sions (Antén et al., 2021).%> This also implies that the persistence we find in news sensitivity is not
driven by an investor holding a stock for multiple quarters. Second, our focus on buys rather than
sells is motivated by recent work, such as Akepanidtaworn et al. (2021), which finds evidence that
buys predominantly reflect the fundamental analysis and active stock-picking of investors, whereas

sells may reflect liquidity requirements and other orthogonal factors.>*

3.3 Persistence of news sensitivity

Persistence 'We now confirm that news sensitivity is a persistent feature of an investor. Given

that the news sensitivity of an investor i for quarter ¢t aggregates the announcement returns of stocks

230ur measure may also be influenced by the mechanical rebalancing of passive investors tracking an index. To
address this, we standardize our measure each quarter to partial out common flows in the market. In Appendix C, we
also directly control for investment style differences.

24See Barber and Odean (2013) and Barber and Odean (2008) for analogous evidence for retail investors.
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bought by i from quarters # — 15 to t — 8, we compute the persistence of NS over a horizon of 8

quarters, as indicated in Equation (24).

NSi1s=a+p-NS;; + &, (24)

Our choice of the horizon of 8 quarters is to ensure that our persistence is not mechanically gener-
ated by overlapping windows.

Table 2 shows the estimates of Equation (24). Observations are at the investor-quarter level,
with standard errors two-way clustered at the investor and quarter level. The first column shows
an 8-quarter autoregression coefficient of 0.38, which implies that an investor in the top quintile of
news sensitivity is on average in the top third (0.32 4 0.38 x 0.9 = 0.66) after 2 years, indicating
that our measure is highly persistent over time. Columns (2) through (4) of Table 2 repeat the
analysis within each investor type: banks, investment firms, and pensions/insurers. Comparing
across each institution type, we find that persistence of news sensitivity is notably stronger within
mutual funds and hedge funds, consistent with the intuition that our measure reflects a persistent
characteristic of active news-driven investment decisions. Finally, Table A1 compares the level
of NS across each investor type: we find that investment firms (mutual funds and hedge funds)
on average have the highest NS relative to other institutions, but the differences across institution

types are small relative to the heterogeneity within each type.?’

Sources of persistence While our paper measures and documents the persistence of investor
news sensitivity at the 13F institution level, further work is needed to investigate the sources of
the persistence. First, at the individual investor level, there is growing evidence of systematic
individual-level heterogeneity in overconfidence and tendency to overreact (Stango and Zinman,
2022), which can also apply to institutional investors (Greenwood and Nagel, 2009) even when
aggregated up to the institution level. Another driver is investment style: Figure Al shows that
growth and momentum investors are more news-sensitive, which may be due to passive bench-
marking or overreaction to factor returns (Barberis and Shleifer, 2003). Appendix C decomposes

the persistence in news sensitivity of an investor into those attributable to an investment style and

23For example, the NS of investment firms are on average 7% higher than that of banks.
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the residual, and find that while style explains roughly a quarter of the persistence, the remaining
three quarters is driven by investor decisions not attributable to an investment style. Another im-
portant driver is clientele, such as retail inflow (Frazzini and Lamont, 2008). For example, Guercio
and Reuter (2014) find that mutual funds that are actively managed and predominantly broker-
sold underperform. If 13F institutions differ in how much they cater to retail investors who chase

positive news and returns, this may also generate systematic differences in news sensitivity.

3.4 Holdings gap measure of overreaction

Defining the holdings gap measure Equipped with a persistent investor-level measure of news
sensitivity, we carry out the final step of our empirical strategy: we aggregate our investor measure
to the asset level. We define our overreactive holdings gap of stock s in quarter ¢, Gapij , as the
average holdings-weighted news sensitivity of investors of asset s in quarter ¢, as given by Equation

(25).
Gapemp _ ZiHi,S,t 'Nsi,t
St ZiHi,s,t

H; ; is the holdings of asset s by investor i in quarter ¢. Gapse"?p is the empirical counterpart to the

(25)

theoretical holdings gap and is thus a holding-based measure of overreaction in asset s in quarter ¢.
Gap;’:”’ ranges from O (if the stock is held entirely by the least news-sensitive investor) to 1 (if s is
held entirely by the most news-sensitive investor), with an increase in Gapy,” reflecting an influx

of oversensitive investors.

Alternative measures We also consider alternative measures of the holdings gap, where we
focus on the characteristics of recent investors. This allows us to correct for stale investors who
are passively holding the asset without responding to any news. We do so in two ways: first, we

define Gap?';y as the NS of investors buying the asset in quarter #:

buy ZiBi,s,t 'NSi,t

G =
s Zi Bi,s,t ’

(26)

where B; s ; > 0 is the shares, in dollars, of s purchased by investor i in quarter . We also define
AGapﬁTp = Gap, , — Gap,,_, as the change in the holdings gap over the past year. In practice, both

measures are highly correlated and yield similar return predictability results to our main measure.
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4 Holdings gap and return predictability

In this Section, we test the ability of the overreactive holdings gap to predict the returns following a
price increase. Our model generates three core predictions. First, in Section 4.1, we test Prediction
1, which states that a higher holdings gap implies less short-run momentum and greater long-run
reversals. We find that while stocks unconditionally exhibit short-run momentum, the degree of
momentum is significantly reduced for stocks with a high holdings gap. In the long-run, we also
find that stocks with high holdings gap display strong reversals: our measure is thus able to predict
which short-run price run-ups revert in the long run.

In Section 4.2, we test Prediction 2: we find that the high holdings gap stocks most strongly
underperform following large price increases. By contrast, an alternative investor holdings mea-
sure which proxies for private information predicts returns more unconditionally. Together, we
find evidence consistent with our holdings gap measure being able to isolate overreaction from
private information. Finally, we test Prediction 3 in Section 4.3, which states that oversensitive
investors are late-stage price extrapolators, buying stocks that have gone up later than other insti-
tutional investors and thus earning lower risk-adjusted returns. This implies that in the course of
a run-up episode, the holdings gap initially tilts towards rational investors before tilting towards

oversensitive investors. We test both implications in the data and find significant support.

4.1 Prediction 1: momentum, reversals, and the holdings gap

We start with the regression specification in Equation (27), the exact empirical counterpart to

Equation (12), which relates the return autocorrelation of a stock to its holdings gap.

Fsi+1t+4 = M+ ﬁ “Ts.pastt TV Gapif,d X Tspastt + - Gapif[d +0- X+ E 27)

Observations are at the stock by quarter level. 7y ;45 is the annualized 11-month net return from

of stock s excluding the most recent month,%® and Fsi+14+4 18 its subsequent 12-month returns.

std
st

Gap;/ is the holdings gap standardized across all stocks in quarter #: holding fixed quarter ¢,

26This is following Jegadeesh and Titman (1993) and Carhart (1997), which form momentum portfolios excluding
the most recent 1 month of data. We calculate the average monthly returns g pq5 , for stocks with at least 6 months of
non-missing data leading up to quarter ¢.
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Gap}'{' = 1 for a stock with the highest Gap;;” and Gap'¢,, = 0 for the stock with the lowest
Gapﬁf?p . X, are stock-level controls, and ; are quarter-fixed effects. The momentum/reversal

coefficient conditional on the holdings gap is given by 8+ y- Gapﬁf,d, with the stock exhibiting

$d ~ (), and reversals otherwise. Equation (12) implies that 3 is positive

momentum if B + - Gap
and 7Y is negative: while there is momentum for stocks with the lowest holdings gap, there should
be less momentum, if not reversals, for stocks with higher holdings gap.

Table 3 reports the results corresponding to Equation (27). Column (1) computes the baseline
return autocorrelation, and finds that stocks unconditionally exhibit momentum over a 4-quarter
horizon: roughly 4% of a stock’s average returns over the past year are expected to further accrue
over the next 12 months. Column (2) shows the main specification in Equation (27). Consistent
with Prediction 1, we find that ¥ < 0: momentum is significantly weakened for stocks associated
with higher overreactive holdings gap. The momentum coefficient for stocks with the lowest to
the highest holdings gap ranges from 0.07 to 0.07 — 0.05 = 0.02: the most overreactive stock
only has a third of the momentum of the least overreactive stock. Column (3) shows that our
results are further strengthened when one includes past 3-year returns in the stock-level controls
X, which may contain additional information about the overreaction in the asset (De Bondt and

Thaler, 1985).27 Lastly, Column (4) also shows that our results are stronger when we refine our

holdings gap measure to reflect the news sensitivity of recent investors in the asset, given by the

buy 28

average news sensitivity of investor inflow over the past year: %Zizo Gap st

Overreactive and non-overreactive momentum To assess whether our measure delivers excess
returns beyond standard factors, we construct two momentum portfolios based on the holdings gap
and compute their abnormal returns. For each month, we sort stocks into deciles past returns,
rﬁ‘;fast?tzg, and quintiles of the holdings gap measure in the most recent quarter: Gapg::im. We

then construct two momentum portfolios, “non-overreactive” and “overreactive” momentum, in

the following manner. For “overreactive” momentum, one would expect a high level of holdings

27Using 5 year past returns instead of 3 year past returns yields an analogous result.

280ne potential reason for doing so is to control for the component of the holdings gap driven by stale and inactive
holdings of investors. One can also similarly replace the holdings gap with the one year change in the measure, which
produces analogous results.

29 Average past returns is defined to be the average 12 month returns excluding the recent 1 month return, following
(Carhart, 1997).
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gap for winners (oversensitive investors buy more), and conversely a lower level of holdings gap
for losers (oversensitive investors sell more). Conversely, one would expect the opposite for “non-
overreactive” momentum, with a low holdings gap for winners and high holdings gap for losers.
Thus, we construct the overreactive momentum portfolio by buying stocks in the 10th decile of
returns and Sth quintile of the holdings gap and shorting stocks in the Ist decile of returns and 1st
quintile of the holdings gap. Similarly, we construct the non-overreactive momentum portfolio by
buying stocks in the 10th decile of returns and 1st quintile of the holdings gap and shorting stocks
in the 1st decile of returns and 5th quintile of the holdings gap.

Table 4 compares the excess returns of our non-overreactive and overreactive momentum port-
folios over the subsequent 12 months. Columns (1) and (4) report the raw returns, and Columns
(2), (3), (5), and (6) control for the market, SMB, and HML factors. In all specifications, we find
that the outperformance of momentum strategies is concentrated in the non-overreactive momen-
tum portfolio with an annualized alpha of 10 — 15%, while the overreactive momentum portfolio
has no significant outperformance. Consistent with the intuition that non-overreactive momentum
occurs for relatively undervalued stocks, the non-overreactive momentum portfolio has a positive

loading on the value factor, while overreactive momentum has a negative loading.

Short-run momentum and long-run reversals: a reconnect By applying the same method-
ology as in Table 4 across multiple horizons, Figure 2 traces out the long-run cumulative excess
returns of non-overreactive and overreactive momentum portfolios. Comparing the long-run per-
formance of the two portfolios reveals a striking dichotomy. While both momentum portfolios
earn excess returns in the short-run, overreactive momentum experiences sharp long-run reversals,
with negative excess returns of up to —20% accruing over three years. By contrast, the cumulative
returns of non-overreactive momentum are relatively more sustained. Thus, consistent with Pre-
diction 1, our holdings gap measure of overreaction predicts which short-run price increase will
revert in the long-run. While the connection between short-run momentum and long-run reversals
is unconditionally weak (Fama and French, 2010; Greenwood et al., 2019), by focusing on stocks

with a high degree of overreaction, we are able to strengthen this connection.
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4.2 Prediction 2: holdings gap as a conditional predictor of returns

Another consequence of our measure predicting the degree of long-run reversals is that the hold-
ings gap of a stock should be a conditional predictor of returns: Prediction 2 states that the un-
derperformance of stocks with high holdings gap should be concentrated in large price run-ups.
Intuitively, given that the holdings gap measures overreaction based on heterogeneous response to
public information, the predictability of our measure should be greatest when there have recently
been widespread public news and price increases regarding the asset. In contrast, a measure of
private information, which captures informed investors trading against uninformed investors, will
be more unconditionally predictive: the purchases of informed investors predict positive future
returns, regardless of current price increases.>’ To test Prediction 2 and focus on the difference be-
tween overreaction and private information, we show that stocks with high holdings gap strongly
underperform in run-up episodes, while much less so otherwise. We then contrast our overreaction

measure with a measure of informed investors, which predicts returns much more unconditionally.

Stock-level run-ups We systematically collect episodes in which a stock has experienced at least
100% returns over the past 4 quarters.>! Overall, we identify 13,000 episodes in our sample, and
restrict to 10,000 episodes with non-missing values of the holdings gap measure.’> Figure A2
shows the fraction of stocks experiencing a run-up episode each quarter over our sample period
from 1980 to 2020: while the number tends to increase over periods of overall high returns, the
long-run average remains stable over our sample period. Stocks in our episodes are generally
smaller ($1.4 bn market cap) and have similar level of institutional holdings as the CRSP sample

(41%).

High holdings gap stocks underperform following run-ups Figure 3 plots the cumulative log
returns of stocks in our run-up episodes, where a run-up episode e begins in quarter ¢ + 1. Quarters

t°+1 to t° 44 correspond to the run-up period, where the stock experiences greater than 100%

30Examples of such an approach include Campbell et al. (2009), which shows that institutional trades are predictive
of earnings surprises. Similarly, Rapach et al. (2016) finds that short interest is predictive of future cash-flows.

31Greenwood et al. (2019) defines an industry-wide bubble as those that have experienced > 100% returns over a
2 year period. Given that we focus on episodes at an individual stock level where such run-ups are relatively more
common, we take a shorter time horizon.

$To prevent overlap in our episodes, we enforce a minimum of 8 quarters between the episodes of a given stock.
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returns. Following the run-up, the black curve tracks the mean 3 year cumulative returns of our
episodes, from quarters ¢+ 5 to 1 + 16. On average, our episodes lead to a total reversal of
7.8% over 3 years (2.6% annualized), with significant dispersion, ranging from continuation to

reversals. To visualize the predictive power of our holdings gap measure, we sort each episode

emp

based on quintiles of the level of the holdings gap at the end of the run-up period, Gap_ . 4.

The red curves correspond to episodes with high levels of the holdings gap and the blue curves
correspond to episodes with low levels of the holdings gap.>> Our measure has significant power to
predict the long-run returns of our episodes: run-ups associated with the top quartile of overreactive
holdings are associated with a reversal of roughly 17% over 3 years, double the magnitude of the
unconditional average.

We regress 7y je 15 1416, the three-year future return of the stock (cumulative returns of quarters
1°+5 to 1+ 16 in the graph) on Gap ;e 4, as given by Equation (28).

o
Fogessaerts =00+ B Gapietl + te +7 Xogera + Exse. (28)

Observations are at the run-up episode level. Gapittdgjﬂi is Gap, ¢, 4 standardized at the episode

1.3* B measures the average difference in 3-year returns of run-ups with the highest holdings

leve
gap to the lowest holdings gap in a given quarter. To control for common time-varying returns,
we include time fixed-effects y,. Table 5 shows the estimates of Equation (28). Standard errors
are two-way clustered at the stock and quarter level. Column (1) shows the results of the baseline
regression. Even after controlling for time-varying market returns, run-ups with the greatest over-
reactive holdings on average revert by 12% over the subsequent 3 years more than those with the

lowest holdings gap.35 Column (2) adds in the run-up period returns rg ey | s 44 as controls.>® Col-

umn (3) translates our return predictability results into crash-risk: both run-up period returns and

3Figure A3 shows how the 3-year returns and crash probabilities, defined as the likelihood of 3-year returns being

lower than —40% , vary with Gap;,/ .
emp

$19-Pi _ 1 for the run-up with the highest Gap e 45

34In other words, for stock run-ups beginning in quarter ¢, Gap ey =

and Gapittdeﬁﬁi = 0 for run-ups with the lowest Gap ¢, 4.

3By conditioning on previous returns being 100%, the linear coefficient on the holdings gap in episodes is effec-
tively the discrete version of the interaction term in Equations (27) and (12).

36The attenuation of the coefficient on Gapjffe 14 18 consistent with the fact that episodes with higher run-up period
returns are associated with higher overreactive holdings and lower future returns. Regardless, the predictability of our
measure on 3-year returns remains statistically and economically significant at 9%.
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our overreactive holdings gap significantly increases the probability of extreme negative returns.>’

To summarize, our holdings-based measure of overreaction can explain a substantial fraction of the
variation in the returns of stock-level run-ups, with greater overreactive holdings associated with

greater long-run reversals and heightened crash risk.>®

Overreaction vs private information To highlight the difference between our measure of over-
reaction and measures of private information, we proxy the tendency of an investor to be privately
informed of fundamentals by her average benchmarked returns, denoted as P&L;,. We then use
P&L;; to analogously construct a P&L-based holdings gap Gapg f‘L for stock s in quarter ¢ by tak-
ing the holdings-weighted average of P&L;; instead of NS;;. In Appendix E, we give details on
how we orthogonalize our two measures to construct a portfolio that tracks overreaction, which
we denote as the “purged NS” portfolio, and a portfolio that tracks private information, which we
denote as the “purged P&L” portfolio. We then compare the alphas of these two portfolios, both
restricted to stocks in run-up episodes and otherwise (non-episodes).>

Consistent with Prediction 2, Table 6 shows that whereas the predictive power of the purged
P&L portfolio is roughly the same across run-up episodes and non-episodes, the purged NS port-
folio has virtually no predictive power in non-episodes, in contrast to its strong predictive power
for run-up episodes. This is consistent with the notion that Gapls\f 5 measures overreaction based on
differences in how investors react to public news. This analysis therefore demonstrates the unique

ability of our investor composition measure to capture overreaction, which drives future reversals.

37 Appendix D confirms that our return predictability results hold even after controlling for the standard priced risk
factors. An equal-weighted long-short portfolio trading stocks in run-up episodes based on their overreactive holdings
gap has negative alpha, with stocks in the highest quintile of the holdings gap underperforming those in the lowest
quintile at an annualized rate of roughly 8%.

38 Appendix H analyzes the symmetric case of extreme negative returns. Unlike the case of positive run-ups, our
measure has limited predictive power conditional on stocks crashing. One can rationalize this asymmetry by account-
ing for short-sales constraints: intuitively, in response to good news, a greater degree of overreaction translates to
higher levels of holdings gap, as oversensitive investors continue to buy the asset. On the other hand, in response to
bad news, increasing overreaction may not change the holdings gap as oversensitive investors no longer hold any of
the asset. Appendix H gives a sketch of the model extension and additional supportive evidence.

FPrecisely, we define a stock s in quarter ¢ as an “episode” sample if the stock has had a run-up over the quarters
[t — 4,1 — 1] (greater than 100% returns), and a “non-episode” sample otherwise.
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4.3 Prediction 3: oversensitive investors are late-stage price extrapolators

Lastly, the dynamic version of our model predicts that oversensitive investors are late-stage price
extrapolators: they buy stocks that have gone up in value later in the price increase when they
are relatively more overvalued. This generates a systematic dynamic in investor composition in a
run-up episode, where rational investors increase their holdings in the early stages before yielding
the shares to oversensitive investors. We test these properties in two steps: first, we correlate
the investor-level news sensitivity with three additional investor-level measures: the tendency to
buy stocks that have gone up, the performance on these purchases, and the tendency to lag past
institutional inflows. Second, we measure the average dynamics of the holdings gap in our run-up

episodes, and confirm that oversensitive investors systematically enter later in the episodes.

Price extrapolation and buy performance We measure a investor’s price extrapolativeness and

buy performance by measuring the average past 12-month returns of stocks bought by the investor

and their subsequent 12-month benchmarked returns.*"

ad j :
_ LMt Wisa Buy Performance _ LR Wi
raw,iit — ) raw,it+4 —
Z‘/Vi,s.,l Zs VVi,s,l

Price Extrapolation 29)

Wi 5.+ 1s the total purchase, in dollars, of stock s by investor i in quarter 7. M;, is the past 12-month

ad j

return of stock s in quarter ¢, and Rsm 14

is the cumulative annual return of stock s from quarter
t+1 to t +4, benchmarked to the average returns of stocks in the same book-to-market, size, and
momentum quintile as s (Daniel et al., 1997).41 From the raw measures, we construct the final
measures in the same way as news sensitivity, by taking the percentile rank of an 8-quarter moving

average lagged by 8 quarters.

Late Finally, we measure the tendency of an investor to purchase stocks already bought by other

institutional investors. We run a rolling 1-year regression for each investor of her trading in quarter

40We follow Carhart (1997) in excluding the recent 1 month returns, although doing so makes no difference in our
investor measure.

4I'We also test returns over alternative horizons of 2 and 5 years, as well as returns benchmarked instead to market
returns, with similar results.
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t of asset s by its lagged institutional inflows, as given in Equation 30.

i,s,t/

m = O+ fraw,i, - Alnstitutional Share /| + & ,/, ef{t—3t—2t—1,t} (30)

AH, ;; is the change in holdings, in dollars, of stock s by investor i in quarter 7, and AUM;; =
Y ¢ Hi; is the total value of investor i’s stock holdings in quarter . Alnstitutional Share,,_; is the
change in the fraction of institutional holdings of stock s from quarter t — 5 to  — 1. The higher
the regression coefficient, fy4y.is, the stronger the tendency of investors to lag other institutional

investors. We obtain our final measure by lagging fqw.;; by 8 quarters and taking a percentile rank.

Oversensitive investors are late-stage price extrapolators We show that an investor’s news
sensitivity, which measures how investors buy stocks based on past news, is tightly correlated with
our three measures in a way consistent with Prediction 3. Oversensitive investors are late-stage
price extrapolators: while oversensitive investors tend to buy stocks that have gone up, they do so
after other investors when the asset is already overvalued. Table 7 shows the relationship of news
sensitivity to the three alternative investor measures. Observations are at the investor-by-quarter
level for all investors in the 13F, with two-way clustered standard errors. Columns (1), (3), and
(5) show the relationship of the three measures with our main news sensitivity, while columns (2),
(4), and (6) show the same relationship using an alternative measure of news sensitivity computed
based on earnings surprises, as defined in Equation (22). Columns (1) and (2) show that oversensi-
tive investors have higher price extrapolativeness: investors who buy stocks that have experienced
positive news also buy stocks that have risen in prices. Columns (3) and (4) show a negative
relationship between between an investor’s news sensitivity and her buy performance, consistent
with oversensitive investors buying stocks when they are relatively overvalued. Columns (5) and
(6) further show a positive relationship between news sensitivity and the tendency to buy stocks

already purchased by other investors: oversensitive investors are late investors.*?

42The connection between investor overreactiveness and institutional flows relate to the literature on institutional
herding (Sias (2004), Dasgupta et al. (2011)), which documents positive autocorrelation in institutional flows. In
particular, Dasgupta et al. (2011) find that consecutive institutional inflows predict future reversals, which is consistent
with the intuition that sustained institutional inflows are associated with overreaction. We contribute to that literature
by further documenting the existence of institutions that systematically lag the inflows of other institutions, with
oversensitive investors trailing other institutions in episodes of institutional inflows.
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Dynamics of holdings gap The fact that oversensitive investors are late-stage price extrapolators
generates non-monotonicity in the dynamics of the overreactive holdings gap: rational investors
enter early, then leave as oversensitive investors enter late. Figure 4 plots the average dynamics of
the holdings gap for 8 quarters leading up to the final quarter of the run-up episode (quarters —3 to
4). Consistent with our model’s predictions, the holdings gap decreases slightly prior to the run-
up, and increases strongly during the run-up. Given that investor news sensitivity is based on asset
prices at least lagged by 8 quarters, our results are not mechanically driven by contemporaneous
asset returns during the run-up. Lastly, consistent with our return predictability results, run-ups
that are associated with negative 3-year returns are associated with a persistently higher holdings

gap through the run-up period than run-ups associated with positive 3-year returns.

News vs prices: news sensitivity beyond price extrapolation While our theory predicts that
news sensitive investors endogenously extrapolate from price increases, it is important to distin-
guish oversensitive investors from mechanical price extrapolators or momentum traders. First, as
we have demonstrated, oversensitive investors respond to prices more so at a later stage when it
is unprofitable to do so. Second, and more importantly, the inflows of oversensitive investors re-
spond to news, and not just price increases. The return predictability results in Sections 4.1 and 4.2
already demonstrate this indirectly: if the inflows of oversensitive investors are determined just by
past returns, then stocks with the same run-ups will have no variation in the overreactive holdings
gap. The fact that variations in our measure holding fixed the price path is able to predict fu-
ture returns highlights its capacity to reflect overreaction driven by factors beyond the actual price
increase. In Section 5, we show this more directly by studying how the holdings gap responds
to news, and show in particular that our measure also aggregates various non-price information

associated with overreaction.

S Mechanism: holdings gap measures reaction to information

The return predictability analysis of Section 4 shows results that are consistent with our hypothesis
that our holding-based measure sorts stocks based on the degree of overreaction. In this Section, we
provide more direct evidence by analyzing how our measure responds to public news. Analogously

to our findings in Section 4.3, we find that the public release of good news is preceded by rational
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inflow and followed by oversensitive inflow. Holding fixed past returns, the degree of oversensitive
inflow depends on non-price information commonly associated with overreaction, such as industry
top performers (Shiller, 2015) and fast growth of fundamentals (Lakonishok et al., 1994). We
conclude by showing that relative to any of these individual drivers of overreaction, our holdings
gap has greater explanatory power over predicting post-announcement returns, thus aggregating

many different channels of overreaction.

5.1 Holdings gap response to news

We analyze how our holdings gap responds to information by measuring its multi-quarter dy-
namics around positive earnings announcements.*> Through the lens of our model, positive an-
nouncements correspond to a discrete jump in the amount of information processed by investors.
Prediction 3 implies that positive announcements should on average be preceded by a decrease in
the holdings gap, reflecting inflow from rational investors,** and then followed by an increase, or
inflow from oversensitive investors. In the cross-section, the post-announcement increase in the

holdings gap should reflect the degree of overreaction to the announcement.

Unconditional dynamics Starting 4 quarters prior to the announcement, we trace out the change

in the holdings gap according to the following specification:
AGap§T557Z,5+h = ﬁh - positiveg; + 0 X r + Orn+ Esi+h) (31)

for 1 < h < 9. Observations are at the stock by quarter level. positives; is an indicator for stock

emp

s having a positive annual earnings announcement in quarter ¢, and AGap ", , 4.,

is the change
in the holdings gap from quarter r — 5 to quarter 1 — 4 + h. Each coefficient f;, then measures the
average change in the holdings gap relative to its level in quarter  — 5, both before (& < 4) and after
(h > 4) the announcement. We control for unconditional autocorrelation in earnings announcement

returns and the holdings gap by including lagged indicators positives ;i for k <4 and AGap,_g,_4

as controls, along with quarter fixed effects. Figure 5 plots the response of 3,. Consistent with our

43 Appendix H shows the results for negative announcements.
41In the model, this is driven by rational investors learning from prices more aggressively early on. In practice, this
effect can also be driven by rational investors having greater access to information, or other related forces.
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predictions, 3, is negative for & < 4 — the holdings gap weakly decreases before the announcement
—and B, > 0 for h > 4: there is inflow from oversensitive investors following the announcement
that persists for multiple quarters. Table A4 presents a predictive version of our results, showing
that a decrease in the holdings gap predicts positive news, which in turn predicts future changes in

the holdings gap.

Holdings gap response to price and non-price information We now examine how the increase
in the holdings gap following positive announcements depends on various drivers of investor over-
reaction. One concern is that holdings gap response may be entirely driven by the price increase
around the announcement, which triggers inflows from oversensitive investors that extrapolate past
returns. By controlling for the recent price path, we now show that the holdings gap also responds
to important non-price drivers of overreaction.

We analyze two primary sources of non-price information associated with overreaction. First,
we consider industry developments associated with the stock, in particular the past performance of
winners within the same industry. Overextrapolation of industry developments is a salient feature
of many narrative accounts of overreaction, such as the British railway mania of the 1840s, the
conglomerate boom of the 1960s, the real estate investment trust boom of the 1970s (Soros, 2015),
the tech bubble of the 1990s (Shiller, 2015), and the cryptocurrency boom of 2020s, where the
success of early companies and assets in a given industry spurred future speculation in stocks in
the same industry. To capture industry effects, we set Z;; ;,4 as the excess returns of firms in the
top decile of stock s’s industry, as measured by its three-digit SIC code, over the past 4 quarters.

Second, we also consider features of company fundamentals, and in particular the growth in
its earnings and sales. For example, Bordalo et al. (2019) document evidence from analyst expec-
tations that investors over-extrapolate fundamentals from companies whose earnings have grown
rapidly in the past: overreaction to past fundamentals can thus provide a foundation for the un-
derperformance of growth stocks (Lakonishok et al., 1994; La Porta, 1996; La Porta et al., 1997).
Similarly, Bordalo et al. (2022c) and De La O and Myers (2021) show that overreactive expecta-
tions of stock fundamentals can explain a substantial fraction of asset price movements. To capture
overreaction to fundamentals, we set Z; ; suies, Zst,eps as the growth in sales and earnings-per-share

of company s over the past 4 quarters.
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Context versus news In all of our examples, the non-price information we consider are devel-
opments that have occurred prior to the quarter ¢ earnings announcement. In other words, the
non-price information that we consider is not information released simultaneously with the an-
nouncement, but can be viewed as non-price features that shape the confext in which investors
interpret the positive earnings. Our choice of these variables reflects the fact that investor overre-
action is shaped not just by immediately released information, but also how it interacts with the
recruitment of past relevant information.*

Holdings gap response to non-price information We examine whether our overreactive hold-
ings gap measure reflects reaction to price and non-price information by analyzing how the over-
sensitive inflow following the positive announcement varies with price and non-price variables.

Holding fixed horizon &, we run the following regression:
AGapij?fLHh = By - positives; + Q- Zs s + Yy - Zs s X positives; + 6 - Xy + O prn+ Ep1n- (32)

Observations are at the stock by quarter level. AGap:?f Lith is the h-quarter change in the hold-
ings gap after the announcement, and Z;; € {memZS7,7con,emp,ZS7,,ind,ZS7,7sales,ZS7,’eps} is either
a price variable, which consists of the past 4 quarter returns (Z;, ,q5) and the announcement quar-
ter returns (Zs contemp)» OT a non-price variable, which consists of industry winners (Z; ;,q), sales
growth (Zs; sales), and earnings growth (Zs; .ps). The interaction term ¥, measures how the post-
announcement change in the holdings gap varies each of these variables. For non-price variables,
we residualize out price dynamics and common industry movements by controlling for the past
four quarter log returns of stock s and including industry-by-quarter fixed effects.

Table 8 shows the estimates of Equation (32) for 7 = 1: we analyze the the 2-quarter response
(the difference in the holdings gap in quarters 7 + 1 relative to # — 1) in the holdings gap in response
to the announcement in quarter /. Columns (1) and (2) show that the holdings gap increases in
the past and contemporaneous returns, consistent with oversensitive investors extrapolating from

price increases. Furthermore, Columns (3), (4), and (5) show that for all three measures of non-

4For an example in which investor reaction varies with immediate announcement characteristics, Kwon and Tang
(2020) explore how investor overreaction to an event is predicted by with its association with extreme realizations of
fundamentals.
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price information, the interaction term 7, is significant and positive, even after controlling for the
price path.*® A one standard deviation increase in industry winner returns, sales growth, and EPS
growth are associated with, respectively, 20%, 20%, and 10% higher increase in AGapin7 Ll
relative to its average increase. Figure A4 plots 9, for 4 > 1: each non-price information has
a persistent multi-quarter effect on future oversensitive inflow following the announcement. To
summarize, all of our measures of non-price information significantly predict greater oversensitive
inflow, even after controlling for past returns. This indicates that the our holdings gap measure

of overreaction can also account for the variation in observable non-price information that drives

investor overreaction to news.

5.2 Explanatory power: holdings gap as an aggregator of overreaction

While our measure captures observable drivers of non-price overreaction, it should also reflect the
total degree of overreaction, and thereby act as an aggregator of both observable and unobservable
drivers of overreaction. In particular, this implies that the holdings gap measure should provide
substantial incremental explanatory power in predicting returns beyond using just the price path,

with its explanatory power larger than any individual non-price variable.

Aggregate explanatory power To test this, we measure how much our variables can account
for the variation in future returns. Our sample continues to be the set of stocks that had a positive
annual earnings announcement in quarter ¢. For each of these stocks, we predict r,; ;1 2, the two-

quarter returns of asset s following the quarter  announcement, given by Equation (33),

Fsti42=17" Zs,z + (Pk,t + &1, (33)

where ¢y, are industry-by-quarter fixed effects. We start by setting Z;, as the recent price path,
consisting of returns over quarters r — 3 to ¢, and then add in the Fama-French 4 factor loadings as
of quarter 7. From this baseline, we then measure the increase in the R? of Equation (33) when one

adds the holdings gap over quarters ¢t — 3 to ¢, and compare it to the increase when one separately

461n our main specification, we do not control for announcement quarter returns, as it is endogenous in the degree
of oversensitive inflow. Table A5 shows the results controlling for announcement quarter returns, which shows similar
results.
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adds each of our three non-price information variables. Lastly, we compute the R> of Equation
(33) when we combine all three non-price information measures, as well as when one also adds in
the holdings gap.*’

The results are summarized in Figure 6. Each regression includes the path of past returns in Zg ;.
The gray bar establishes the baseline R?> when Zs only includes the path of past returns, as well as
adding in the Fama-French loadings. The blue and purple bars reflect the additional explanatory
power, beyond prices, of each of our non-price variables, with our holdings gap in blue and the
other non-price characteristics in purple. The first orange bar shows the R?> when Zg 1 includes all
three non-price characteristics, and the second orange bar shows the R? with all of our variables
added in. While the explanatory power of each regression is low in absolute terms — stock-level
returns within a quarter-industry category are extremely noisy and hard to predict — Figure 6 shows
that adding in the path of the holdings gap leading up to the announcement increases by 20% the
explanatory power just of using the price paths and the Fama French characteristics, highlight-
ing the importance of non-price information as a determinant of overreaction. Furthermore, the
explanatory power of the holdings gap is substantially higher than any one of the three non-price
characteristics, as well as the regression that includes the three non-price measures simultaneously.
In Appendix F, we also show that the outperformance of our holdings gap measure relative to the
other individual non-price information is even stronger in out-sample predictions (Campbell and
Thompson, 2008). In Appendix I, we compare the explanatory power of our variables in predicting
long-run reversals of short-run momentum portfolios, and find additional predictive power of our
holdings gap variable. Overall, we find evidence consistent with the ability of our holdings gap to

aggregate overreaction to non-price information, both observed and unobserved.*®

6 Conclusion

A large price increase is not necessarily a symptom of overreaction: to predict whether a short-run

rise in prices will revert, one needs a separate measure of overreaction. In this paper, we contribute

41To ensure that these comparisons are apples-to-apples, we restrict to stocks that have non-missing values for
each of the different stock-level characteristics and transform each characteristic to be the (normalized) quarterly rank
within the set of included stocks.

48The regression with all three non-price characteristics and our holdings gap has a higher explanatory power than
just the regression with the holdings gap, reflecting that our measure is a noisy aggregator of non-price information.
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by developing a methodology to measure overreaction based on investor holdings. We develop
a model in which investors have heterogeneous sensitivity to news. In equilibrium, the relative
holdings between rational and oversensitive investors then reveal the degree of overreaction and
expected future returns of a price increase. Turning to the data, we validate the fundamental as-
sumption behind our approach: there is persistence in an investor’s news sensitivity, measured by
her portfolio response to past news. We then aggregate an investor’s news sensitivity to construct
the overreactive holdings gap at the asset level, our holdings-based measure of overreaction. Con-
sistent with our theory, our measure is able to predict which price increases revert in the long-run.
By analyzing how the holdings gap responds to news, we further validate its ability to measure
overreaction to observed and non-observed information regarding an asset.

Our work suggests that understanding the heterogeneity in investor information sensitivity —
how different investors have responded to different information in the past — is a promising way to
better understand the current drivers of market prices and trading activity. While we have focused
on a single dimension of news sensitivity, the tendency to overreact to all public news, our method-
ology can extend to settings where investor sensitivity to information may vary in a more granular
manner: for example, some investors may be more attentive to certain types of information similar
to what they have experienced in the past. Such heterogeneity can be driven by deeper psycho-
logical forces, such as different investor experiences (Malmendier, 2021) and memory (Bordalo
et al., 2020a, 2022a; Wachter and Kahana, 2019). By better understanding investor sensitivity to
information, one can thus gain a deeper understanding of the granular drivers of asset prices and

investor beliefs.
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Figure 1: Final model prediction: diagnostic equilibrium

Notes: The left subplot is the average price path for 6; = 0,0.5,2, corresponding to low, medium, and high overreac-
tion. The fundamentals V corresponding to each three scenarios are normalized to have the three average price paths
evaluate to the same value at + = 0.5. The right subplot is the average holdings gap associated with the three price
paths. Put together, the contemporaneous level of the holdings gap forecasts future momentum or reversals.
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Figure 2: Cumulative momentum returns, sorted by overreactive holdings gap

Notes: Figure 2 plots the cumulative abnormal returns of two momentum portfolios, which are formed by double
sorting stocks in each month ¢ into (a) the decile of cumulative log returns over the past 12 months excluding the
most recent month ¢ — 1 (Carhart, 1997) and (b) the quintile of the holdings gap measure in the quarter before month
t’s quarter, which is defined following Equation (25). Observations are at the monthly level. In the left panel, we
plot the cumulative abnormal returns of the non-overreactive momentum portfolio, which goes long stocks in the 10th
decile of returns and 1st quintile of the holdings gap and shorts stocks in the 1st decile of returns and Sth quintile of
the holdings gap. In the right panel, we plot the cumulative abormal returns of the overreactive momentum portfolio,
which goes long stocks in the 10th decile of returns and 5th quintile of the holdings gap and shorts stocks in the 1st
decile of returns and 1st quintile of the holdings gap. We compute abnormal returns by regressing, for each horizon,
the unweighted mean returns of each sorted portfolio on the returns of the market portfolio (the CRSP value-weighted
portfolio), SMB (size), and HML (value) (Fama and French, 1993) over the same horizon. The dotted lines show the
95% confidence intervals, where the standard errors are estimated using the Newey-West method with a lag of twelve.
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Figure 3: Return predictability: stock-level run-ups

Notes: Figure 3 plots the cumulative log returns of the stock-level run-ups, which is defined by a stock experiencing
at least 100% returns over 4 quarters, which correspond to quarters 1 through 4 in the figure. Quarters 5 through
16 correspond to the subsequent 3-year returns. We winsorize our episodes by their holdings gap in quarter 4 at the
10% level. The black curve plots the average across all episodes, while the the blue and red curves correspond to the
bottom and top quintiles of the holdings gap at the end of the selection period (quarter 4). The dotted lines represent
one standard-error intervals around the cumulative returns of high and low holdings gap episodes.
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Figure 4: Dynamics of holdings gap: stock-level run-ups

Notes: Figure 4 shows the standardized holdings gap of a stock in the run-up episodes, which is defined to be a stock
experiencing at least 100% returns over 4 quarters. The standardized holdings gap is given by the percentile rank
across each quarter of the holdings-gap measure of the stock, as defined in Equation (25). Quarters -3 to O correspond
to 4 quarters prior to the run-up, and quarters 1 through 4 correspond to the run-up period. The black curve plots the
average level of the measure across all run-up episodes, while the orange and green curves plot the measure across
run-up episodes with negative and positive future 3-year returns following the run-up. The dotted lines represent one
standard-error intervals around the mean.
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Change in holdings gap around positive earnings announcement
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Figure 5: Change in holdings gap around positive earnings announcement

Notes: Figure 5 plots the regression coefficient 3, of the regression specification in Equation (31), which traces out
the change in the holdings gap measure of stocks with a positive earnings announcement in quarter ¢, controlling for
quarter fixed effects and unconditional autocorrelation in announcements (indicators for having a positive earnings
announcement in quarters t — 4 to t — 1). Observations are at the stock by quarter level. The dotted lines represent the
95% confidence interval around each estimate of f3,.
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Increase in R2 of return predictability regressions
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Figure 6: Increase in return prediction R?, by non-price measure

Notes: Figure 6 shows the explanatory power of our holdings gap measure in predicting the 2-quarter post-
announcement returns following positive announcements, as specified in Equation (33). The first column shows (in
basis points) the adjusted R? of using just the past 4 quarter returns including the announcement quarter return. The
second column shows the adjusted R? of adding the stock’s four FF4 loadings in addition to the returns. The third
column shows the R? after adding the 4-quarter path of the holdings gap measure in addition to the returns and FF4
loadings. The fourth, fifth, and sixth columns show the the R? after separately adding, respectively, industry winners,
sales, and EPS growth in addition to returns and FF4 loadings. The seventh column shows the R? of adding all three of
these variables in addition to returns and FF4 loadings. The final column shows the total explanatory power of adding
in all three non-price variables and the holdings gap measure in addition to returns and FF4 loadings.
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Variable N Mean SD P25 P50 P75

Quarterly Returns 617259 0.034 0.304 -0.099 0.016 0.133
Market Capitalization [Millions] 617259 2695.348 15429.058 55.167 217.521 962.821
Holdings Gap 617259 0.521 0.134  0.445 0.538 0.606
Investor Equity Holdings [Millions of dollars] 346357 3231.709 29441.910 92.633 240.121 889.751
Active Years [Years] 346357 8.732 8.416  2.249 6.005  13.008

Table 1: Summary Statistics

Notes: Table 1 presents the summary statistics for the main stock and investor variables used in our analysis using
data from 1980 to 2020. The holdings gap measure of a stock is given by Equation (25), which is the average news
sensitivity of investors in the stock weighted by their holdings. Investor equity holdings at a given quarter is the total
dollar value of the CRSP stock holdings reported in the 13F filing. The active years of an investor in a given quarter is
given by the number of years from the first filings of the investor to the given quarter.
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Future NS

1) 2) 3) “)
NS 0.38***  0.11*** 0.36*** 0.19***
(0.02)  (0.04) (0.02) (0.04)
Constant 0.32%**  0.42"** 0.34** 0.41%*
(0.01)  (0.02) (0.01) (0.02)
Sample All Banks  Investment Firms Pensions/Insurers
Observations 71,910 9,065 44,634 7,729
R? 0.15 0.01 0.13 0.04

Table 2: Persistence of NS

Notes: Table 2 reports the estimates corresponding to a linear regression specification of the 8-quarter average stan-
dardized investor news sensitivity (NS) against the same variable 2 years in the future. NS is defined following
Equation (23). Column (1) uses all 13F institutions, and Columns (2), (3), and (4) run the same analysis within banks,
investment firms, and pensions/insurers. Observations are at the investor-quarter level. Standard errors are two-way
clustered at the investor and quarter level and are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.10.
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Next Year Returns

(D (2 (3) 4)
Past Returns 0.04 0.07** 0.05* 0.07**
(0.03) (0.03) (0.03) (0.04)
Gap —-0.05**  —0.03**
(0.02) (0.01)
Past Returns X Gap —0.05"*  —0.06**
(0.03) (0.03)
Past 3 Year Returns 0.04
(0.04)
Gap (Buys) —0.03
(0.01)
Past Returns X Gap (Buys) —0.06™*
(0.02)
Observations 471,160 471,160 436,020 358,173
R? 0.14 0.14 0.14 0.16

Table 3: Momentum conditional on holdings gap

Notes: Table 3 reports the momentum of a stock conditional on the level of the holdings gap measure, given by
Equation (27). Observations are at the stock by quarter level. Past returns of the stock is given by the annualized
average monthly returns of the stock for the past 12 months, excluding the recent month (Carhart, 1997). Gap is
the percentile rank of the holdings gap measure Gapg,” across all stocks in quarter ¢, with Gapg;” defined following
Equation (25). Next year returns is the log returns of stock s from quarters ¢ + 1 to 7 +4 inclusive. The observation is at
the stock by quarter level, consisting of all stock-quarter pairs with non-missing values of Gap with at least 6 months
of returns as of quarter #. Column (1) shows the baseline return predictability without conditioning on the holdings
gap. Column (2) shows our main specification, which indicates a lower momentum coefficient for stocks with higher
holdings gap. Columns (3) controls for the 3 year returns of the stock. Column (4) replaces the holdings gap measure
by the average news sensitivity of investors buying the stock between quarters ¢ — 3 to ¢, standardized to its percentile
rank across all stocks in quarter ¢. Driscoll-Kraay standard errors with four lags are reported in parentheses. ***
p<0.01, ** p<0.05, * p<0.10.
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Non-overreactive momentum Overreactive momentum

) 2) 3) “4) S (6)

Alpha (%) 0.0906**  0.152***  0.139***  -0.0207 -0.0128  0.0229
(0.0415) (0.0454) (0.0378) (0.0362) (0.0463) (0.0279)

Market return -0.853***  .0.790*** -0.109 -0.233
(0.282) (0.249) (0.320) (0.189)
FF SMB -0.190 -0.529*
(0.336) (0.307)
FF HML 0.508** -1.044***
(0.256) (0.303)
Observations 337 337 337 337 337 337

Table 4: Momentum portfolio returns, double sorted by investor overreaction score

Notes: Table 4 examines the 12 month returns of two double-sorted momentum strategies which condition on both
past returns and the level of holdings gap. Observations are at the monthly level. The portfolios are formed by double
sorting stocks in each month 7 into (a) the decile of cumulative log returns over the past 12 months excluding the most
recent month ¢ — 1 (Carhart, 1997) and (b) the quintile of the holdings gap measure in the quarter before month #’s
quarter, which is defined following Equation (25). The non-overreactive momentum portfolio (columns (1) to (3))
goes long stocks in the 10th decile of returns and 1st quintile of the holdings gap and shorts stocks in the 1st decile
of returns and 5th quintile of the holdings gap. The overreactive momentum portfolio (columns (4) to (6)) goes long
stocks in the 10th decile of returns and 5th quintile of the holdings gap and shorts stocks in the 1st decile of returns and
1st quintile of the holdings gap. We compute abnormal returns by regressing the unweighted mean four-quarter returns
of each sorted portfolio on the four-quarter returns of the market portfolio (the CRSP value-weighted portfolio), SMB
(size), and HML (value) (Fama and French, 1993). The regressions are run at the monthly level. Columns (1) and (4)
present the raw returns of both momentum portfolios. Columns (2) and (5) present the excess returns controlling for
the market portfolio. Columns (3) and (6) present the alphas controlling for the size and value portfolios. Standard
errors are estimated using the Newey-West method with a lag of twelve and are reported in parentheses. *** p<0.01,
** p<0.05, * p<0.10.
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Returns 1(Returns < -40%)

(1) (2) (3)
Gap —0.12***  —0.09** 0.04**
(0.04) (0.04) (0.02)
Run-up Period Returns —0.50"** 0.23***
(0.07) (0.03)

Quarter FEs Yes Yes Yes
Observations 9,776 9,776 9,776

R? 0.17 0.19 0.15

Table 5: Return Predictability: Price Run-Ups

Notes: Table 5 reports the estimates corresponding to Equation (28). Observations are at the run-up episode level.
Returns is the three-year future return of the stock following quarter ¢ +4. 1(Returns < -40%) is an indicator variable
for whether the three-year future return of the stock is less than -40%. Gap:;lgp 4 18 the standardized holdings gap
measure for the stock that quarter. Run-Up Period Returns is the four-quarter return of the stock up to the most recent
quarter. Standard errors are two-way clustered at the stock by quarter level and are reported in parentheses. *** p<0.01,
** p<0.05, * p<0.10.
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Long NS Long P&L
(1) (2) 3) 4
Run-ups  Others Run-ups  Others
Alpha (%) -0.109**  -0.00761 0.0552* 0.0448**
(0.0454) (0.0189) (0.0319) (0.0191)

Market 0.441** 0.00740  -0.197  -0.0855
(0.182) (0.0629) (0.122) (0.0729)

Size -0.254*  -0.0402 0.108 0.0374
(0.132)  (0.0565) (0.115) (0.0523)

Value -0.149  -0.0952 0.307  0.375***
(0.270)  (0.0886) (0.214) (0.0832)

Momentum 0.0366 -0.172 0.144 0.159*
(0.286)  (0.108)  (0.184) (0.0856)
Observations 115 121 115 121

Table 6: Long-short portfolio returns double-sorted by NS and P&L measure

Notes: Table 6 compares the 4-quarter abnormal returns of a long-short portfolio of a purged NS portfolio to that of a
purged P&L portfolio. Observations are at the quarterly level. The returns of the purged NS and P&L portfolios are
given by Equation (71). Columns (1) and (3) show the performance of the two portfolios in run-ups, where the sorted
portfolios in Equation (71) are constructed using stock-quarter pairs s, where s has experienced a run-up (greater than
100% returns) from quarters ¢ —4 to t — 1. Columns (2) and (4) show the unconditional performance of the portfolios,
constructed using the remaining stock-quarter pairs. We compute abnormal returns by regressing the 4-quarter returns
of the two portfolios on the 4-quarter returns of market, which is the CRSP value-weighted portfolio, size, value, and
momentum, which are constructed based off of stock-level characteristics (Fama and French, 1993; Carhart, 1997) as
of the given quarter and held fixed for the next four quarters. The regressions are run at the quarterly level. Standard
errors are estimated using the Newey-West method with a lag of four and are reported in parentheses. *** p<0.01, **
p<0.05, * p<0.10.
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(1) (2) 3) 4) () (0)
NS NSePs NS NSePs NS NSePs
Price Extrapolation  0.598***  0.354***
(0.00829) (0.0181)

Buy Performance -0.149***  -0.235***
(0.0105) (0.00956)
Late 0.0328***  0.0935***
(0.00405) (0.00607)
Quarter FEs Yes Yes Yes Yes Yes Yes
Observations 178941 177647 159322 158202 127804 126867

Table 7: Correlates of NS with other measures of overreactiveness

Notes: Table 7 correlates investors’ news sensitivity with other investor characteristics. The price extrapolation and
buy performance of an investor are defined by Equation (29), which measures the average past year returns of stocks
bought by the investor and their benchmarked future 4-quarter returns. Lastly, the late measure is defined by Equation
(30), which reflects the tendency of an investor’s trading to lag past institutional flow. See the main text for more
details. Observations are at the investor-quarter level. Columns (1), (3), and (5) show the correlation between the three
measures with the main NS measure, defined in Equation (23), where we add in quarter fixed effects. Columns (2),
(4), and (6) show the correlation between the three measures with an alternative NS measure, computed from EPS
surprises, as defined in Equation (22). Standard errors are two-way clustered at the investor and quarter level and
reported in parentheses. *** p<0.01, ** p<0.05, * p<0.10.
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Past returns  Curr. returns  Industry Sales growth EPS growth
(1 2) 3) “4) &)
Positive news 0.831*** 0.281*** 0.481*** 0.8417** 0.782***
(0.0499) (0.0453) (0.0907) (0.0506) (0.0514)
Price var. -0.0547 0.959***
(0.0611) (0.0922)
Positive news X price var. 0.184** 0.243***
(0.0590) (0.0561)
Nonprice var. 0.584 -0.0184 -0.0542
(0.374) (0.0436) (0.0427)
Positive news X nonprice var. 0.193** 0.140** 0.0930**
(0.0396) (0.0531) (0.0466)
Lagged return and score controls No Yes Yes Yes Yes
Quarter-industry FEs Yes Yes Yes Yes Yes
Observations 92567 92567 91855 89104 67165

Table 8: Holdings gap response (BPs) to positive earnings announcment (t-1 to t+1)

Notes: Table 8 shows the estimates of Equation (32), which predicts the 2-quarter response in the holdings gap (the
change in the level from quarter # — 1 to # 4 11) to the price and non-price characteristics of the announcement in
quarter t, including quarter-by-industry fixed effects and (other than in Column (1)) controlling for t — 1 level of the
holdings gap and the past 4 quarter log returns. Observations are at the stock by quarter level. The independent
variables include positive,;, the indicator for whether stock s has a positive announcement in quarter ¢, price,,, the
price variable of stock s as of quarter ¢ and their interaction positives; X price;, as well as Z ;, the non-price variable
of stock s in quarter ¢ and the interaction positives,t X Zs,t. In Column (1), price;, is cumulative log returns over
quarters t — 4 to t — 1, while in Column (2), prices, is the log return in the announcement quarter . In Column (3),
Z, is the performance of industry winners, defined as the average top decile 4-quarter returns of stocks in the same
3-digit SIC industry as s. In Column (4), Z;; is the past 4 quarter sales growth of s. In Column (35), Z, is the past 4
quarter EPS growth of s. Standard errors are clustered at the quarter-by-industry level, where we cluster at the level of

2-digit SIC code. *** p<0.01, ** p<0.05, * p<0.10.
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A Proofs

A.1 Derivation for the static model

To simplify the derivation, we prove the following lemma that derives the correspondence between

the price-news relationship and the momentum-reversal coefficient.

Lemma 3. Let the fundamentals V be distributed according to the prior distribution centered
around 0 with variance T, L. Given n =V + & with Var|e] = t; ',and prices given by the linear

equilibrium: p = WO - n, the expected returns is given by:

Te
TV + Tg

E[V—plp] = ( (p*) ' - 1) p (34)

Proof. By properties of normal random variables, it suffices to compute the covariance of V and
p. as well as the variance of p. By assumption, the variance of p is given by (y°)? - Var|n], where

Varln] = 7,;' + 17 !. Second, the covariance of V and p are given by:
Cov(V,p) =y°-Cov(V,V+¢)=vy". 1, (35)

Thus, one can evaluate the expected value of V conditional on p:

Cov(Vip) .\
Var|p] 1)

0, .1
(wo;@v—fﬂ ©l) 1) v e

Te 0y—1
—1].
(vaw ) .

as desired. O]

E[V—p|p]=(

Thus, to prove Lemma 1, it suffices to derive the expression for y, the news-price coefficient.

This follows from the market-clearing condition:

Lop=(1-2) 4 (G on— (0 + w)p)+ o (1 + @)+ B (s)-p— (7 +%)p)

A (37)
= 5 (120 (s))Ten+ 2 23 (s) - p = (W + Te)p) -
Rearranging, one obtains:

pP= v+ Te + AL — x P (s) '
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Thus, Lemma 3 immediately implies Lemma 1.
To derive Lemma 2 and Proposition 1, one can simply impose market-clearing and plug in the

expression for rational demand to obtain:

D% — (1 —yx)D* pDrat 1 Ten— (Ty + 7T
GaPSZX_s ( X)_st:1_2<1_%) s :1_2(1—){)— 3 (V £)p
xD% + (1 —x)Dre L-p A L p )
1
=1-2(1-%)47 (tey; ' — (v + 1)),

which immediately implies Lemma 2. One can obtain Proposition 1 by inverting the above expres-

sion to have y; as a function of Gap, and applying it to the expression in Lemma 1.
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A.2 Derivation for the dynamic model and proof of Proposition 2

Diagnostic demand Consider the equilibrium in which all investors are diagnostic, with no price
adjustment frictions (in other words, diagnostic investors do not think there are rational or sluggish
investors as well). Suppose that diagnostic investors extract a signal of value F° (po:) of precision
’cﬁp from public prices. Diagnostic expectations implies that they overreact to both the learning

from prices and signals, which implies that the diagnostic demand function is given by:

Diagnostic expectations of fundamentals
7\

Ve

De(ni,tapl) = (1+6) (Tel : (n,~7,/t) +7 0 'FQ(PO:1)> —(tv+Te+ Ttpﬂ)Pt- (40)

In other words, F®(py.) is the signal that the diagnostic investors would infer from the prices prior
to overreacting to it.

Aggregating across diagnostic investors, market-clearing implies the following price equation:

1+ 6,)7"° 1+ 6,) Tt A
pt:(—s‘)teFe(pO[)_F ( 5‘) € ev_ peq[. (41)
Tv—|—T8—|—Tt7 TV+Tg+Tt7 TV+T5+Tt7

From the above, one can solve using continuous-time Gaussian updating to obtain:

o (1462121,
T = (42)
and )
, o+ zer (14 2 ER)
(1+9)F (p():l‘) = (1+9 )2T T Pt (43)
(1 (225)
which immediately implies the expression for oversensitive demand, as desired.
Rational demand The diagnostic asset demand function is thus given by:
1
D (nis,pr) = A ((1 + 0,) Tet (i /1) +<I>2 -pr— (v + Td)Pt) . (44)

The rational agent obtains two independent signals involving the fundamentals V: one from the
public price path, which is of value F(py. ) with precision 7/, and the other from the idiosyncratic
news signal, which is centered at V with precision 7¢ -f. Thus, Bayesian normal updating and

CARA investor demand implies:

1
D" (njs, pr) = N (Tet (nig/t) + 17 - F(pos) — (Tv + Tet + sz)Pt) (45)
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Market clearing then implies the following equilibrium price function:

1—y)7’ 1+ x6,)Tet A
pr = %F(POJ) + %V — ?% = a:F (po:) +b;V — cqy, (46)
t t t

where & = AL+ 1y + Tef + (1 — )7/ — 8.

Denote & = f—_; = w. Rearranging the above into a differential form, one obtains:
a 1+ x6;)7
d (? — C—tF(PO:z)> =[d& -V —dg] = (IQZ—S)ECZI - Uy, (47)
t t

where v; =V — % is the marginal independent signal of V obtained from prices at time ¢,
of precision Var[%]_1 =(1 +)(9s)2’v§%dt.

Gaussian updating implies that F (pg.;) evolves according to the following differential equation:
d (1} -F(pox)) = dt} - vp. (48)

This can be viewed as the continuous time version of standard Gaussian updating of independent
normal signals, where the posterior is given by the weighted average of each signal by its pre-

cision. Given that the marginal signal is of precision (1 + )(93)213%

dt, integrating across time
immediately implies:

T
7 = (1 +x€s)2r§A—‘;t. (49)

Rearranging Equation (48) yields

A Pt a4
— —dlE—-ZF(py,) ). 50
s (14 x65)Tedt (c, ¢ (po.:)) (50)

We then plug the above expression into Equation (48), and obtain:

1 eS € t 1
a(f Fpua) = D (P ). (51)

Integrating both sides and simplifying yields the following expression for F(po. ), the value of
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the public signal obtained from the price path pg.:

L+ 26)m “F(po) = (& B &F(Po;t))

A Ct  Ct
1+ x0) Tt \ !
— F(PO:t) — <QI+HCTS)£CI) D
AL+t 4 Tet + (1 )7 — XD (52)

Pt

(1— )77 + (1 + x6,)Tet
AL+ 1y — x P8 — 16,7t

(1+ x6;)Tet (1 +(1 —;OW?#)

Pt-

Thus, we obtain that the signal of fundamentals given the entire price path po., only depends on
the current price p;.

Furthermore, setting @ = (F(po.1)/p: — 1) - 7/, one obtains:

(14x65) 7Ty

q)rat — A? . [AL+ Ty —XCIDG —xe Tgt] . (53)
P (1) e

Plugging the above expression into Equation (45) yields Proposition 2.
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A.3 Momentum-reversal coefficient, holdings-gap, and the proof of Proposition 3

Recall that we have the following pricing equation:

1—x)t’ 1+x65)Tt , A
Pt = %F(Po:z) + %V — —=q = a&;F(pos) + bV —ciqr. (54)
T T T
Inverting the pricing equation, one obtains:
1+ x65)7eT,
pi = (1+(1—x)%) (b:V —c1q). (55)
One can then compute the return predictability coefficient 3, = %@i’)’p’) using the above pricing

UHLO%% 70 — (14 105)Te, and & = AL+ 1y + Tet + (1 — )7/ — DY,

Then, the momentum-reversal coefficient 3, is given by:

equation. We denote J =

_ Cov(V—pi,pt) J(ty + AL — x 6,7t —xcbfi) —(I+(1=x))v

B = = - (56)
Var(p;) (I+(L—=x)J) [JTet + 1v]
Suppose we have sufficiently high investor sluggishness, as given by:
A
L> 4 (57)

(1+x65)TeT,

Lemma 4. Assume L is sufficiently high, as given by Equation (57). Then, lim;_, ; > 0: there is

initial momentum. As t increases, there exists a t* such that B; < 0 if and only if t > t*. Finally,

X 65
T (1=0)) (1+ 65

B; is bounded as t — . In particular, lim; . By = — (
B < 0.

7= Bw. In particular, —1 <

Proof. To investigate the dynamics of f3;, note that rearranging the numerator above, we find that
B < 0 if and only if:
AL+ (22 1) g
AZ+(1+464)27Te Ty v
X657

The above inequality is binding as long as L is sufficiently large, and it is trivial to see that the

<t. (58)

assumption in Equation (57) is sufficient to ensure f; > 0 for t = 0 and B, < O for r > t* =
xA? _ g1
AL+(A2+(1+9X)2187:¢1 J W
X 057e
To obtain the long-run dynamics of f3;, note that Equation (56) immediately implies:

, as desired.

. o WAL - _ 29
WP T - ph% U+ (-0)(1 200" (59)
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as desired. ]

Next, to see whether the holdings gap is above or below Gap” = 2 — 1, we compare the total

rational versus diagnostic demand. Note:
Hrat 214 1 rat 0
E[D™ —D"|py, 0, = A ((q)p,t - q)p) - 978“%) Dt (60)

where 1, = 1+ B = E[V|p;, 65]/ p;. In other words, whether Gap, = %

2x — 1 if and only if

is greater than

(@4 — DY) < OTetn. (61)

Lemma 5. Continue to assume that L is sufficiently high, as specified by Equation (57). Then,
as t goes from ( to oo, CD% - CI)2 is a decreasing affine function in t which goes from positive to

negative.

Proof. First, we compute the asymptotics of CID% —®jast—0.

(14 x65)TeTy - [AL+ 1] — (A% + (1 + x 65) T T,) DY

li cI)ral _q)e — p ) 62
w50 PP A2+ (1—x) (14 x65)TeTy (02)
The above quantity is positive if and only if:
5 (1+64)7e1,

(14 x65)Tety- [AL+ 7] > (A= +(1 +x95)fgrq)A2+ ( +6s>2TgTqTV
63
(1465)> — (14 x6y)) TeTy Aty (63)

<~ L> 3 2 .

A%+ (1+6)%Te1y (14 x65) 7T,

The last inequality clearly follows from our assumption of the lower bound of L in Equation (57).
To conclude, note that CIDg is constant in ¢, and @;‘g is a monotonically decreasing function in ¢,
and is in fact an affine function in 7. Consequently, the term @;‘fﬁ — ng decreases linearly in 7 and

eventually becomes negative, as desired. [

To summarize, we have the following necessary and sufficient condition for there to be rever-

sals, as well as a greater tilt towards oversensitive investors:

61:t>AL—|—< %Az A2 )1:
XOsTe A2+ (14 65)2Tet, (14 x05)TeT, v

(14 265)TeTy - [AL+ Ty — x 6,Tet] — (A% + (1 + 1 6,) Te T,) DY
A2+ (1—x) (14 x65)Tey

(64)

Ofglnt >
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Cross-sectionally, when one varies 6y, the first condition is clearly satisfied as 6; becomes suf-
ficiently large. For the second condition, note that Lemma 4 implies that the RHS of the sec-
ond condition converges to a negative linear function in 6;, while the RHS is positive, given that
1 = 1+ B; > 0. In terms of dynamics, combining Equation (61) and Lemma 4 and 5 immediately
implies short-run momentum/long-run reversals as well as the dynamics of the holdings gap, as

desired.
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A.4 Time-varying price extrapolativeness and proof of Corollary 1

. . e . Cov(D? (nj;,pos),
We compute the difference in the momentum tendency of oversensitive investors Extrapte — CovDy (nis:pou).pr)

Var(pi]
rat (., .
and rational investors Extrap, = COV(D’V(n”“p 01):21) 45 a function of time.
arlpi]
Note:
Extrap? — — D0 — (1 + 1) + DY, - (65)
Py = A D Vv £ n,t LR

where 1, = Cx%(r‘[;ﬁt)' In other words, the price extrapolativeness of an investor depends on @9, the

direct learning from prices, Ty + T¢t, the standard price effect on demand, and @27, -1y, the endoge-
nous momentum, which results from investors inferring value from their private signals, which is
correlated with the contemporaneous price increase. Analogously, the momentum tendency for

rational investors is given by:
1
Extrap/” = 1 (CI);ﬁ — (v + Tet) + dD,rft’ . nt) ) (66)

First, consider ¢ to be sufficiently close to 0. In that case, the momentum tendency of oversen-

sitive investors converges to:

1 A?
lim Extrap? = —— v | <0 67
10 P A (A2+ (14 65)27e 7, v ’ ©7)
which is negative. Intuitively, by assumption oversensitive investors are not aware of the pres-
ence of sluggish investors. Consequently, early on in the momentum process, where there is no
information either in prices or news to overreact to, they do not display momentum behavior.

In contrast, the price extrapolativeness of rational investors converges to:

i 1 (1+ x65)7eT, (14 6,)°7eT,
lim Extrap’® = — 4 JAL+ [ 1-— 4 —
PR A<A2+(1—)¢)(1+195)r8rq | +( XA2+(1+GX)21'81}, Wl
1 X
<[ —A — Ty.
[(1+x@s)rg7:q A2+(1+95)21'grq] v

(68)

; A
In other words, if L > (ESTAE v,

off of the sluggishness of investors that do not react to any information, as proxied by L.

rational investors engage in early-stage momentum, profiting
Next, we analyze the asymptotics of Extrapte and Extrap/* as r becomes sufficiently large. For

oversensitive investors, we have:

x(1+6,) 1

: >0,
1+ x6; 1+(1—x>(1+x9s)fefq/A2>
(69)

Extrap? = Tt (14 65) Mo — 1 4 0(1)) = 116 <1 -
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where the last inequality follows from 1+ 6 > x(1+ 6).

In contrast, for rational investors, we have:

(70)

6,(1+ %8
Extrapf“’=fet-(nm—1+o(t) 205(1+10)7e Ty ) 0.

A (1) (14 x6)TeTy

where the last inequality follows from Lemma 4 with . < 0, as desired.
Lastly, given that Extrap,e and Extrap/® are asymptotically linear functions of 7 that are in-
creasing (decreasing) in 7, one immediately obtains Extrap® = 1/T ftExtrap,e dt > Extrap™ =

1/T [, Extrap;“dt if T is sufficiently large.
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B Additional Figures and Tables

Correlates of investor score
News sensitivity vs. investor characteristics

Portfolio momentum quintile Portfolio BTM quintile
Correlation: .199 Correlation: -.185
3.8 o 2.8
2.6
3.6 .
— . ° 2.4
3.4 . e °
L) 22
3.2 hd 2
T T T T T T T T T T T T
0 2 4 .6 8 1 0 2 4 6 8 1
TTO TTO
Portfolio return Churn ratio
Correlation: -.001 Correlation: .117
-.002 .. . 35 .
-004 c. .t ctc. 3
-.006 L ., 5
-.008 ®
-.01 . 2
-.012 . .15
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0 2 4 6 8 1 0 2 4 6 8 1
TTO TTO

Figure Al: NS vs styles, returns, and volume

Notes: Figure Al presents a binned scatterplot of the investor-level correlation between an investor’s news sensitivity
and other alternative measures. The portfolio momentum quintile is the dollars-weighted average momentum quintile
of stocks held by the investor. The portfolio BTM quintile is the average book-to-market quintiles of stocks held by the
investor. The portfolio return is the average returns (computed from quarterly holdings) of the investor, benchmarked
to size, value, and momentum benchmarks. Finally, the churn ratio is the share of total holdings that an investor
changes to a different asset each quarter. All variables are first demeaned at the quarterly level and then averaged
across all quarters that the given investor is in the 13F. Observations are at the investor-quarter level.
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Percentage of stocks with run-up episodes
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Figure A2: Percentage of stocks with run-up episodes

Notes: Figure A2 displays the proportion of stocks experiencing a run-up episode each quarter from 1980 to 2020,
where a run-up episode is defined as a stock experiencing greater than 100% returns in the past 4 quarters.
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Figure A3: Return predictability in bubbles

0.00

Stock returns (%)
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(a) Return Predictability: Momentum Episodes (b) Return Predictability: Crash Probability

Notes: Figure A3a displays a binned scatterplot of the future 3-year return and the holdings gap for run-up episodes.
The holdings gap is defined following Equation (25). Observations are at the stock-quarter level. Figure A3b displays
a regression line of the crash probability and the holdings gap. Crash probability is an indicator variable for whether
the stock had a three-year future return lower than —40%. Observations are at the stock-quarter level.

73



Holdings gap response to positive eamings announcment Holdings gap response to positive eamings announcment Holdings gap response to positive earnings announcment
By industry top decile returns By sales growth By EPS growth

(‘ H“l H‘Z +3 t+4 % N‘l (+‘2 l+‘3 H‘-4 ) i H" 2 H‘G (4‘4
Quarter Quarter Quarter
(a) Industry winner returns (b) Sales Growth (c) EPS Growth

Figure A4: Response of holdings gap to non-price information

Notes: Figure A4 shows the estimates of Equation (32), where we regress the change in the holdings gap from quarter
t — 1 to quarter ¢ + h from i = 0 to h = 4 to the non-price characteristics of the announcement in quarter #, controlling
for the past 4 quarter log returns and including quarter-by-industry fixed effects. In Figure A4a, the non-price variable
is the performance of industry winners, defined as the average top decile 4-quarter returns of stocks in the same 3-digit
SIC industry as s. In Figure A4b and Figure A4c, we use the past 4 quarter sales growth and earnings-per-share growth
of 5. The dotted lines show the standard errors, which are clustered at the quarter-by-industry level, where we cluster
at the level of 2-digit SIC code.
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Change in holdings gap around negative earnings announcement
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Figure A5: Change in holdings gap around negative earnings announcement

Notes: Figure 5 plots the regression coefficient 3, of the regression specification in Equation (31), which traces out
the change in the holdings gap measure of stocks with a negative earnings announcement in quarter ¢, controlling for
quarter fixed effects and unconditional autocorrelation in announcements (indicators for having a negative earnings
announcement in quarters ¢ —4 to t1). The dotted lines represent the 95% confidence interval around each estimate of

B
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1(I1A) 0.07**

(0.01)
1(Others) 0.04
(0.02)
1(PIE) 0.04***
(0.01)
In(AUM) 0.01"**
(0.003)
Quarter FEs X
Observations 52,087
R? 0.02

Table A1: Other investor characteristics associated with news sensitivity

Notes: Table Al correlates the investor news sensitivity, as defined in Equation (23), with other investor character-
istics. 1({IA) is the indicator for whether an institution is an investment firm, 1(P/E) is the indicator for whether an
institution is an pension or insurer, 1(Others) is the residual indicator. The coefficient compares the average news
sensitivity of these institution groups to the final category, which are banks. AUM is the asset under management of
these institutions. Observations are at the institution by quarter level, and we include quarter fixed effects as controls.
** p<0.01, ** p<0.05, * p<0.10.
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Long NS Long P&L
(1) 2) 3) “) (&) (6) (7 (8)
Ep Ep Non-ep  Non-ep Ep Ep Non-ep Non-ep
Alpha (%) -0.105***  -0.109**  -0.0224 -0.00761 0.0698***  0.0552* 0.0585"** 0.0448**
(0.0366) (0.0454) (0.0166) (0.0189) (0.0247) (0.0319) (0.0195) (0.0191)
Market 0.432**  0.441* 0.0453 0.00740  -0.234**  -0.197 -0.121 -0.0855
(0.188)  (0.182) (0.0814) (0.0629)  (0.108) (0.122)  (0.0822) (0.0729)
Size -0.253*  -0.254*  -0.0371  -0.0402 0.111 0.108 0.0345 0.0374
(0.129)  (0.132) (0.0686) (0.0565) (0.119) (0.115)  (0.0622) (0.0523)
Value -0.176 -0.149  0.0303  -0.0952 0.200 0.307 0.375%*  0.492***
(0.172)  (0.270) (0.0831) (0.0886)  (0.150) (0.214)  (0.0575) (0.0832)
Momentum 0.0366 -0.172 0.144 0.159*
(0.286) (0.108) (0.184) (0.0856)
Observations 115 115 121 121 115 115 121 121

Table A2: Long-short portfolio returns double-sorted by NS and P&L

Notes: Table A2 compares the 4-quarter abnormal returns of a long-short portfolio of a purged NS portfolio to that of
a purged P&L portfolio. The returns of the purged NS and P&L portfolios are given by Equation (71). Columns (1),
(2), (5), and (6) show the performance of the two portfolios in run-ups, where the sorted portfolios in Equation (71) are
constructed using stock-quarter pairs s, where s has experienced a run-up (greater than 100% returns) from quarters
t—4tot—1. Columns (3), (4), (7) and (8) show the unconditional performance of the portfolios, constructed using
the remaining stock-quarter pairs. For columns (2), (4), (6), and (8), we compute abnormal returns by regressing the
4-quarter returns of the two portfolios on the 4-quarter returns of market, which is the CRSP value-weighted portfolio,
size, value, and momentum, which are constructed based off of stock-level characteristics (Fama and French, 1993;
Carhart, 1997) as of the given quarter and held fixed for the next four quarters. For the remaining columns, we do not
control for the momentum factor. The regressions are run at the quarterly level. Standard errors are estimated using

the Newey-West method with a lag of four and are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.10.
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Long NS Long Buy Performance

(1 2) 3) “) &) (6) (7) 8)
Ep Ep Non-Ep  Non-Ep Ep Ep Non-Ep  Non-Ep
Alpha (%) -0.110"*  -0.130***  -0.0212 -0.00888 0.115*** 0.130** 0.0533** 0.0389*
(0.0356) (0.0466) (0.0158) (0.0177) (0.0324) (0.0509) (0.0206) (0.0204)
Market 0.426**  0.480™*  0.0291 -0.00230 -0.250** -0.290** -0.0926  -0.0557
(0.172) (0.177)  (0.0743) (0.0577) (0.104) (0.146) (0.0812) (0.0705)
Size -0.309**  -0.310"* -0.00982 -0.0125 0.335** 0.336"*  0.0531 0.0562
(0.144) (0.152)  (0.0657) (0.0560) (0.148) (0.155) (0.0654) (0.0558)
Value -0.243 -0.0833  -0.0158 -0.120  0.301* 0.186  0.308"* 0.431***
(0.148) (0.206)  (0.0711) (0.0800) (0.146) (0.236) (0.0520) (0.0804)
Momentum 0.210 -0.142 -0.152 0.167*
(0.239) (0.0992) (0.258) (0.0924)

Observations 117 117 121 121 117 117 121 121

Table A3: Long-short portfolio returns double-sorted by NS and Buy Performance

Notes: Table A3 compares the 4-quarter abnormal returns of a long-short portfolio of a purged NS portfolio to that
of a purged Buy-Performance portfolio. The returns of the purged NS and Buy-Performance portfolios are given by
Equation (71), where one replaces P&L with an investor’s buy-performance measure, as defined in Equation (?7?).
Columns (1), (2), (5), and (6) show the performance of the two portfolios in run-ups, where the sorted portfolios
in Equation (71) are constructed using stock-quarter pairs s, where s has experienced a run-up (greater than 100%
returns) from quarters t —4 to t — 1. Columns (3), (4), (7) and (8) show the unconditional performance of the portfolios,
constructed using the remaining stock-quarter pairs. For columns (2), (4), (6), and (8), we compute abnormal returns
by regressing the 4-quarter returns of the two portfolios on the 4-quarter returns of market, which is the CRSP value-
weighted portfolio, size, value, and momentum, which are constructed based off of stock-level characteristics (Fama
and French, 1993; Carhart, 1997) as of the given quarter and held fixed for the next four quarters. For the remaining
columns, we do not control for the momentum factor. The regressions are run at the quarterly level. Standard errors
are estimated using the Newey-West method with a lag of four and are reported in parentheses. *** p<0.01, ** p<0.05,
* p<0.10
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Positive announcement Post-announcement change in holdings gap

(1) 2) 3) “)
Positive Positive A gap,t-1tot A gap, t-1 to t+5
A gap, t-9 to t-1 -0.0395**
(0.0186)
A gap, t-5 to t-1 -0.0381
(0.0239)
Positive announcement 0.00482*** 0.0100***
(0.000340) (0.000947)
8Q lagged return control Yes Yes Yes Yes
Quarter FEs Yes Yes Yes Yes
Observations 80148 86063 89919 79429

Table A4: Holdings gap around positive earnings announcement

Notes: Table A4 shows the predictive version of Figure 5, which shows that around the release of positive news,
the holdings gap decreases (rational investors increase their shares) prior to the announcement, and increases after the
announcement. Observations are at all stock-by-quarter pairs (s,7) for stock s having an annual earnings announcement
in quarter 7. In Columns (1) and (2), we regress positive, ,, the indicator of stock s having an earnings announcement
with positive 10-day window returns, on the change in the holdings gap from quarterst —9tot—1lort—5tot—1,
with a negative coefficient indicating that a decrease in the holdings gap predicts future positive announcements. In
Columns (3) and (4), we regress future changes in the holdings gap, from quarters t — 1 tot ort — 1 to  + 5, on the
indicator positive,,. A positive coefficient implies that a positive earnings announcement predicts a rise in the holdings
gap, or an inflow of oversensitive investors. In all regressions, we control for lagged stock returns and quarter fixed
effects. Standard errors are clustered at the stock-by-quarter level and reported in parenthesis. *** p<0.01, ** p<0.05,
* p<0.10
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Past returns  Industry  Sales growth EPS growth
(1) 2) 3) 4

Positive announcement 0.228*** 0.0164 0.265*** 0.187***
(0.0513) (0.105) (0.0483) (0.0442)

Price var -0.0768
(0.0683)
Positive X Price var 0.251***
(0.0615)
Non-Price var. 0.554 0.0202 -0.0503
(0.376) (0.0464) (0.0435)
Positive X Non-Price var. 0.146*** 0.114* 0.108**
(0.0467) (0.0522) (0.0477)
Lagged return and score controls No Yes Yes Yes
Quarter-industry FEs Yes Yes Yes Yes
Quarter t return control Yes Yes Yes Yes
Observations 92567 91855 89104 67165

Table AS: Holdings gap response (BPs) to positive earnings announcment (t-1 to t+1)

Notes: Table AS shows the estimates of Equation (32), which predicts the 2-quarter response in the holdings gap
(the change in the level from quarter # — 1 to £ 4-11) to the price and non-price characteristics of the announcement in
quarter t, including quarter-by-industry fixed effects and (other than in Column (1)) controlling for t — 1 level of the
holdings gap and the past 4 quarter log returns. The quarter ¢ return is also included as a control. Observations are at the
stock by quarter level. The independent variables include positives, ¢, the indicator for whether stock s has a positive
announcement in quarter t, prices,, the return of stock s as of quarter ¢ and their interaction positivey; X price;, as
well as Z;;, the non-price variable of stock s in quarter ¢ and the interaction positives; X Zy;. In Column (1). In
Column (2), Z,, is the performance of industry winners, defined as the average top decile 4-quarter returns of stocks
in the same 3-digit SIC industry as s. In Column (3), Z;, is the past 4 quarter sales growth of s. In Column (4), Z, is
the past 4 quarter EPS growth of s. Standard errors are clustered at the quarter-by-industry level, where we cluster at
the level of 2-digit SIC code. *** p<0.01, ** p<0.05, * p<0.10.
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C Accounting for factor investing in news sensitivity

In this section, we decompose the persistence of our measure into one that can be attributed to
a particular investment style (momentum, size, and value), and one that is more idiosyncratic to
the investor. Holding fixed a given period [t,7 + h], we run the following pooled regression, for

0 < k < h, across all investors and quarters:
NS ik = Ok +NSi 110+ €y

with @, the quarter fixed-effect and JT/S‘,-’H,H, capturing investor i’s NS during [¢,7 4 h]. We also

measure investor i’s average exposure to value, momentum, and size factors over the same period:

h—1 . .
_s[yle o 1 Z ZSHZ,SJ‘FIC StyleSJJrk

- , style € {Val,Mom, Size},
k:0 ZS Hi7s7t+k { }

itot+h = g

where H; s, is the holdings of asset s by investor i in quarter 7 and style,, is the style quintile of

stock s in quarter ¢.
. . s . . . —style
We run a cross-sectional regression of NS;; _,;p, investor i’s NS in ¢, + h], on My OVEr

all investors in the period:

—~ s — residual
NSitstvn = Z ﬁsmj,z—>t+h +NS; i
se{Val,Mom,Size}

. —style o .
The fitted value of the regression, NS * = ¥ (var Mom.Size} ﬁsmj (—1h» €an be interpreted as the

investor’s NS attributable to her loadings on the three factors. The residual of the regression,
—residual . . .
Sit _>,u+h, is then the residual component of NS. We can then decompose the persistence in NS by

—residual

— styl
those attributable to style (NSSty e) and the residual (NS;, ;. p):

—~ —~ —style —style
Cov(NSis—t+n NSisthsi+2n) = COV(NSi,t%t+h NSt hsiront

-~

Persistence driven by style

—~residual —~residual
Cov(NS; ;s> NSi t4hsr+2n) + Cross terms.

~
Residual persistence
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Style Cov. Fraction 0.165
Residual Cov. Fraction | 0.555

Table A6: Persistence of investor score FE

Table A6 shows the results of the decomposition. The factor loadings of the investor account
for roughly a quarter of the persistence of our measure, with a substantial component of persistence

not attributable to a fixed investment factor.
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D Trading strategy in price run-ups

Trading strategy To ensure that our return predictability results have incremental predictive
power beyond standard priced risk factors, we complement our baseline regression results with a
portfolio-based predictability exercise. For each quarter ¢, we form an equal-weighted long-short
portfolio based on stocks that have run up by more than 100% in the past 4 quarters, where we sort
the stocks into quintiles of Gap, ,. We take as the long leg the set of stocks in the highest quintile,
and as the short leg the set of stocks in the lowest quintile. We then compute the subsequent 4-
quarter returns of the portfolio, and measure its alpha with respect to size, value, and momentum
factors, as constructed by Fama and French (1993) and Carhart (1997).

One potential concern regarding this standard approach is that the horizon of return predictabil-
ity (4 quarters) can be longer than the rebalancing frequency of the factor portfolios.*® In particular,
this implies that the 4 quarter returns of a momentum portfolio is systematically different from the
4 quarter returns of a high momentum stock, the latter being a more reasonable benchmark to
compare to the 4-quarter returns of our episode stocks. Thus, we also construct our own Fama and
French (1993)-like portfolios that explicitly track the 4-quarter forecasting horizon. In particular,
for each quarter ¢, we form long-short portfolios based off size, momentum, and value constructed
in a similar was as the Fama and French (1993) and Carhart (1997) portfolios.

In particular, we follow the exact same conventions as Fama and French (1993) and Carhart
(1997) in performing the characteristic-specific sorts. For value and size, these are based off
double-sorted portfolios using the median of size (market capitalization) and the tercile of value
(the market-to-book ratio). The long-short size portfolio is, on the long end, the equal-weighted
average of the three portfolios that include above-median size stocks, while the short end is the
equal-weighted average of the three portfolios that include below-median size stocks. The long-
short value portfolio is, on the long end, the equal-weighted average of the three portfolios that
include the upper tercile of value stocks, and on the short end, the equal-weighted average of the
three portfolios that include the lower tercile of value stocks. Finally, the momentum portfolio is
constructed in the same way as the value portfolio, but using portfolios that are double-sorted by
the stock’s size and previous twelve month returns (going back two months before 7.

We then compute the four-quarter return of these portfolios, holding fixed the composition of
the portfolios over the entire four quarters. We refer to these factors as 4Q-horizon factors.

Table A7 shows the estimated alpha of our the long-short overreaction portfolio. Column (1)
includes no factor portfolios, such that the constant measures the overall return on the portfolio. We
see that the unadjusted annual portfolio return is —8.6% and highly statistically significant (based

of Newey-West errors computed with a lag of four). Thus, consistent with the above regression-

4YWhile size and value are rebalanced every June, momentum is rebalanced every month.
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(1) 2 3) 4
Unadjusted Beta-adjusted FF factors 4Q-horizon factors

Alpha (%) -0.0860** -0.0791** -0.0794** -0.143**
(0.0343) (0.0340) (0.0352) (0.0651)
Market return -0.104 -0.131 0.0209
(0.255) (0.204) (0.245)
Size -0.185 -0.0889
(0.274) (0.160)
Value -0.359 -0.0913
(0.258) (0.348)
Momentum 0.116 0.282
(0.172) (0.302)
Observations 119 119 119 119

Table A7: Alpha of long-short extrapolative investor portfolios of stock run-up episodes

based predictability results, stocks with higher overreactive holdings experience significantly lower
returns over the next four quarters. Columns (2) and (3) show that our results remain similar
controlling for market returns and the Fama and French (1993) and Carhart (1997) factors. Finally,
Column (4) shows the alpha with respect to the 4Q-horizon factors that match our forecasting
horizon, which shows an even stronger underperformance of overreactive stocks. To summarize,
our measure can explain a substantial fraction of the variation in the returns of stock-level run-ups,
with greater overreactive holdings associated with greater long-run reversals and heightened crash

risk.
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E Opverreaction vs private information: constructing two portfolios

In this section, we describe in detail the construction of the informed investor measure and the

associated stock-level measure Gap” L.

Investor-level and asset-level measure We denote P&L,,,;, of investor i in quarter ¢ as her

quarter ¢ portfolio characteristics-benchmarked returns, defined as:

char adj
Rstt+1 -H, 851
P&Lraw,t}t = —7
Zsesi_, 0,5t

char adj .
s,t,t+1

quarter and H; s, is the holdings of investor i of stock s in quarter 7. In exactly the same procedure

where R, is the characteristics-adjusted return (Daniel et al., 1997) of stock s in the subsequent
as investor news sensitivity, we process the raw P&L measure by computing the 8-quarter lagged
moving average and taking the percentile rank among all investors. We then aggregate P&L;; in
exactly the same manner as Equation (25) to construct at the stock by quarter level the holdings

gap measure based on P&L, GapP &L

Orthogonalizing and comparing the two measures Given that our two holdings gap measures
are correlated, we need to orthogonalize each measure and construct two portfolios that separate
the predictability generated by overreaction, the “purged NS” portfolio, and that generated by
private information, given by the alpha of the “purged P&L” portfolio.

For each quarter ¢, we form a double-sorted portfolio with respect to the quintiles of both
measures, GapN 5 and We then form two long-short portfolios: one that takes the equal-weighted

mean of the five portfolios with GapN S,quint _

= 5 subtracted by the mean return of the five portfolios
with GapNS 44t _ 1 and the other that does the same but with Gapff‘L’q”im. Let r,(NS%, P&L") be
the 4-quarter returns of the portfolio with stocks in the a-th quintile of Gapjs\f ,S and b-th quintile of

Gapf &L Then, the 4-quarter returns of the two portfolios are given by Equation (71),

1] ]

NS = S Z (NS, P&LP) — r,(NS', P&LP)
s - (71)

et =< Z (NS, P&L’) — r;(NS*, P&L")

Intuitively, M5 (the “purged NS portfolio”) holds fixed the level of GapP &L and looks at the vari-
ation in Gaps > thus isolating the predictability generated by overreaction. Similarly, rP&L (the

“purged P&L portfolio”) isolates the predictability generated by information frictions.
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Analysis We perform the above portfolio formation for the stock-quarter pairs (s,7) where s is
experiencing a stock-level run-up (i.e. s has greater than 100% returns from quarters t — 3 to ¢), as
well as the residual stock-quarter pairs (s,7), which we call “non-episodes.” Table A2 shows the
performance of the two portfolios during run-up episodes and out of run-up episodes. Columns (1),
(2), (5), and (6) show the performance of the two portfolios in run-ups, while Columns (3), (4), (7)
and (8) show the performance of the portfolios out of run-ups. Table A3 reports analogous results
where we proxy investor informedness by her Buy-Performance measure, as defined in Equation
(27), which tracks the benchmarked returns of stocks bought by the investor. In all of our speci-
fications, while the underperformance of high overreactive holdings gap stocks is concentrated in

run-ups, stocks with a high informed-investor holdings gap unconditionally outperform.
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F Out-of-sample predictability analysis

In this section, we present an out-of-sample predictability version of the analysis in Section 5.
Instead of comparing the adjusted R” of the regression in Equation (33), we instead use the out-of-
sample R? defined in (Campbell and Thompson, 2008).

To see the explanatory power of our variables out of sample, we require a minimum training
window of 10-years, starting from 1990 in our sample. Then, for each quarter 7, we train a model
predicting returns based on our set of variables in Section 5.2. In other words, holding the set of

predictive variables Z fixed, we train our model using data up to quarter ¢ — 1:

Fsp41+2 = O —1 +%-1 'Zs,t’—lv (72)

where ¢’ <t — 3. Using the trained parameters (& _1, 1), we then predict

Foit1+2 = O—1+Fi—1-Zsy, (73)

for all stock s with positive earnings announcement in quarter r. Then, we compute the out-of-
sample mean square error of the model associated with Z, MSE(Z), by averaging the squared
errors (rs,,+17,+2 — fs7t+17t+2)2 across s and ¢ in our sample.

Following Campbell and Thompson (2008), we compare this to the mean square error using
past average returns, which we denote as MSEY¢/“! ' The out-of-sample R? of the model using

the set of variables Z is then given by:

MSE(Z)

2 —

(74)

Ret Gap | Industry Sales EPS 3 chars 3 chars +Gap
R? (BPs) 0.092 | 0.137 | 0.099 0.123 0.104 0.146 0.189
OOS R? (BPs) | —1.940 | 0.075 | 0.017 —0.016 —0.004 | —0.002 0.042

Table A8: Effect of non-price characteristics on R? of two-quarter return predictability regressions

Table A8 shows the resulting out-of-sample R? of each model in Section 5.2, along with the
in-sample adjusted R?> computed for the main text. Consistent with the existence of significant
in-sample bias, the out of sample R? is significantly lower than the in-sample R*> of our vari-
ables. Regardless, the holdings gap measure has a significant improvement to the out-of-sample
predictability, and outperforms the models only using the direct non-price information. Of the

non-price information, only industry is able to outperform the default model.
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G Late reaction or overreaction

In this section, we consider alternative measures of investor news sensitivity than the one defined
in Equation (23). In our main specification, we had defined an investor’s news sensitivity based
on her tendency to purchase stocks in quarter ¢ that have experienced positive news throughout
quarters ¢ — 3 to t. This combines two reactions: delayed reaction to positive news in quarters  — 3

tot — 1, as well as potential (contemporaneous) overreaction to positive news in quarter z.

Theoretical motivation In our full model, Corollary 1 implies a tight link between delayed
reaction to past news and overreaction to contemporaneous news. In a setting where a single
innovation in fundamentals V' is continuously revealed over time (empirically, this corresponds
to an innovation that is revealed through repeated positive news), oversensitive investors not only
overreact contemporaneously, but do so at a later stage of the price increase process, effectively
also reacting in a delayed manner to past information. Given the tight theoretical and intuitive link
between contemporaneous overreaction and delayed reaction to news, our main measure combines

the two forces.

Two alternative measures In this section, we explore separating out these two characteristics,
and investigate which characteristic drives our core empirical results, we define two close alterna-

tives of investor news sensitivity.

4
lagged
N;%4“ = Y Announcement Returns,, _,
h=1 (75)
N;7™"“"? = Announcement Returns,,

Then, one can construct in an analogous manner to Equation (21)

lagged
lagged ZNsJ 'vVi,s.,t
7.7t — .
raw,i Z‘/VLSJ

contemp
NScontemp o ZNs,t : ‘/Vl,s,t
rawigt T W; ’
Z i,s,t

NS

(76)

where W ;; > 0 is the amount purchased, in dollars, of stock s by investor i in quarter .

NSiZ‘fff? measures an investor’s tendency to purchase stocks that have had good news in the

contemp
raw,i,t

prior 4 quarters before quarter 7, while NS captures an investor’s tendency to purchase stocks
that have had good news in the same quarter. One can then obtain the final news sensitivity mea-
sures as well as the asset-level holdings gap measure in exactly the same manner as described in

Section 3.
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Next Year Returns

(1) (2) 3) “4)
Past 3 Year Returns 0.04
(0.03)
Past Returns 0.04** 0.07*** 0.05** 0.07***
(0.02) (0.02) (0.02) (0.03)
Gap —0.05"*  —0.04***
(0.01) (0.01)
Past Returns X Gap —0.04** —0.05*
(0.02) (0.02)
Gap (Buys) —0.03**
(0.01)
Past Returns X Gap (Buys) —0.05**
(0.03)
Observations 468,119 468,119 433,308 356,292
R? 0.14 0.14 0.14 0.16

Table A9: Momentum predictability using lagged news sensitivity

Notes: Table A9 reports the momentum of a stock conditional on the level of the holdings gap measure, given by
Equation (27). Past returns of the stock is given by the annualized average monthly returns of the stock for the past
12 months, excluding the recent month (Carhart, 1997). Gap is the percentile rank of the holdings gap measure using
lagged news sensitivity, as defined by Equation (75). Next year returns is the log returns of stock s from quarters
t+1 to t +4 inclusive. The observation is at the stock by quarter level, consisting of all stock-quarter pairs with
non-missing values of Gap with at least 6 months of returns as of quarter 7. Column (1) shows the baseline return
predictability without conditioning on the holdings gap. Column (2) shows our main specification, which indicates a
lower momentum coefficient for stocks with higher holdings gap. Columns (3) controls for the 3 year returns of the
stock. Column (4) replaces the holdings gap measure by the average news sensitivity of investors buying the stock
between quarters ¢ — 3 to ¢, standardized to its percentile rank across all stocks in quarter ¢. Standard errors are two-way
clustered at the stock by quarter level and are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.10
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Next Year Returns

(1) (2) 3) “4)
Past 3 Year Returns 0.04
(0.03)
Past Returns 0.04** 0.08*** 0.06*** 0.08***
(0.02) (0.02) (0.02) (0.02)
Gap —0.03***  —0.02**
(0.01) (0.01)
Past Returns X Gap —0.06"*  —0.06"**
(0.02) (0.02)
Gap (Buys) —0.02**
(0.01)
Past Returns X Gap (Buys) —0.08***
(0.02)
Observations 471,146 471,146 436,006 358,148
R? 0.14 0.14 0.14 0.16

Table A10: Momentum predictability using contemporaneous news sensitivity

Notes: Table A10 reports the momentum of a stock conditional on the level of the holdings gap measure, given by
Equation (27). Past returns of the stock is given by the annualized average monthly returns of the stock for the past
12 months, excluding the recent month (Carhart, 1997). Gap is the percentile rank of the holdings gap measure using
contemporaneous news sensitivity, as defined by Equation (75). Next year returns is the log returns of stock s from
quarters 7 + 1 to t +4 inclusive. The observation is at the stock by quarter level, consisting of all stock-quarter pairs
with non-missing values of Gap with at least 6 months of returns as of quarter ¢. Column (1) shows the baseline return
predictability without conditioning on the holdings gap. Column (2) shows our main specification, which indicates a
lower momentum coefficient for stocks with higher holdings gap. Columns (3) controls for the 3 year returns of the
stock. Column (4) replaces the holdings gap measure by the average news sensitivity of investors buying the stock
between quarters  — 3 to ¢, standardized to its percentile rank across all stocks in quarter #. Standard errors are two-way
clustered at the stock by quarter level and are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.10.
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Tables A9 and A10 show that our main results of momentum predictability remain robust to our
choice of the news sensitivity measure. Both versions of the holdings gap measure of overreaction

can modulate the degree of momentum, even after controlling for longer horizon past returns.

Next Year Returns

(1) (2) 3)
Past Returns 0.07*** 0.08*** 0.08***
(0.02) (0.02) (0.02)
Lagged Gap —0.05"* —0.05"**
(0.01) (0.01)
Past Returns X Lagged Gap —0.04** —0.01
(0.02) (0.02)
Contemp. Gap —0.03*** 0.002
(0.01) (0.01)
Past Returns X Contemp. Gap —0.06"*  —0.06***
(0.02) (0.02)
Observations 468,105 468,105 468,105
R? 0.14 0.14 0.14

Table A11: Horse race between our two news sensitivity measures

Notes: Table All reports the momentum of a stock conditional on the level of the holdings gap measure, given
by Equation (27). Column (1) uses the lagged news sensitivity and Column (2) uses the contemporaneous news
sensitivity to construct the holdings gap. In Column (3), one includes both versions of the holdings gap in the predictive
regression.

Table A11 compares the degree of predictability of the two measures. The interaction term,
i.e. the gap in momentum coefficients between the least and most overreactive stocks, is larger for
the holdings gap measure built based on contemporaneous response to news. Column (3) shows
that when one predicts future returns using both measures, most of the predictive power goes to
the interaction term using the contemporaneous holdings gap measure. However, given the high
correlation between the two gap measures, as well as the low frequency of both our holdings and
news measures, our ability to separate the relative contribution of delayed and contemporaneous

overreaction remains limited.

Relationship with post-earnings-announcement-drift We document in Section 4.3 that over-
sensitive investors, who tend to buy stocks that have had high earnings returns in the same quarter,
have lower benchmarked returns on their purchases. On the other hand, the evidence on post
earnings announcement drift (Bernard and Thomas, 1989) documents the outperformace of buy-
ing stocks that have had positive earnings surprises. To reconcile these findings, note that most

of the earnings announcement drift returns accrue in a horizon of 10 days to a month after the
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event, while our “contemporaneous” purchases occur over a lower frequency of a quarter. Hence,
our oversensitive agents need not be agents that respond immediately following the earnings an-
nouncement, but rather enter later on and earn lower returns. The fact that our results hold using
lagged news sensitivity is consistent with the finding that investors with high news sensitivity tend

to also respond later to older news.
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H Investor response to negative news

In this section, we analyze the predictability of our holdings gap measure focused on cases of
negative news. We document significant asymmetry in our results compared to the case of posi-
tive news, and sketch an extension of the theory that incorporates short-sales constraints that can

account for this asymmetry.

Negative stock episodes First, we perform an analogous exercise of episodes of extreme nega-
tive returns, where we define a negative episode as a period in which a stock experiences lower
than —60% returns over 4 quarters, which corresponds roughly to reverse percentile of stocks

experiencing greater than 100% returns.
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Figure A6: Negative episodes: holdings gap predictability

Notes: Figure A6 plots the cumulative log returns of the stock-level negative episodes, which is defined by a stock
experiencing lower than —60% returns over 4 quarters, which correspond to quarters 1 through 4 in the figure. Quarters
5 through 16 correspond to the subsequent 3-year returns. We winsorize our episodes by their holdings gap in quarter
4 at the 10% level. The black curve plots the average across all episodes, while the the gray and red curves correspond
to the bottom and top quintiles of the holdings gap at the end of the selection period (quarter 4). The dotted lines
represent one standard-error intervals around the cumulative returns of high and low holdings gap episodes.

Figure A6 shows the cumulative returns of our negative episodes, sorted by the level of the
holdings gap. Unlike the case for positive episodes, there is no significant difference in the 3-

year cumulative returns between episodes sorted by our holdings gap measure, although there are
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reversals on average, or positive returns following the formation period. However, one should
be cautious in interpreting this reversal, as this can be generated by a survivorship bias, as we

condition on stocks continuing to be traded for 12 quarters after the run-down.
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Figure A7: Dynamics of holdings gap, negative episodes

Notes: Figure A7 shows the standardized holdings gap of a stock in negative episodes, which is defined to be a stock
experiencing lower than —60% returns over 4 quarters. The standardized holdings gap is given by the percentile rank
across each quarter of the holdings-gap measure of the stock, as defined in Equation (25). Quarters -3 to 0 correspond
to 4 quarters prior to the episode, and quarters 1 through 4 correspond to the crash period. The black curve plots the
average level of the measure across all run-up episodes, while the orange and green curves plot the measure across
run-up episodes with negative and positive future 3-year returns following the run-up. The dotted lines represent one
standard-error intervals around the mean.

Figure A7 shows that through the course of the negative episode, oversensitive investors reduce
their holdings, resulting in a drop in the holdings gap measure across the episodes. On the other
hand, consistent with the lack of cross-sectional predictability, we find that the level of the holdings

gap converges to a similar value for episodes with both positive and negative future 3 year returns.

Short-sales constraints and model extension To summarize, in the case of negative extreme
returns, we also find evidence consistent with overall overreaction and reversals, but we do not
find evidence that of the holdings gap measure’s ability to cross-sectionally predict future returns.
One can rationalize the asymmetry in our findings by incorporating short-sales constraints into our
model. As documented in Nagel (2005), short-sales constraints can introduce asymmetric effects
in how rational arbitrageurs can correct mispricing. In our setting, this also plays a role in how
oversensitive investors respond to news.

To sketch out this insight, consider a simple modification of our model, where there is a contin-

uum of overreactive agents, which constitute y of investors, and the remaining 1 — ¥ consisting of
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rational investors. We now assume a uniformly binding short-sales constraint: rational and over-
sensitive investors cannot hold short positions. Also, instead of inattentive investors yielding the
shares, we assume a fixed supply of assets, S > 0. Finally, we assume that the degree of investor

oversensitivity is heterogeneous across oversensitive investors:

D7(n,p) = & (1 +B(c) NS Ten— (v +%)p). 77

where NS; > 0 varies across investor i. Then, in response to positive news, as one increases ®(c),
one can show that the holdings gap measure continuously adjusts upwards, even after rational
agents hold none of the asset. In that case, our holdings empirical holdings gap measure then
corresponds to Gap = [ D% (n, p) - NS;/S. Intuitively, this is driven by even more oversensitive
agents buying the asset from less oversensitive agents. This implies that our measure is cross-
sectionally predictive in the case of positive news despite the short-sales constraint.

On the other hand, for sufficiently negative news, once all oversensitive investors hold none of
the asset, the asset is entirely in the hands of the rational investors. Thus, even as one increases
®(c), there is no change in the holdings gap measure and thus no cross-sectional predictability,
although there is an unconditional reversal, which is given by rational investors being compensated

for holding the positive supply of the assets.

Variable N Mean Std. Dev. Min Pctl. 25 Pctl. 75 Max
Run-up Holdings Gap 10054 0.613 0.243 0.126 0.413 0.829 0.947
Run-down Holdings Gap 4625  0.49 0.231 0.095 0.29 0.689 0.897

Table A12: Distribution of holdings gap

The above mechanism makes a further prediction beyond the asymmetry of predictability:
given that the lack of predictability is driven by oversensitive investors hitting the short sales con-
straint, this implies that the dispersion in the holdings gap should be lower for negative episdoes.
Table A12 compares the distribution of the holdings gap through our run-up and negative (“run-
down”) episodes, and find indeed that not only is the holdings gap lower for the run-down episodes,
but also that the standard deviation is lower than that of the run-up episodes.”® However, the differ-
ence in the dispersion is small relative to the total dispersion, which can be driven by the general

noise in measuring investor news sensitivity.

Negative announcements We also perform the same analysis as in Section 5, where we analyze

the dynamics of the holdings gap around negative earnings announcements. Figure A5 shows the

30There is a substantial difference in the sample size as we restrict episodes for stocks that continue to be traded for
12 quarters following the run-down.
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exact reverse pattern as shown in Figure 5. Consistent with our theory, on average, oversensitive
investors sell the asset in response to negative news. However, also consistent with our findings
that our measure is limited in its ability to predict cross-sectional variation in response to negative
news, Figure A8 shows that our measure does not increase the explanatory power of predicting

post-announcement returns conditioned on negative news.

Increase in R2 (BPs) of return predictability regressions
2 quarters following negative earnings announcement

154

R2 (BPs)

.05

T T T T T T T T
+4Qret +FF4 loadings +Gap +Ind +Sale +EPS +3 chars +3 chars +Gag

Figure A8: Increase in return prediction R?, by non-price measure, negative news

Notes: Figure A8 shows the explanatory power of our holdings gap measure in predicting the 2-quarter post-
announcement returns following negative earnings announcements, as specified in Equation (33). The first column
shows (in basis points) the adjusted R? of using just the past 4 quarter returns including the announcement quarter
return. The second column shows the adjusted R? of adding the stock’s four FF4 loadings in addition to the returns.
The third column shows the R? after adding the 4-quarter path of the holdings gap measure in addition to the returns
and FF4 loadings. The fourth, fifth, and sixth columns show the the R? after separately adding, respectively, industry
winners, sales, and EPS growth in addition to returns and FF4 loadings. The seventh column shows the R? of adding
all three of these variables in addition to returns and FF4 loadings. The final column shows the total explanatory power
of adding in all three non-price variables and the holdings gap measure in addition to returns and FF4 loadings.
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I Explanatory power, sorted portfolio exercise

In this section, we explore another way of testing the relative power of our measure compared
to other non-price information measure in predicting investor overreaction. In Section 5 and Ap-
pendix F, we test this at a higher frequency, comparing the gain in R? predicting post-announcement
2-quarter returns, either in-sample or out of sample. We show that our measure has higher predic-
tive power than the other non-price information, although the gain in explanatory power is quite
small, given the difficulty in predicting individual stock-level returns with significant explanatory
power.

In this section, we take an alternative approach, and instead compare the difference in the
future reversals of momentum portfolios when conditioned on each variable, as analyzed in Section
4.1. For each non-price variable Z, we compare two quantities: the explanatory power of our
holdings gap measure conditional on Z and the explanatory power of Z conditional on our holdings
gap measure. If our holdings gap aggregates different non-price drivers of overreaction, then the
additional explanatory power of Z should be lower than the additional explanatory power of our
holdings gap variable.!

To test the above hypothesis, we compute the returns of two triple-sorted portfolios. The portfo-
lios are formed by triple sorting stocks in each month # into (a) the decile of cumulative log returns
over the past 12 months excluding the most recent month ¢ — 1 (Carhart, 1997), (b) the quintile
of the holdings gap measure in the quarter before month #’s quarter, which is defined following
Equation (25), and (c) the quintile of the stock’s non-price characteristic Z.

Denote as Gap-purged high Z momentum portfolio as going long winners (stocks in the top
return decile) with high Z and going short losers with low Z, holding fixed the quintile of the
holdings gap:

5
rZ.,high: Zr(lO,g,S)—l’(Lgal), (78)
1

g=

1
5
where r(d, g,z) is the return of stocks in the d-th decile of past returns, g-th quintile of the hold-

ings gap, and z-th quintile of the non-price characteristic Z. Similarly, denote Gap-purged low Z

momentum portfolio as:

,ZJOW —

N —

5
Zr(lO,g,l)—r(l,g,S). (79)
g=1

Conversely, we denote as the Z-purged high Gap momentum portfolio as going long winners

(stocks in the top return decile) with high holdings gap and going short losers with low holdings

SUIf our measure was truly a sufficient statistic, then there should be no additional explanatory power of Z, but given
that our measure is noisy, one would expect Z to have additional explanatory power conditional on the holdings gap.
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gap, holding fixed the quintile of Z
high 1 2
rGap7 18 :ggr(l())saZ)_r(l?l)Z)? (80)
Similarly, we define the Z-purged low holdings-gap momentum as:

5
rGap,low: Z IO,I,Z 1 5 Z) (81)

UIIH

We compare the Sharpe ratios of these four portfolios in Figure A9. Observations are at the
monthly level. In the left panel, we plot the Sharpe ratio of the low Gap-purged Z portfolio (in
orange) and the low Z-purged Gap portfolio (in green). In the right panel, we plot the Sharpe
ratio of the high Gap-purged Z portfolio (in orange) and the high Z-purged Gap portfolio. We
compute Sharpe ratios by first regressing, for each horizon, the unweighted mean returns of each
sorted portfolio on the returns of the market portfolio (the CRSP value-weighted portfolio), SMB
(size), and HML (value) (Fama and French, 1993) over the same horizon. We then take the mean
of these adjusted returns over the cumulative three-month Treasury returns over the given horizon,
and divide by the standard deviation of this excess return series.

As the three panels in Figure A9 show, the high holdings gap momentum portfolio predicts the
strongest long-run reversals compared to all three non-price information characteristics: in other
words, our holdings gap measure has greater residual prediction over long-run reversals when
controlling for other non-price variables than vice versa. Of all the non-price characteristics, our
measure has a similar degree of power to the sales-growth measure, with long-run returns having
a Sharpe ratio of roughly —0.75 over 3 years (or in other words, betting against high momentum

overreactive stocks will have a Sharpe ratio of 0.75 over 3 years).
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Figure A9: Explanatory power: long-run reversals

Notes: Figure A9 plots the Sharpe ratios of (1) low Gap-purged Z portfolios vs low Z-purged Gap portfolios, and (2)
high Gap-purged Z portfolios vs high Z-purged Gap portfolios, where the four portfolios are defined by Equations (79),
(81), (78), and (80) respectively. Observations are at the monthly level. We compute Sharpe ratios by first regressing,
for each horizon, the unweighted mean returns of each sorted portfolio on the returns of the market portfolio (the
CRSP value-weighted portfolio), SMB (size), and HML (value) (Fama and French, 1993) over the same horizon. We
then take the mean of these adjusted returns over the cumulative three-month Treasury returns over the given horizon,

and divide by the standard deviation of this excess return series.
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