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Abstract

We show that passive flow-induced trading (PFIT) acts as a limit to arbitrage. Across a

comprehensive sample of 146 anomalies, we find that long-short strategies earn 5.01%

per year among stocks with low realized passive inflows during the holding quarter,

but only 0.60% among stocks with high inflows. This difference is highly significant

and is positive for about 70% of individual anomalies. While passive inflows raise

returns in both legs, they raise returns by more in the short leg, even though the two

legs receive nearly identical PFIT on average. Our proposed mechanism is that this

asymmetry reflects larger demand multipliers in anomaly short legs. Consistent with

this mechanism, estimated multipliers are larger for short-leg portfolios, and anomalies

with larger short-minus-long multiplier gaps exhibit greater return compression. One

amplification channel is short covering: among heavily shorted stocks, passive-flow

shocks are followed by larger declines in short positions.
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1 Introduction

As index mutual funds and ETFs have grown, so has the importance of mechanical demand

associated with their portfolio allocation rules. When money flows into or out of an index

fund, the fund will scale its positions up or down in proportion to what it held before the

flow arrived [Sammon and Shim, 2026b]. And, the information content and predictability of

these trades will affect how prices respond to passive demand. One possibility is that these

flows reflect information at the fund level. Investors may use sector funds to trade on sector

news or style funds to execute factor-timing strategies. The resulting pro-rata scaling by

index funds, however, need not be the optimal portfolio adjustment implied by all available

information for each underlying stock. For example, an investor who receives a signal about

a new technology may want to buy a tech-focused ETF, but that does not imply that all

stocks in the fund will benefit equally from the innovation. Thus, even if the fund-level flow

is informative on average about the tech sector’s prospects, the resulting stock-level trades

may not allocate capital exactly to the expected winners and losers.

A second possibility is that index fund flows are not informed. Many investors allocate

to index funds mechanically through retirement accounts and other savings vehicles. In

these cases, fund flows may reflect time-varying savings decisions or institutional allocation

mandates, such as rebalancing to maintain a 60-40 target stock-bond allocation, rather than

information about expected returns. If so, the induced stock-level trades will look even more

like inelastic demand shocks: the index fund scales its positions because money enters or

exits the fund, not because investors have learned something about the securities it will buy

or sell. Under either view, passive flow-induced trading likely contains a large mechanical

component at the stock level, which may affect asset prices and therefore the opportunities

available to active managers.

In this paper, we ask whether these mechanical demand shocks affect the realized re-

turns to long-short anomaly portfolios. Some practitioners have argued that the growth of

passive investing makes it harder for active managers to make money because passive flows
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push prices away from fundamental values [Sorkin, 2017]. But long-short anomaly strategies

are typically convergence trades: they buy stocks that appear cheap and short stocks that

appear expensive. Their profitability, therefore, depends on relative price movements. If

passive flows create similar price pressure on both the long and short legs of these portfo-

lios, anomaly spreads may be unaffected. In fact, passive flows should compress long-short

anomaly strategy returns only if (1) there is more passive demand in the short leg than the

long leg, and/or (2) the price pressure per unit of passive demand is stronger in the short

leg than in the long leg.

To answer this question, we focus on passive flow-induced trading, or PFIT. We construct

PFIT by applying fund-level flows to each index fund’s lagged stock holdings, which gives

the implied flow-induced trade in each stock [Sammon and Shim, 2026b]. We then aggregate

these implied trades across all index funds holding the stock and scale the total by lagged

shares outstanding. Our PFIT measure, therefore, is a stock-quarter-level demand shock,

measured as a fraction of each stock’s shares outstanding.

Importantly, there is substantial stock-level variation in PFIT each quarter. This vari-

ation is driven by the fact that there are thousands of index funds, each with different

investment universes, portfolio weights, and flows [Sammon and Shim, 2026a]. When think-

ing about passive investing, many of the most salient products are broad-market funds such

as Vanguard’s Total Stock Market ETF (Ticker: VTI) or the SPDR S&P 500 ETF Trust

(Ticker: SPY). But the passive universe also includes thousands of sector, style, and factor

funds with much smaller investment universes. Aggregating flow-induced trades across funds

with differing portfolios generates substantial cross-sectional variation in PFIT, both across

stocks and over time. In our sample, PFIT averages 0.13% of shares outstanding per quarter,

with a cross-sectional standard deviation of 0.43%, and it is only weakly correlated with size

and essentially uncorrelated with active flow-induced trading.

Two properties of passive flows make PFIT particularly useful for identifying demand

shocks. The first is that passive flows are hard to predict. As discussed in Lou [2012], active
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fund flows are strongly predicted by past flows and past performance. Passive flows are

predictable to some degree, but much less so: in our sample, our forecast of passive flows

has an out-of-sample R2 of 2.1% and a correlation of 0.14 with realized flows, compared with

14.7% and 0.38 for active flows. The second property is that passive flows do not appear

to be information-driven. Specifically, we find that current passive flows do not forecast

subsequent fund returns across a wide variety of possible specifications.

These two features of passive flows matter because if markets are forward looking, prices

should incorporate expected future demand when it becomes predictable rather than when

the trades are executed. Further, if passive flows were driven by information, they could be

correlated with changes in prices for reasons other than a response to the inelastic demand

itself. Because passive flows are neither predictable nor informative, realized PFIT is close

to an unanticipated, uninformed demand shock.

We study the asset pricing implications of these demand shocks across a broad anomaly

universe. Rather than pre-selecting a handful of signals, we begin from the full set of pre-

dictors in the Chen and Zimmermann [2022] open-source asset pricing database. We then

filter to signals for which the double-sorted portfolios used in our tests are well populated,

leaving us with 146 anomalies. Following Muravyev, Pearson, and Pollet [2025], we report

cross-anomaly averages together with the distribution of anomaly-level estimates in order to

show that the results are not driven by a small number of signals with extreme returns.

Our main finding is that, in the cross section, passive inflows significantly reduce realized

long-short anomaly returns. To show this, we restrict to stock-quarters with positive PFIT

and double sort stocks every quarter on PFIT and the anomaly signal. Specifically, we

first sort stocks into low-, middle-, and high-PFIT terciles using realized PFIT during the

holding quarter. Within each PFIT tercile, we then sort stocks into anomaly deciles using

the signal available at portfolio formation (i.e., the last day before the holding quarter

begins). Averaging across the 146 anomalies, the long-short anomaly strategy return falls

monotonically from 5.01% among low-PFIT stocks to 2.67% in the middle tercile and finally
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to 0.60%, statistically indistinguishable from zero, among high-PFIT stocks. The low-minus-

high difference is 4.41% with a cross-anomaly t-statistic of 7.15, and the corresponding

CAPM-alpha difference is 4.56%.

This positive difference in returns between low and high PFIT stocks is not just con-

centrated in a few anomaly signals. Ranking the 146 anomaly-level estimates, we find that

69.9% have a positive low-minus-high difference in long-short returns. There is, however,

significant heterogeneity across anomalies, with anomaly-level differences range from roughly

−9% to +38%. These results are robust to alternative weighting and PFIT samples. While

the baseline portfolios are equal-weighted following Muravyev et al. [2025], we find that with

value-weighted portfolios, the long-short return falls from 3.59% in the low-PFIT tercile to

−0.71% in the high-PFIT tercile, a difference of 4.30% (t = 6.34) that is positive for 69.2%

of anomalies. The online appendix shows that the conclusion also holds when we include

stock-quarters with negative or zero PFIT.

One possible explanation for these results is that the short leg of each anomaly portfolio

has a higher level of PFIT than the long leg. We find that this is not the case. By construc-

tion, our double sorts compare long and short legs within the same PFIT tercile. Further,

in single-sorted portfolios, we find that average PFIT is 0.121% of shares outstanding in the

short leg and 0.118% in the long leg. What differs across long and short legs, however, is the

return response to a given amount of PFIT. Moving from the low- to the high-PFIT tercile

raises short-leg returns by 14.77% but long-leg returns by only 10.36%. In other words,

passive inflows appear to push up prices in both legs, but they affect stocks in the short leg

relatively more.

The heterogeneous effects of PFIT on the long and short legs of anomaly portfolios is

generally consistent with the idea that stocks in anomaly short legs are generally harder

to arbitrage. Prior work shows that short-leg stocks tend to be more costly to arbitrage,

more heavily shorted, and more exposed to short-sale constraints [Muravyev et al., 2025].

Our single sorts show the same long- and short-leg asymmetry: relative to the long leg,
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the average short leg has a higher short-interest ratio, higher securities-lending utilization,

and higher borrowing fees. In this paper, our contribution is to show that this asymmetry

in limits to arbitrage across legs matters for the transmission of passive demand shocks to

prices, and ultimately the strategies used by active managers.

A natural concern is that PFIT is correlated with other stock characteristics that predict

returns. We address this concern using stock-level Fama-MacBeth regressions that interact

PFIT with each anomaly signal’s rank and additionally control for size, the level of passive

ownership, active flow-induced trading, short interest, liquidity, and market beta. We find

that the PFIT interaction term remains negative and significant even with all these additional

controls. In the fully saturated specification, a 0.10% increase in PFIT reduces the annualized

return spread between the top and bottom anomaly decile by about 0.57% (t = −4.04).

Our results on longer-horizon returns provide additional support for a price-pressure

interpretation rather than one based on differences in fundamentals across high and low

PFIT stocks. In both the short and long legs of each anomaly, high-PFIT portfolios earn

especially high returns during the quarter in which passive flow-induced trading occurs,

while high- and low-PFIT portfolio returns are similar afterward. This pattern is perhaps

not surprising given that, as discussed above, PFIT itself is not persistent. The absence

of a sharp reversal is consistent with incomplete pass-through of demand shocks into future

returns [Davis, Han, Sokolinski, and Tamoni, 2026]. More importantly for our interpretation,

the PFIT sort does not appear to capture persistent differences in fundamentals as, if it did,

we would expect the return gap to persist beyond the first holding quarter.

We then estimate demand multipliers directly. Within each anomaly decile, we regress

stock-level quarterly returns on realized PFIT, controlling for the Fama-French five factors.

The coefficient on PFIT, therefore, is our estimate of the demand multiplier. Across our

sample of anomalies, we find that the average short-leg multiplier is 2.77 and the average

long-leg multiplier is 2.57. The mean gap of 0.21 is positive with a cross-anomaly t-statistic

of 2.02, providing evidence that the same demand shock moves short-leg prices more.
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This evidence is suggestive of our proposed mechanism, but it is not the whole story. We

can learn more by exploiting heterogeneity in return and multiplier gaps across anomalies.

Specifically, we combine each anomaly’s leg-specific multipliers with the average demand

shocks in its own double-sorted portfolios to calculate a PFIT-implied low-minus-high return

spread. This is the return spread we would expect if differences in passive demand and

demand multipliers were the only forces generating the observed compression in anomaly

returns.

Regressing the realized spread on this multiplier/demand-implied spread yields a slope

of 1.31 (t = 5.69) with an R2 of 19.3%. In other words, anomalies for which passive demand

and estimated multipliers imply more compression do in fact display more compression. As

noted above, the long and short legs receive very similar demand shocks on average, so this

variation is driven primarily by differences in multipliers across the two legs. A decomposition

of the implied spread confirms this: multiplier differences account for 14.1% of the realized

cross-anomaly variation, while demand differences account for only 5.4%.

Finally, we provide evidence on one amplification mechanism for our results: short cov-

ering. In the spirit of De Long, Shleifer, Summers, and Waldmann [1990], we argue that

passive inflows act like noise-trader demand shocks because they can push prices up for rea-

sons unrelated to stock-level fundamentals. When these shocks hit heavily shorted stocks,

they move prices against short sellers. Some short sellers may then buy to cover, adding

further buying pressure and amplifying the original passive-flow-induced trade.

Consistent with this channel, we find that securities-lending utilization and borrowing

fees fall after passive inflows. These declines are larger in anomaly short legs when the short

leg has either a higher demand multiplier or more short interest than the long leg. The

two measures are also related: across anomalies, the correlation between the multiplier gap

and the shorting-intensity gap exceeds 0.3 and is statistically significant. This suggests that

heavier shorting may help explain why demand multipliers are larger in anomaly short legs.

Overall, we argue that passive flows compress anomaly returns because short legs have
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larger demand multipliers, not because they receive larger demand shocks. This creates a

limit to arbitrage for active investors implementing these strategies: even when anomaly

signals remain informative about future returns, passive demand during the holding period

can substantially reduce their realized long-short performance.

1.1 Related Literature

The paper contributes to three related strands of literature. First, our paper contributes to

the large literature studying the effects of passive investing on financial markets. Prior work

shows that passive ownership affects corporate governance, volatility, return comovement,

price informativeness, securities lending, and the elasticity of stock demand [Appel, Gormley,

and Keim, 2016, Ben-David, Franzoni, and Moussawi, 2018, Da and Shive, 2018, Israeli, Lee,

and Sridharan, 2017, Glosten, Nallareddy, and Zou, 2021, Coles, Heath, and Ringgenberg,

2022, Sammon, 2025, Palia and Sokolinski, 2019, Von Beschwitz, Honkanen, and Schmidt,

2025, Behmaram and Davis, 2026]. Other recent work studies the mechanics of passive

investing itself, including the measurement of passive ownership, who trades against index-

fund demand, and how index funds rebalance [Chinco and Sammon, 2024, Pavlova and

Sikorskaya, 2023, Sammon and Shim, 2026a,b]. We build on this work by focusing on passive

flow-induced trading, rather than the level of passive ownership. The closest paper to ours

is Filippou, He, Li, and Zhou [2023], who study the level of ETF ownership and anomaly

returns. We instead show that passive flow-induced trading compresses anomaly returns

because the same demand shock has a larger price impact in short-leg stocks.

Second, our paper builds on the literature on flow-induced trading, mechanical demand

shocks, and demand-based asset pricing. Coval and Stafford [2007], Lou [2012], and Frazzini

and Lamont [2008] use mutual fund flows and other sources of forced trading to study

the price effects of inelastic demand, while Shleifer [1986], Harris and Gurel [1986], Kaul,

Mehrotra, and Morck [2000], Greenwood [2005], and Chang, Hong, and Liskovich [2015] use

index events and related rebalancing shocks to show that demand curves for stocks appear
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to slope down. More recent papers on demand-system asset pricing generalize this logic by

estimating elasticities and multipliers across broader sets of assets and investors [Koijen and

Yogo, 2019, Gabaix and Koijen, 2021, van der Beck, 2022, Haddad, Huebner, and Loualiche,

2025, Gabaix and Koijen, 2024, Davis et al., 2026]. Relative to this literature, we believe

PFIT provides a useful empirical demand shock because passive funds mechanically scale

lagged holdings in response to flows and because passive flows are difficult to predict and do

not forecast fund returns.

Third, the paper connects the anomalies literature with work on limits to arbitrage and

short-sale frictions. Anomaly strategies are natural convergence trades: they buy firms that

appear cheap and short firms that appear expensive [Fama and French, 2008b,a, Chen and

Zimmermann, 2022]. Prior work shows that the short side of these strategies is especially

exposed to limits to arbitrage, including short-sale constraints, financing frictions, and costly

arbitrage [De Long et al., 1990, Nagel, 2005, Stambaugh, Yu, and Yuan, 2012, 2015, Drechsler

and Drechsler, 2014, Hanson and Sunderam, 2014, Muravyev et al., 2025]. More broadly,

Lewellen [2011] shows that institutional investors as a group hold portfolios close to the

market and show little tendency to bet aggressively on the main characteristics known to

predict returns. We add a mechanism through which limits to arbitrage affect the realized

payoffs to these strategies: passive inflows create demand shocks during the holding period,

and these shocks have especially large price effects in anomaly short legs.

2 Conceptual Framework

This section provides a simple framework for thinking about how passive flow-induced trading

can affect the realized returns to long-short anomaly strategies. The framework decomposes

the return on each leg of an anomaly portfolio into a component associated with the anomaly

itself and a component associated with passive-flow-induced price pressure. This decompo-

sition highlights two channels. Passive flows can affect anomaly returns because the long
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and short legs receive different amounts of passive flow-induced trading, and/or because the

same amount of passive flow-induced trading has a different price impact across the two legs.

2.1 Anomaly Portfolio Return Decomposition

Consider anomaly strategy a, with long-leg return RL
a,t+1 and short-leg return RS

a,t+1. We

write returns on the two legs as

RL
a,t+1 = FactorRetL

a,t+1 + PFIT L
a,t+1 × ML

a ,

RS
a,t+1 = FactorRetS

a,t+1 + PFIT S
a,t+1 × MS

a .

(1)

where FactorRet denotes the non-PFIT component of returns. The intended interpretation

is that, absent price pressure from passive flows, the long-short difference in FactorRet

measures the original or true anomaly return, regardless of whether the underlying mispricing

later resolves or builds up over time. However, it should be interpreted broadly, because it is

a residual component and therefore also includes all other return components not captured by

passive flow-induced trading. PFIT is passive flow-induced trading, measured as a fraction

of lagged shares outstanding, and M is the demand multiplier that maps passive flow-induced

trading into price changes. The long-short anomaly payoff is therefore

RLS
a,t+1 = RL

a,t+1 − RS
a,t+1. (2)

Substituting the leg-level returns into the long-short portfolio return gives

RLS
a,t+1 =

(
FactorRetL

a,t+1 − FactorRetS
a,t+1

)
+

(
PFIT L

a,t+1 × ML
a − PFIT S

a,t+1 × MS
a

)
.

(3)

This expression makes clear that passive flows can affect anomaly profits through two
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channels. The first is an exposure channel: the long and short legs may experience different

levels of passive flow-induced trading, PFIT L ̸= PFIT S. If passive inflows are systemat-

ically larger in the short leg, then even if multipliers are similar across the long and short

legs, passive flows could compress long-short anomaly returns. The second is a multiplier

channel: the same passive demand shock may have different price impact across the two

legs, ML ̸= MS. If the short leg has a larger multiplier, then passive inflows could compress

anomaly returns even if the long and short legs have similar PFIT exposure.

2.2 Benchmark Cases

This framework is useful because it nests several natural null hypotheses. The first is the

frictionless benchmark in which demand curves for individual stocks are flat [Scholes, 1972].

In this case with perfectly elastic demand, M = 0 for all stocks and passive flow-induced

trading has no effect on prices. In this case, passive flows should not affect anomaly returns,

and long-short spreads are determined only by the factor component of returns.

A second benchmark allows demand curves to slope down, but assumes that prices are

fully forward looking. In this case, predictable components of passive demand should be

incorporated into prices when they become predictable, not when the trades are implemented.

A dramatic example of this logic is apparent in the case of index additions: once an addition

becomes predictable or is announced, prices move before the effective date, even though

index funds do not complete the associated trading until the implementation date [Pegoraro,

Sammon, and Shim, 2026]. Realized PFIT may therefore have little contemporaneous return

effect if the associated demand was already anticipated.

The third benchmark combines downward-sloping demand with limited arbitrage or im-

perfect anticipation of the demand shocks [Shleifer, 1986]. With balance-sheet constraints,

short-sale frictions, disagreement, and other limits to arbitrage, passive demand can generate

contemporaneous price pressure and affect realized anomaly returns during the holding pe-

riod. These effects should be largest where arbitrage is most costly. For long-short anomaly
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strategies, this case is especially relevant because the short leg is often where arbitrage is

most constrained [Muravyev et al., 2025].

2.3 Empirical Tests

The framework guides three sets of empirical tests. First, we ask whether anomaly returns are

lower in stocks with high passive flow-induced trading. This test establishes whether passive

demand shocks are associated with lower realized long-short returns, without distinguishing

whether it is driven by the exposure channel or the multiplier channel.

Second, we ask whether the long and short legs differ in their exposure to passive flow-

induced trading, i.e., we compare PFIT L and PFIT S. If passive flows compress anomaly

returns because the short leg receives more passive demand, then we should observe larger

PFIT in the short leg than in the long leg.

Third, we estimate whether the long and short legs differ in their demand multipliers,

i.e., we compare ML and MS. If passive flows compress anomaly returns because the same

demand shock has larger price impact on the short leg, then the short-leg multiplier should

be larger than the long-leg multiplier. Because we estimate these objects for each of 146

anomalies, we can also ask whether the anomalies with the largest estimated multiplier gaps

are the ones whose realized spreads compress the most.

Our main tests use realized PFIT during the holding period of each anomaly as our

empirical measure of the unanticipated inelastic demand shock. This object is useful because,

as we show below, passive flow-induced trading is difficult to predict out of sample and does

not appear to forecast fund returns. Realized PFIT is therefore close to an innovation in

demand, which is what the third benchmark case requires.
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3 Data and Variable Construction

This section describes the data sources and the anomaly sample, explains the construction

of passive flow-induced trading, summarizes its cross-sectional properties, and studies the

predictability and informativeness of passive fund flows.

3.1 Data Sources

Our sample combines stock returns and shares outstanding from CRSP, fund returns and

total net assets from the CRSP mutual fund database, fund-stock holdings from Thomson

Reuters S12, anomaly signals from the Chen and Zimmermann [2022] open-source asset

pricing database, factor returns from Ken French’s data library, firm characteristics from the

WRDS Financial Ratios Suite, and short-sale information from Compustat and Markit. The

sample period for the main portfolio tests is 2002Q2 through 2023Q4, which yields 86 holding

quarters after the required merges and lags. We restrict the stock sample to CRSP common

stocks (share codes 10 and 11) traded on major exchanges (exchange codes 1, 2, and 3) with

nonmissing next-quarter returns and positive market equity. Daily returns are adjusted for

delisting and compounded to the quarterly frequency. We classify funds as passive or active

following the procedure in Appel et al. [2016], compute fund flows using total net assets

and fund returns from CRSP, and clean the S12 holdings data following Sammon and Shim

[2023]. We merge fund flows to lagged fund-stock holdings to construct flow-induced trading

measures, as described in the next section. To be included in our sample, a stock must be

held by at least one index fund before the anomaly holding period. Given the breadth of

total-market index funds such as Vanguard’s Total Stock Market Index Fund (Ticker: VTI),

this restriction mainly excludes very small or low-float stocks that account for a tiny share

of aggregate market capitalization.

The anomaly signals come from the Chen and Zimmermann [2022] open-source asset

pricing database, which provides signed signals so that higher values point toward higher
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expected returns. Rather than pre-selecting a small number of signals, we work with a broad

anomaly universe. We start from the full set of signed predictors in Chen and Zimmermann

[2022] and then impose two coverage requirements that are specific to our research design,

because our main tests require portfolios formed on the interaction of passive demand and

anomaly signals. First, all thirty positive-PFIT-tercile by anomaly-decile cells must exist and

must contain at least twenty stocks on average across the quarters in which they are available.

Second, within each of the three positive-PFIT terciles, the top and bottom anomaly deciles

must both have nonmissing equal- and value-weighted returns in at least twenty common

quarters. These filters leave 146 anomaly signals, which is the universe used throughout the

paper.

Each quarter, stocks are sorted into anomaly deciles using the signal available at the

end of the formation quarter. Throughout the paper, decile 1 (D1) is the short leg and

decile 10 (D10) is the long leg, so the long-short anomaly return is D10 minus D1. We also

compute the fractional rank of each signal, za
i,t−1 ∈ [0, 1], for use in the stock-level regressions.

Following Chen and Zimmermann [2022], our baseline portfolio returns are equal-weighted;

value-weighted results are reported in the online appendix. Unless otherwise noted, portfolio

returns and alphas are annualized percentage points, equal to 400 times a quarterly decimal

return.

3.2 Passive Flow-Induced Trading

We measure passive demand shocks using passive flow-induced trading, or PFIT. The mea-

sure maps fund-level flows into stock-level demand shocks under the assumption that index

funds mechanically scale their lagged holdings in response to inflows and outflows [Sammon

and Shim, 2026b]. We compute fund flows as a percentage of total net assets (TNA) following

Chevalier and Ellison [1997]:

Flowf,t = TNAf,t − TNAf,t−1(1 + rf,t)
TNAf,t−1

. (4)
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Under this definition, Flowf,t is the change in TNA that cannot be explained by fund

returns rf,t. Under proportional scaling, the implied flow-induced change in shares held for

fund f in stock i is

∆SharesF IT
f,i,t = Flowf,t × Sharesf,i,t−1. (5)

In other words, if an index fund experiences a 1% inflow (relative to TNA), it is expected

to scale up all existing positions in the fund by 1% in share terms. This scaling must hold for

index funds with very strict index-tracking mandates, e.g., SPY, which is a unit investment

trust and therefore has no flexibility in how it replicates the S&P 500. As shown by Sammon

and Shim [2026b], however, this proportional scaling in share terms is also a good description

of how non-value-weighted index funds adjust their positions in response to flows.

We then aggregate flow-induced trading across all index funds holding stock i to compute

a stock-quarter-level flow-induced demand shock

∆SharesP F IT
i,t =

∑
f∈P assive

∆SharesF IT
f,i,t . (6)

Finally, to make this quantity comparable across stocks and across time, we scale it by

lagged shares outstanding:

PFITi,t = 100 ×
∆SharesP F IT

i,t

SharesOuti,t−1
. (7)

PFIT is therefore a stock-quarter demand shock measured as a percentage of shares out-

standing. Positive values correspond to passive inflow-induced buying pressure, while neg-

ative values correspond to passive outflow-induced selling pressure. Shares held and shares

outstanding are adjusted using CRSP’s cumulative share adjustment factor before lagging.

To better understand how PFIT is constructed, consider the simple example in Table 1.

Recall from Equation 6 that f indexes funds and i indexes stocks. In this example, the

stock i is AAPL, and it is held by two index funds, SPY and VTI. For each fund-stock
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pair, we multiply the fund’s flow, measured as a percentage of lagged TNA, by the fund’s

lagged shares held of the stock. This gives the fund’s implied flow-induced trade in shares,

∆SharesF IT
f,i,t . We then aggregate these implied trades across all index funds holding the

stock to obtain total passive flow-induced trading in shares, ∆SharesP F IT
i,t , and scale by the

stock’s lagged shares outstanding to obtain PFITi,t.

In the example, SPY has a 5% inflow and holds 50,000 shares of AAPL at the end of

2026Q1, implying a flow-induced purchase of 0.05 × 50,000 = 2,500 shares in 2026Q2. VTI

has a 10% inflow and holds 100,000 shares of AAPL at the end of 2026Q1, implying a flow-

induced purchase of 0.10 × 100,000 = 10,000 shares. Aggregating across the two funds gives

12,500 shares of passive flow-induced trading. Because AAPL has 1,000,000 lagged shares

outstanding, PFITi,2026Q2 = 100 × 12,500/1,000,000 = 1.25 percent of shares outstanding.

Table 1. Example Construction of Passive Flow-Induced Trading
Fund Stock SharesOuti,2026Q1 Sharesf,i,2026Q1 Flowf,2026Q2 ∆SharesF IT

f,i,2026Q2

SPY AAPL 1,000,000 50,000 5% 2,500
VTI AAPL 1,000,000 100,000 10% 10,000

∆SharesP F IT
i,2026Q2 12,500

PFITi,2026Q2 1.25%

This table gives a simple example of how passive flow-induced trading is constructed for
one stock, indexed by i, held by two index funds, indexed by f . For each fund-stock pair,
the implied flow-induced trade equals the fund’s flow multiplied by its lagged shares held.
Aggregating across funds gives total passive flow-induced trading in shares. PFIT scales this
quantity by lagged shares outstanding, so PFITi,2026Q2 = 100 × 12,500/1,000,000 = 1.25
percent.

PFIT isolates flow-induced scaling of existing holdings. Of course, passive fund trades

can also arise from extensive-margin rebalancing (i.e., when stocks enter or leave an index)

and from intensive-margin rebalancing (i.e., when firms issue/repurchase equity or index

providers change float adjustment factors) [Sammon and Shim, 2026b]. These rebalancing

trades are important, and empirically explain the majority of position changes for index funds

[Sammon and Shim, 2026a]. These rebalancing trades, however, are conceptually distinct

from the flow-induced trading we study. Rebalancing trades may be mechanically related
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to characteristics that predict returns. For example, index funds mechanically rebalance

toward firms that issue equity, and equity issuance has historically predicted low returns

[Pontiff and Woodgate, 2008].

Importantly, there is substantial stock-quarter-level variation in PFIT. When people

think of index funds, they often have in mind very broad-based funds such as total-market

funds or S&P 500 index funds. Even broad-based index funds, however, do not hold identical

portfolios. A total-market fund, an S&P 500 fund, and a Russell 1000 fund have different

investment universes and different float-adjustment factors applied to each security. As a

result, the same dollar of investor flow can generate different stock-level demand depending

on which broad-based fund receives the flow.

This heterogeneity is even larger once we include the full passive fund universe. Many

index funds track sector, style, factor, thematic, or specialized benchmarks. These funds

hold more concentrated portfolios and often have more volatile flows. Flow-induced trading

from these funds, therefore, can generate large variation in flow-induced trading demand.

This variation is central to our empirical design because it allows us to compare anomaly

returns across stocks that receive different amounts of passive flow-induced trading during

the holding period.

We also construct active flow-induced trading, or AFIT, using the same procedure.

Specifically, we compute active fund flows, apply those flows to each active fund’s lagged

stock holdings, aggregate the implied trades across all active funds that hold the stock, and

scale by lagged shares outstanding. AFIT is a useful comparison because flow-induced trad-

ing from active mutual funds is widely used to identify demand shocks and estimate price

pressure [Frazzini and Lamont, 2008, Lou, 2012]. The interpretation, however, is cleaner

for PFIT than AFIT. Index funds largely must scale existing positions in response to flows,

while active managers have discretion over how to invest inflows and meet redemptions. As a

result, predicted active flow-induced trading based on lagged holdings can differ from actual

active trading. Consistent with this distinction, Lou [2012] show that active funds scale
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existing positions nearly one-for-one in response to outflows, but only partially in response

to inflows. This wedge is important because active managers’ discretionary trades may be

correlated with expected returns.

Table 2 reports summary statistics for PFIT. The sample contains 322,276 stock-quarter

observations with nonzero PFIT for stocks held by at least one index fund.1 The average

PFIT observation is 0.13% of shares outstanding, with a standard deviation of 0.43%, and

70.4% of stock-quarters have positive passive flow-induced trading. The distribution is right-

skewed: the fifth percentile is −0.19% and the ninety-fifth percentile is 0.65%, more than

five times the median of 0.04%.

Panel B reports time-series averages of cross-sectional correlations between PFIT and

other variables. We separately examine positive PFIT, corresponding to passive inflows, and

the absolute value of negative PFIT, corresponding to passive outflow magnitude. PFIT is

modestly positively correlated with firm size: larger firms experience somewhat more passive

inflow- and outflow-induced trading. Passive inflows are essentially uncorrelated with active

flow-induced trading (0.002), while passive outflow magnitude has only a weak negative

correlation with AFIT (−0.084). The low correlation with AFIT is important for estimating

demand multipliers. If passive and active flow-induced trading were strongly correlated, the

return response to PFIT could partly reflect omitted active-fund demand. For example, if

investors simultaneously allocated to active and passive value funds, stocks held by both

groups would experience correlated active and passive buying pressure. A regression of

returns on PFIT alone would then overstate the demand multiplier by attributing the effect

of correlated active-fund trading to passive flows.

The level of passive ownership is positively correlated with both passive inflows (0.53)

and passive outflows (0.44). The correlation between PFIT and passive share is perhaps

unsurprising. Stocks with higher passive ownership are held more heavily by index funds, so

a given pattern of index-fund flows mechanically generates more passive flow-induced trading
1In unreported results, we find that including zero-PFIT observations strengthens our main portfolio sort

results. The online appendix reports portfolio results for the zero-PFIT group separately.
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Table 2. PFIT Summary Statistics, Correlations, and Firm Characteristics
Panel A: PFIT summary statistics

Observations 322,276 Mean 0.130
Std. dev. 0.434 Median 0.039
p5 −0.192 p95 0.654
Negative observations 95,403 (29.6%) Positive observations 226,873 (70.4%)

Panel B: Average quarterly cross-sectional correlations

Flow measure Log(ME) Passive ownership AFIT

Passive inflows 0.212 0.527 0.002
[11.98] [25.29] [0.13]

Passive outflow magnitude 0.128 0.440 −0.084
[5.83] [26.20] [−8.22]

Panel C: Firm characteristics across positive-PFIT terciles

Characteristic Low Middle High

PFIT 0.039 0.153 0.412
Cyclically adjusted P/E 8.993 14.956 18.829
Gross profit/assets 0.230 0.268 0.278
Return on assets −0.046 0.048 0.084
Debt/assets 0.209 0.228 0.233
Log market equity 19.273 20.613 21.135
AFIT −0.075 −0.069 −0.010
Amihud illiquidity (×106) 4.740 1.001 0.347

This table reports summary statistics, correlations, and firm characteristics for passive flow-induced trading.
PFIT is stock-level passive flow-induced trading, scaled by lagged shares outstanding and expressed in
percentage points. The sample contains stock-quarter observations with nonzero PFIT from 2002Q2 through
2023Q4. Panel A reports the distribution of PFIT. Panel B reports time-series averages of quarterly cross-
sectional Pearson correlations, computed separately for positive PFIT (passive inflows) and for the absolute
value of negative PFIT (passive outflow magnitude). Log(ME) is log market capitalization, passive ownership
is the fraction of shares outstanding held by index funds, and AFIT is active flow-induced trading. Newey-
West t-statistics with four lags, based on the time series of quarterly correlations, are reported in brackets.
Panel C reports characteristics of stocks in each positive-PFIT tercile. Each characteristic is time-series
average of mean portfolio characteristic.
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in those stocks. It is nevertheless important to distinguish the two objects, both conceptually

and empirically. Passive ownership is a stock-level state variable that changes slowly and

has been linked to a wide range of outcomes, including governance, comovement, volatility,

lending-market conditions, and price informativeness [Appel et al., 2016, Ben-David et al.,

2018, Von Beschwitz et al., 2025]. PFIT is a flow: it is the marginal, time-varying demand

that arrives during a particular quarter. Two stocks with identical passive ownership can

have very different PFIT if the index funds that hold them receive different flows, and a

stock’s PFIT varies substantially from quarter to quarter while its passive share does not.

Because our mechanism operates through price pressure realized during the anomaly holding

period, PFIT is the more direct measure. The distinction also matters for identification:

a research design based on passive ownership levels would compare permanently different

stocks, whereas our design compares the same kinds of stocks across quarters in which they

happen to receive more or less mechanical passive buying. We nevertheless control directly

for passive ownership in the stock-level regressions in Section 4.3, and Section 4.1 shows that

the long and short legs of the average anomaly have nearly identical passive ownership.

Panel C describes what kinds of firms are most exposed to passive-flow-induced trading.

Moving from the low- to the high-PFIT tercile, average PFIT rises from 0.04 to 0.41%

of shares outstanding. High-PFIT firms are larger, more profitable, more expensive on

a cyclically adjusted earnings basis, slightly more levered, and substantially more liquid:

average Amihud illiquidity falls by more than an order of magnitude from the low to the

high tercile. Active flow-induced trading is mildly negative in all three groups and does not

vary much across them. These are descriptive differences, and they motivate the stock-level

controls in Section 4.3.

3.3 Passive Flow Predictability and Informativeness

Our conceptual framework treats realized PFIT as an unanticipated demand shock that is

unrelated to stock-level fundamentals. Two properties of passive fund flows are needed for
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this interpretation, and each has a distinct asset-pricing implication.

The first is predictability. If passive flows were easy to forecast, then in a forward-looking

market the associated demand would be impounded in prices when it became predictable

rather than when the index funds actually traded, as in the second benchmark case of

Section 2. Realized PFIT would then be a poor proxy for a contemporaneous demand shock,

and a contemporaneous return-on-PFIT regression would confound the price impact of the

current trade with revisions in expected future demand. In that case, we would overstate

the demand multiplier.

The second is informativeness. If passive flows carried information about the securities

index funds buy and sell, then the associated price movements would not represent inelastic

demand at all. Under that interpretation, higher returns on high-PFIT stocks would re-

flect information and not price pressure thus would not be able to cleanly identify demand

multiplier.

We evaluate both properties directly. To assess flow predictability, we follow the logic of

Lou [2012] and forecast fund flows using lagged flows and lagged fund returns. Specifically,

for each fund type and quarter we estimate the cross-sectional regression

Flowf,t = αt +
3∑

j=1
ρj,tFlowf,t−j +

3∑
j=1

γj,tR
fund
f,t−j + εf,t, (8)

separately for passive and active funds, requiring at least fifty complete funds per quarter.

The lagged-flow terms capture persistence in investor flows, which may arise from gradual

investor reallocation or from the inclusion of a particular fund on retirement-plan menus.

The lagged-return terms capture the well-known flow-performance relation for mutual funds.

Panel A of Table 3 reports time-series averages of the quarterly coefficients with Newey-West

t-statistics. Passive flows are statistically related to their own lags and to lagged fund returns,

but the explanatory power is modest: the average in-sample R2 is 0.089. Active flows are

considerably more persistent and more predictable, with an in-sample R2 of 0.193 and much

larger first-lag coefficients.
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Table 3. Predictability of Passive and Active Fund Flows
Passive funds Active funds

Panel A: Quarterly Fama-MacBeth forecasting coefficients
Flow, t − 1 0.057 0.249

(3.10) (34.25)
Flow, t − 2 0.098 0.137

(7.43) (21.27)
Flow, t − 3 0.078 0.100

(8.25) (19.61)
Fund return, t − 1 0.233 0.313

(4.46) (12.28)
Fund return, t − 2 0.018 0.129

(0.41) (6.44)
Fund return, t − 3 −0.065 0.052

(−1.14) (2.83)
Constant 0.022 −0.003

(4.58) (−1.11)
In-sample R2 0.089 0.193
Observations 106,260 389,240

Panel B: Pooled out-of-sample calibration
Out-of-sample R2 0.021 0.147
Pearson correlation 0.144 0.383
Rank correlation 0.197 0.444

This table reports fund-quarter flow forecasting results. The
dependent variable is fund flow, measured as a fraction of
lagged total net assets. Independent variables include three
lags of fund flow and three lags of quarterly value-weighted
fund returns. Panel A reports time-series means of quarterly
cross-sectional coefficients estimated separately for passive
and active funds, with Newey-West t-statistics with four lags
in parentheses. Panel B reports the pooled out-of-sample cal-
ibration regression of realized flows on predicted flows, where
predicted flows for quarter t use the average of the coefficients
estimated in quarters t − 8 through t − 1. The sample is from
2002Q2 to 2023Q4.
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In-sample fit overstates what an investor could have anticipated in real time, so we also

evaluate the forecasts out of sample. For each target quarter, we estimate Equation (8)

separately in each of the prior eight quarters, average the coefficients across those quarters

within fund type, and apply the averaged coefficients to each fund’s lagged flows and re-

turns. Estimating the rolling coefficients separately for passive and active funds allows the

determinants of flows to differ across the two groups. We then run the pooled calibration

regression of realized flows on predicted flows. Panel B of Table 3 reports the results, and

Figure 1 plots them. For passive funds, predicted flows explain very little of realized flows:

the out-of-sample R2 is 2.1%, the Pearson correlation is 0.144, and the rank correlation is

0.197. For active funds, predictability is much higher, with an out-of-sample R2 of 14.7%

and a Pearson correlation of 0.383. The calibration slope is also much flatter for passive

funds (0.55) than for active funds (0.77), indicating that even the ranking that the model

does produce is attenuated in levels. Figure OA5 in the online appendix shows that the

same conclusion holds when fund-quarters are weighted by total net assets, so this is not a

small-fund phenomenon.

We have also considered richer forecasting models that include holdings-weighted char-

acteristics of each fund’s portfolio, such as size, book-to-market, momentum, profitability,

investment, and beta, in the spirit of Van der Beck [2021]. These variables do not improve

out-of-sample fit in our setting. In fact, the out-of-sample R2 declines when we add the full

set of holdings characteristics, suggesting that these models overfit in sample. We therefore

use the simpler lagged-flow and lagged-return model throughout.

We next turn to informativeness. The natural fund-level test is whether flows are timed

ahead of fund performance. If investors direct money to index funds because they know

something about the securities those funds hold, flows should forecast subsequent fund re-

turns. We therefore regress fund f ’s return in quarter t + 1 on current and four lags of

fund flows and returns, separately for passive and active funds, in equal- and value-weighted

specifications, clustering by fund and quarter. Table OA1 in the online appendix reports
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Figure 1. Predicted and realized fund flows: out-of-sample fit. This figure plots realized
quarterly fund flows against out-of-sample predicted flows, separately for passive funds (left
panel) and active funds (right panel). Predicted flows for quarter t are constructed by
estimating the cross-sectional forecasting regression in Equation (8) separately in each of the
eight preceding quarters, averaging the coefficients, and applying them to each fund’s three
lagged flows and three lagged returns. Plotted points are equal-count bins used for rendering
only; the fitted line, slope, correlations, and R2 reported below each panel are estimated on
the full unbinned sample of fund-quarters with heteroskedasticity-robust standard errors.
Fund flows are expressed as a fraction of lagged total net assets. The sample is from 2002Q2
to 2023Q4.
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the results. Current flows do not significantly predict next-quarter fund returns in any of

the four specifications. A few isolated lag coefficients are statistically significant, but their

signs are not stable across weighting choices, and the regressions explain almost none of the

variation in subsequent fund returns.

We read this evidence as saying that passive flows are close to the demand shocks our

framework has in mind. They are difficult to anticipate, so prices are unlikely to have im-

pounded them before index funds trade, and they do not appear to contain information about

subsequent performance, so the associated price movements are unlikely to be a repricing

of fundamentals. This is the sense in which PFIT is a useful proxy for an inelastic demand

shock: it isolates buying and selling pressure that arrives for reasons largely unrelated to the

expected returns of the stocks being traded.

4 Effect of PFIT on Long-Short Anomaly Returns

This section presents the main evidence that passive flow-induced trading acts as a limit to

arbitrage for long-short anomaly strategies. We first describe the unconditional properties

of our 146 anomalies and show that the long and short legs of the average anomaly receive

nearly identical passive demand. We then show that long-short returns are substantially

lower among stocks that experience high passive inflow-induced trading during the holding

period, and that this pattern holds across the vast majority of individual anomalies. We then

use the conceptual framework in Section 2 to distinguish between the exposure and multiplier

channels. The evidence points to a multiplier channel: passive inflows raise returns in both

legs, but the price pressure is larger in the short leg, where arbitrage is more constrained.

Finally, Fama-MacBeth regressions show that the result survives stock-level controls, and

longer-horizon tests show that the return effect is concentrated in the holding quarter.
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4.1 Results for Single-Sorted Anomaly Portfolios

We begin with single-sort anomaly portfolios. At the end of each quarter, we sort stocks

into deciles based on the anomaly signal available at that time, without conditioning on

passive flows. We hold the portfolios for one quarter and compute equal-weighted returns

during the holding quarter. We label the low-signal decile D1 and the high-signal decile

D10. Throughout the paper, D1 is the short leg, D10 is the long leg, and the long-short

anomaly return is D10 minus D1. Because we work with 146 anomalies, we follow Muravyev

et al. [2025] and summarize the evidence with cross-anomaly averages: for each anomaly

we estimate the object of interest in the time series, and we then report the mean of those

estimates across anomalies together with a robust cross-anomaly t-statistic.

Table 4 reports the results. Panel A serves two purposes. First, it verifies that the

anomaly universe earns economically meaningful long-short returns over our sample. The av-

erage short-leg excess return is 7.42% and the average long-leg excess return is 11.70%, so the

average long-short spread is 4.28% with a t-statistic of 10.20. Risk adjustment strengthens

the spread slightly: the average CAPM alpha of the long-short portfolio is 4.95% (t = 8.24).

These magnitudes are smaller than those typically reported in the original anomaly papers,

which is expected given that our sample is recent and that most of these signals were pub-

lished well before 2002 [Muravyev et al., 2025]. They are nevertheless large enough to make

the strategies worth implementing, which is what our tests are about.

Second, and more importantly, Panel B shows that the two legs of the average anomaly

are almost indistinguishable in their exposure to passive investing. Average realized PFIT is

0.121% of shares outstanding in the short leg and 0.118% in the long leg. The difference of

0.004% is economically trivial and not significant. Average passive ownership is 7.23% in the

short leg and 7.22% in the long leg, a difference that is statistically indistinguishable from

zero. Active flow-induced trading is also similar across the two legs. This is the first piece of

evidence against a simple exposure explanation: if passive flows compressed anomaly spreads

because index funds simply buy more of the stocks anomaly strategies short, we should see
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Table 4. Single-Sorted Anomaly Portfolios and Their Characteristics
Panel A: Cross-anomaly mean portfolio outcomes

Outcome D1 D10 D10−D1 N anomalies

Mean excess return 7.424 11.703 4.279 146
(23.40) (47.66) (10.20)

CAPM alpha −7.786 −2.841 4.945 146
(−18.04) (−9.73) (8.24)

Panel B: Average anomaly-decile profiles

Variable D1 D10 D1−D10 t(difference)

PFIT 0.121 0.118 0.004 1.74
Passive ownership 7.231 7.218 0.013 0.24
Log market equity 19.788 19.622 0.166 5.63
AFIT −0.078 −0.096 0.019 0.44
Compustat short-interest ratio 0.064 0.051 0.013 5.32
Markit utilization 22.623 17.971 4.652 29.53
Markit indicative fee 0.067 0.053 0.014 10.02
Amihud illiquidity (×106) 4.528 6.474 −1.947 −4.37

This table reports single-sorted anomaly portfolio outcomes and portfolio charac-
teristics averaged across the 146 anomalies in our sample. At the end of quarter t,
stocks are sorted into deciles based on the anomaly signal available at that time,
and equal-weighted returns are measured during quarter t + 1. D1 is the short
leg and D10 is the long leg. Panel A reports cross-anomaly means of anomaly-
level average excess returns and CAPM alphas, expressed in annualized percentage
points; anomaly-level estimates use heteroskedasticity-robust standard errors, and
the reported t-statistics in parentheses test the cross-anomaly mean. Panel B re-
ports average characteristics of the two legs, computed by averaging within quarter,
anomaly, and decile, then across anomalies, and finally over time. PFIT passive
ownership, and AFIT are expressed in percentage points. Compustat short-interest
ratio is short interest scaled by shares outstanding, Markit utilization is the share
of lendable shares on loan expressed in percentage points, and the Markit indicative
fee is Markit’s estimate of the borrow cost faced by a hedge fund. Newey-West t-
statistics with four lags are reported in parentheses. Markit variables are available
beginning in the 2010Q2 holding quarter. The sample is from 2002Q2 to 2023Q4.
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it here, and we do not.

The two legs do differ along the dimensions emphasized by the limits-to-arbitrage liter-

ature. Short-leg stocks are more heavily shorted and harder to short: the average short-

interest ratio is 0.064 in D1 versus 0.051 in D10, Markit utilization is 22.6% versus 18.0%,

and indicative borrow fees are correspondingly higher. Short-leg stocks are also slightly

larger and, on the Amihud measure, somewhat more liquid than long-leg stocks. Thus, the

salient asymmetry between the legs is not how much passive demand they receive, nor how

easily they trade, but how constrained the short side is. This is exactly the asymmetry that

the multiplier channel requires.

4.2 Results for Double-Sorted Anomaly Portfolios

To ask whether anomaly returns depend on realized passive demand, we use double sorts.

Each quarter, we restrict to stocks with positive PFIT, because we want to separate passive

inflow-induced buying pressure from passive outflow-induced selling pressure and because

passive inflows account for about 70% of observations. We first sort stocks into low-, middle-

, and high-PFIT terciles using realized PFIT during the holding quarter, denoted P1, P2,

and P3. Within each PFIT tercile, we then sort stocks into anomaly deciles using the signal

available at portfolio formation. We compute equal-weighted portfolio returns during the

holding quarter, estimate anomaly-level means and CAPM alphas, and then report cross-

anomaly means.

Table 5 reports our main empirical finding. Averaging across the 146 anomalies, the long-

short return declines monotonically across PFIT terciles, from 5.01% in P1, to 2.67% in P2,

to 0.60% in P3. The spread in the high-PFIT tercile is statistically indistinguishable from

zero at conventional levels (t = 1.20), while the spread in the low-PFIT tercile is large and

highly significant. The low-minus-high difference is 4.41% with a cross-anomaly t-statistic

of 7.15. Risk adjustment does not change the picture: CAPM alphas fall from 5.63% in P1

to 1.07% in P3, a difference of 4.56% (t = 8.36). To put the magnitude in perspective, the
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compression of 4.41% is essentially as large as the average unconditional long-short spread

of 4.28% reported in Table 4. Anomaly strategies earn most of their average return in the

stock-quarters in which passive demand happens to be low.

Table 5. PFIT and Anomaly Double-Sorted Portfolio Returns
Outcome Portfolio Low Middle High Low−High

Return Short leg 9.655 13.970 24.422 −14.767
(25.08) (49.19) (68.25) (−33.80)

Return Long leg 14.668 16.638 25.023 −10.355
(37.26) (60.38) (82.86) (−27.41)

Return Long-short 5.013 2.668 0.600 4.412
(8.60) (6.67) (1.20) (7.15)

CAPM alpha Short leg −5.345 −0.316 9.141 −14.487
(−14.25) (−1.24) (36.42) (−38.51)

CAPM alpha Long leg 0.284 3.040 10.211 −9.927
(0.79) (12.60) (55.98) (−26.32)

CAPM alpha Long-short 5.629 3.356 1.070 4.559
(9.65) (9.32) (3.30) (8.36)

This table reports equal-weighted returns and CAPM alphas for portfolios
conditionally double sorted on realized PFIT and anomaly signals. Each
quarter, stocks with positive realized PFIT during the holding quarter are
first sorted into terciles based on PFIT, and then, within each tercile, into
deciles based on the anomaly signal available at the end of the previous
quarter. The short leg is D1, the long leg is D10, and the long-short port-
folio is D10 minus D1. For each anomaly and PFIT tercile, mean returns
and CAPM alphas are estimated in the time series with heteroskedasticity-
robust standard errors. The table reports robust cross-anomaly means, with
cross-anomaly t-statistics in parentheses. Returns and alphas are annual-
ized percentage points. The sample is from 2002Q2 to 2023Q4.

Table 5 also shows why the spreads compress, and Figure 2 displays the same information

graphically. Passive inflows raise returns in both legs. Moving from P1 to P3, the average

short-leg return rises from 9.66% to 24.42%, an increase of 14.77%, while the average long-

leg return rises from 14.67% to 25.02%, an increase of 10.36%. Both legs are pushed up,

so passive inflows are not simply a signal about which stocks are good investments. But

the short leg is pushed up more, and the difference between the two increases is exactly the

4.41% compression in the long-short spread reported in the same table. Recall from Table 4

that the two legs receive nearly identical passive demand, and that within each tercile of this
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double sort they are compared at similar levels of realized PFIT. The asymmetry therefore

has to come from the price response per unit of demand rather than from the amount of

demand. This is the multiplier channel, which we estimate directly in Section 5.1.

Figure 2. PFIT and anomaly double-sorted portfolio returns. This figure plots average
short-leg and long-leg portfolio returns across realized positive-PFIT terciles. Each quarter,
stocks with positive realized PFIT during the holding quarter are sorted into PFIT terciles
and then, within each tercile, into anomaly deciles using the signal available at portfolio
formation. The short leg is D1 and the long leg is D10. Bars report cross-anomaly averages
of anomaly-level equal-weighted excess returns during the holding quarter, expressed in an-
nualized percentage points. The sample is from 2002Q2 to 2023Q4.

Because we estimate this comparison for 146 separate signals, we can also ask whether the

average masks substantial disagreement across anomalies. Figure 3 plots the 146 anomaly-

level low-minus-high differences in ascending order. The result is broad-based: 69.9% of

anomalies have a positive difference, and the cross-anomaly mean of 4.41% is highly signifi-

cant. The figure also shows real heterogeneity. Anomaly-level differences range from about

−9% to +38%, with a long right tail: a modest number of signals display compression far

larger than the average, while roughly thirty percent display none. This dispersion is in-
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formative rather than a nuisance. If passive flows compress spreads through a multiplier

channel, the anomalies whose short legs are most sensitive to passive demand should be

the ones whose spreads compress the most. We use exactly this cross-anomaly variation in

Section 5.1.

Figure 3. Low minus high PFIT spread return distribution. This figure ranks the 146
anomaly-level estimates of the difference between the long-short return in the low-positive-
PFIT tercile and the long-short return in the high-positive-PFIT tercile. Portfolios are
formed as in Table 5 using equal-weighted returns, and each point is one anomaly. Differences
are expressed in annualized percentage points. The reported mean, cross-anomaly t-statistic,
and share of positive differences are computed across the 146 anomalies. The sample is from
2002Q2 to 2023Q4.

The main result is not an artifact of equal weighting or of the restriction to positive-PFIT

observations, and the online appendix reports the corresponding robustness checks. Value

weighting delivers a very similar conclusion: as shown in online appendix Table OA2 and

Figures OA1 and OA2, the value-weighted long-short return falls from 3.59% in the low-PFIT

tercile to −0.71% in the high-PFIT tercile, a low-minus-high difference of 4.30% (t = 6.34)

that is positive for 69.2% of anomalies. The value-weighted CAPM-alpha difference is 3.72%
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(t = 6.03). Moving from low to high PFIT raises value-weighted short-leg returns by 20.18%

versus 15.88% for the long leg, so the leg-level effects of passive demand are larger among

the large stocks that dominate value-weighted portfolios, while the difference between the

two legs is again exactly the compression of the spread.

Online appendix Table OA3 adds the negative-PFIT and exactly-zero-PFIT groups. Be-

cause PFIT L and PFIT S enter Equation (3) with opposite signs, a larger short-leg multi-

plier implies an asymmetric prediction for outflows: it should widen the long-short spread

when PFIT is negative, just as it compresses the spread when PFIT is positive. Consis-

tent with this logic, long-short returns in both the negative- and zero-PFIT groups are well

above the high-PFIT group: the negative-minus-high difference is 3.76% (t=6.15) and the

zero-minus-high difference is 9.84% (t=5.62) with equal weighting, and 4.04% (t=5.86) and

6.68% (t=3.38) with value weighting. Reading across the five groups, long-short returns

are highest where measured passive demand is zero, high where it is negative, and lowest

where inflow-induced buying is largest, which is the ordering the price-pressure interpretation

implies.

4.3 Fama-MacBeth Regressions

The double sorts show that anomaly spreads are lower among high-PFIT stocks. A natural

concern, however, is that PFIT may be correlated with other stock characteristics that also

predict returns. As Panel C of Table 2 shows, high-PFIT stocks are larger, more profitable,

and more liquid, and they have higher levels of passive ownership. If so, the double-sort

results could reflect these correlated characteristics rather than passive flow-induced trading

itself.

We address this concern using stock-level Fama-MacBeth regressions, which allow us to

control directly for stock characteristics while testing whether the relation between anomaly

signals and returns varies with PFIT. For each anomaly a and quarter t, we estimate

31



re
i,t = αa,t + βP

a,tPFITi,t + βZ
a,tz

a
i,t−1 + βP Z

a,t

(
PFITi,t × za

i,t−1

)
+ Γ′

a,tXi,t + εi,t, (9)

where re
i,t is the quarterly excess return during the holding quarter, PFITi,t is realized passive

flow-induced trading in that quarter expressed as a fraction of lagged shares outstanding,

and za
i,t−1 ∈ [0, 1] is the stock’s fractional rank on anomaly signal a at portfolio formation.

All variables are winsorized within quarter at the 1st and 99th percentiles, and each regres-

sion requires at least 100 stocks. We average the coefficients across anomalies within each

quarter and then over the 86 quarters, reporting Newey-West t-statistics with four lags. The

coefficient of interest is βP Z . A negative βP Z implies that the return spread associated with

the anomaly signal is weaker when passive flow-induced trading is high.

Table 6 reports the results. PFIT is strongly positively related to contemporaneous

returns, consistent with passive inflow-induced price pressure: with full controls, a 0.10%

increase in PFIT is associated with a return higher by roughly 3.0%. The interaction between

PFIT and the anomaly rank is negative and statistically significant in both specifications.

In the base specification, which controls only for size, the interaction is −1.526 with a t-

statistic of −3.39. Adding passive ownership, active flow-induced trading, short interest,

Amihud illiquidity, the bid-ask spread, and market beta leaves the interaction essentially

unchanged at −1.432, with a t-statistic of −4.04. Because PFIT is measured as a fraction of

shares outstanding and the rank runs from zero to one, this estimate implies that a 0.10%

increase in PFIT reduces the return spread between the top and bottom anomaly deciles by

about 0.57%. Thus, the relation between passive flow-induced trading and weaker anomaly

returns is not explained by size, passive ownership levels, correlated active-fund demand,

illiquidity, trading costs, market risk, or the level of short interest.

The controls also help separate the multiplier channel from several alternative explana-

tions. Controlling for passive ownership distinguishes passive flow-induced trading from the
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Table 6. Fama-MacBeth Regressions
Base controls Full controls

PFIT 7.685 7.463
(8.97) (8.07)

Signal fractional rank 0.010 0.007
(3.57) (3.95)

PFIT × signal rank −1.526 −1.432
(−3.39) (−4.04)

Log market equity −0.000 −0.002
(−0.06) (−1.27)

Passive ownership 0.027
(0.69)

AFIT 1.112
(3.30)

Short interest −0.169
(−4.52)

Amihud illiquidity (×106) −0.004
(−1.76)

Bid-ask spread −1.327
(−2.80)

Beta 0.010
(1.57)

Constant 0.013 0.052
(0.23) (1.81)

Quarters 86 86
Mean stocks per anomaly-quarter regression 3,079 2,817
Mean cross-sectional R2 0.032 0.070

This table reports stock-level Fama-MacBeth regressions of quarterly excess
returns on realized PFIT, the fractional anomaly signal rank, and their inter-
action, as in Equation (9). Each anomaly-quarter regression is estimated with
heteroskedasticity-robust standard errors and requires at least 100 stocks; co-
efficients are averaged first across the 146 anomalies within each quarter and
then over the 86 quarters. Newey-West t-statistics with four lags are reported
in parentheses. The sample is from 2002Q2 to 2023Q4.
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level of passive ownership, which prior work links to many stock-level outcomes, including

governance, lending-market conditions, comovement, and price informativeness [Appel et al.,

2016, Von Beschwitz et al., 2025, Qin and Singal, 2015, Buss and Sundaresan, 2020]. Con-

sistent with our argument in Section 3.3 that the flow and the stock are distinct objects,

passive ownership itself carries essentially no return effect in these regressions once PFIT is

included. Controlling for active flow-induced trading addresses the concern that PFIT is cap-

turing correlated active mutual-fund demand. AFIT does enter positively and significantly,

which is consistent with the price-pressure evidence in Lou [2012], but it does not subsume

PFIT. Finally, controlling for short interest, illiquidity, and the bid-ask spread addresses

the possibility that the result is simply a short-sale constraint or trading-cost effect [Daniel,

Klos, and Rottke, 2023] rather than a differential response to passive demand shocks. The

negative interaction remains large and significant after adding all these controls, which is

consistent with the interpretation that passive demand shocks have larger price effects in

stocks where arbitrage is more constrained.

4.4 Longer-Horizon Evidence

One concern with the double-sort results is selection. High-PFIT stocks may differ from low-

PFIT stocks in ways that are not fully captured by the controls, and these differences could

be related to fundamentals and therefore to expected returns. We address this concern by

examining returns over longer horizons, holding the original portfolio sort fixed. If high-PFIT

portfolios simply selected stocks with persistently different fundamentals, then the return

differences between high- and low-PFIT stocks should continue beyond the holding quarter.

Specifically, we fix the anomaly-decile and PFIT-tercile assignments formed in the original

holding quarter and follow each portfolio for eight additional quarters without re-sorting,

computing average annualized excess returns at each horizon and then averaging across the

146 anomalies.

That is not what we find. Figure 4 plots short-leg and long-leg portfolio returns across

34



holding horizons for the low- and high-positive-PFIT groups. In both the short and long

legs, high-inflow portfolios earn especially high returns during the quarter in which passive

flow-induced trading occurs: the gap is 14.75% in the short leg (24.07 versus 9.32) and

10.13% in the long leg (24.64 versus 14.51), consistent with a large part of these return

differences reflecting passive-flow price pressure. After that, however, the return paths of

high- and low-inflow stocks are similar in both legs: by horizon eight, they are only 0.36%

in the short leg and 0.15% in the long leg. This pattern indicates that passive-flow price

pressure is concentrated in the trading quarter rather than persisting over longer horizons.

Online appendix Figure OA3 reports the value-weighted counterpart and shows the same

concentration at horizon zero.

The absence of a sharp reversal is itself useful for interpretation. If the high-PFIT re-

turn effect were purely temporary price pressure that fully unwound, then high-PFIT stocks

should underperform in the following quarters, holding the original sort fixed. Instead, sub-

sequent returns are broadly similar across the two groups. This is consistent with incomplete

pass-through of demand shocks into future returns, as discussed in Davis et al. [2026].

The main implication of Figure 4 is that the PFIT sort does not appear to be picking

up unobserved differences in fundamentals or expected returns. If high-PFIT stocks were

fundamentally different from low-PFIT stocks in a persistent way, we would expect the

return gap to continue after the holding quarter. Instead, the gap is concentrated when the

passive flow-induced trading occurs, and it is largest precisely in the stocks that the anomaly

strategies are short.

5 Mechanism: Heterogeneity in Demand Multipliers

and Short Covering

This section studies the mechanism behind the main portfolio results. Section 4 shows that

anomaly spreads are compressed among stocks that experience high passive inflows, that this
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Figure 4. Long- and short-leg returns across holding horizons. This figure plots portfolio
returns across holding horizons for the low- and high-positive-PFIT groups, separately for
the short leg (left panel) and the long leg (right panel). Stocks are sorted each quarter into
positive-PFIT terciles and anomaly deciles as in Table 5. The anomaly-decile and PFIT-
tercile assignments are then held fixed and portfolio returns are measured for eight additional
quarters without re-sorting. Horizon zero is the quarter in which the realized PFIT shock
occurs. Returns are equal-weighted annualized excess returns at each horizon, averaged
across the 146 anomalies. The sample is from 2002Q2 to 2023Q4.
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compression is not explained by higher passive flow-induced trading in the short leg, and that

it does not appear to reflect persistent differences in fundamentals or other observable stock

characteristics. In light of the framework in Section 2, this points to the multiplier channel:

the same passive demand shock must have a larger price impact in the short leg than in the

long leg. We first estimate demand multipliers separately in the long and short legs of each

anomaly, and then ask whether the cross-anomaly variation in estimated multipliers lines

up with the cross-anomaly variation in realized compression documented in Figure 3. We

then study one directly measurable amplification channel that can generate larger short-leg

multipliers: short covering.

5.1 Multiplier Estimation

Given the evidence against the pure exposure channel in Section 4, we estimate the multiplier

channel directly. For each anomaly a and signal decile d, we pool firm-quarters and estimate

re
i,t+1 = αa,d + Ma,dPFITi,t+1 + δ′

a,dFF5t+1 + εi,t+1, (10)

where re
i,t+1 is the stock’s quarterly excess return during the holding quarter, PFITi,t+1 is

realized passive flow-induced trading during the same quarter, including both passive inflows

and outflows, and FF5 contains the contemporaneous market, size, value, profitability, and

investment factors.2 We exclude observations with exactly zero PFIT. Because both the

return and PFIT are quarterly decimals, Ma,d is a unit-free price-impact multiplier: a value

of one means that a demand shock equal to one percent of shares outstanding moves the

quarterly return by one percent. We focus on the comparison between the short leg, D1, and

the long leg, D10. This specification is essentially a reduced-form estimate of a linearized

demand system in the spirit of van der Beck [2022]. Because we run it for every anomaly, we

obtain a distribution of 146 short-leg multipliers, 146 long-leg multipliers, and 146 multiplier
2The estimates are similar if we replace the factor controls with quarter fixed effects, which absorb

common quarter-level return variation nonparametrically.
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gaps.

The key identifying assumption is that the measured demand shock and the price response

occur at the same time. This is why the evidence in Section 3.3 matters. If current flow-

induced trading were predictable in advance, or if it revealed a longer stream of future

mechanical demand, then part of the contemporaneous price response would reflect earlier

or current revisions about future demand rather than the effect of the current trade itself,

and we would overstate the multiplier. Similarly, if passive flows were informed, the price

response would reflect information rather than demand. Neither appears to be the case:

realized PFIT is close to an innovation in demand, and passive flows do not forecast future

fund returns.

Table 7 reports the estimates. Across the 146 anomalies, the average short-leg multiplier

is 2.77 and the average long-leg multiplier is 2.57. Both are estimated precisely and both

are far from zero, which is itself informative: passive demand shocks move prices in both

legs, so the demand curve for individual stocks slopes down throughout the anomaly cross

section. The average gap between the two is 0.205, with a cross-anomaly t-statistic of 2.02.

The median gap, 0.219, is very close to the mean, so the positive average is not driven by a

few outliers. This is modest but direct evidence for the multiplier channel: the same demand

shock has a larger price effect in the stocks that anomaly strategies short.

Table 7. Multiplier Estimation for the Long and Short Legs
Measure Mean Median Std. dev. t-stat. N anomalies

Short-leg multiplier, MS 2.774 2.618 0.907 36.94 146
Long-leg multiplier, ML 2.569 2.449 0.871 35.65 146
Gap, MS − ML 0.205 0.219 1.228 2.02 146

This table reports the cross-anomaly distribution of estimated demand multipliers.
For each anomaly decile, the multiplier is the slope on realized PFIT in the pooled
stock-quarter regression in Equation (10), which controls for the contemporaneous
Fama-French five factors. The short-leg multiplier MS is estimated in D1, the
long-leg multiplier ML is estimated in D10, and the gap is their difference within
anomaly. Observations with exactly zero PFIT are excluded. The reported t-
statistics come from robust constant-only regressions across the 146 anomaly-level
estimates. The sample is from 2002Q2 to 2023Q4.
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Table 7 also shows why the average gap is only modestly significant: the cross-anomaly

standard deviation of the gap, 1.228, is roughly six times its mean. Multiplier heterogeneity

across anomalies is large relative to the average asymmetry between legs. This dispersion

parallels the dispersion in realized compression in Figure 3, which suggests a sharper test

than the average gap. If the multiplier channel is the right description of the mechanism,

then the anomalies with the largest estimated multiplier gaps and the largest leg differences

in realized demand should be exactly the anomalies whose long-short spreads compress the

most.

We implement this test by constructing, for each anomaly, the return compression that

its own estimated multipliers and its own realized demand shocks imply. Let DS,a,p and

DL,a,p denote the average realized PFIT in the short and long legs of positive-PFIT tercile p,

taken from the same double-sorted portfolios used in Table 5, and let MS,a and ML,a be the

multipliers from Table 7. Following Equation (3), the PFIT contribution to the long-short

return in tercile p is

Ia,p = ML,aDL,a,p − MS,aDS,a,p, (11)

and the implied low-minus-high compression is IP 1−P 3
a = 400 (Ia,1 − Ia,3) in annualized per-

centage points. We then regress each anomaly’s realized low-minus-high spread difference,

the object plotted in Figure 3, on its implied counterpart. This cross-sectional test asks the

question: do the anomalies that should compress more actually compress more?

They do. Figure 5 plots the relation. The slope is 1.313 with a heteroskedasticity-robust

t-statistic of 5.69, and the R2 is 19.3%. A slope near one is what the accounting identity in

Equation (3) predicts if the estimated multipliers and demand shocks are measured without

systematic bias, although the standard error is wide enough that we would not want to lean

on the point estimate. Online appendix Figure OA4 reports the value-weighted version,

where the slope is 0.830 (t = 2.86) with an R2 of 8.2%. The relation is therefore positive

and significant under both weighting schemes.
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Figure 5. Implied versus realized low minus high PFIT spread return. This figure plots each
anomaly’s realized low-minus-high PFIT long-short return difference against the difference
implied by its own estimated demand multipliers and realized demand shocks. The implied
spread is constructed as in Equation (11), combining the leg-specific multipliers from Table 7
with the average equal-weighted PFIT in the short and long legs of each positive-PFIT tercile
from the double sorts in Table 5, and is expressed in annualized percentage points. Plotted
points are equal-count bins of anomalies formed after ranking on the implied spread; the
fitted line, slope, t-statistic, and R2 are estimated on all 146 anomaly-level observations with
heteroskedasticity-robust standard errors. The sample is from 2002Q2 to 2023Q4.
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Which of the two channels in Equation (3) accounts for this explanatory power? Within

a PFIT tercile, the implied spread can be written symmetrically as

MLDL − MSDS =
(
ML − MS

) DL + DS

2 +
(
DL − DS

) ML + MS

2 , (12)

where the first term is the multiplier-difference contribution and the second is the demand-

difference contribution. Applying this identity in P1 and P3 and differencing, a symmetric

allocation attributes 14.1% of the jointly explained cross-anomaly variation to multiplier

differences and 5.4% to demand differences, leaving 80.5% of the cross-anomaly variation in

realized compression unexplained. Two conclusions follow. First, essentially all of the ex-

plained variation comes from the multiplier channel rather than the exposure channel, which

reinforces the portfolio evidence in Section 4. Second, most of the cross-anomaly variation in

compression is not explained by our PFIT accounting at all. That is not surprising. Anomaly

returns are noisy, our multipliers are estimated with error, and passive flow-induced trading

is only one of many forces acting on realized anomaly spreads during a given quarter. We

read Figure 5 as evidence that the multiplier channel is present and economically relevant

in the cross section, not as a claim that passive flows are the dominant driver of anomaly

returns.

5.2 Short Covering and Amplification

One reason short-leg multipliers may be larger is short covering. Passive inflows can push

up the prices of heavily shorted stocks for reasons unrelated to stock-level fundamentals,

acting like noise-trader demand shocks in the spirit of De Long et al. [1990]. Because this

price move goes against short sellers, some may reduce positions by buying to cover. That

buying pressure comes on top of the original passive-flow-induced trade, generating a larger

total price response and, mechanically, a larger estimated multiplier.

We measure short covering using Markit utilization rather than the Compustat short-
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interest ratio, following Muravyev et al. [2025]. Short interest reflects only the demand side

of the lending market, the quantity of shares borrowed, so a decline could equally reflect

fewer available shares to borrow. Utilization is the ratio of shares on loan to lendable supply

and therefore nets out changes in supply, isolating demand-driven covering.

We test this channel using changes in securities-lending conditions after passive-flow

shocks. For each anomaly, we keep the stocks in the short and long legs with positive PFIT

and estimate

∆Yi,t+1 = αt + β1PFITi,t+1 + β2ShortLegi,t + β3 (PFITi,t+1 × ShortLegi,t) + β4Yi,t + ϵi,t+1,

(13)

where Yi,t denotes a short-sale outcome, either Markit utilization or the Markit indicative

lending fee, and ∆Yi,t+1 is its change during the holding quarter. ShortLegi,t is an indicator

equal to one for stocks in D1 and zero for stocks in D10. The quarter fixed effects absorb

common time-series variation in securities-lending conditions, the regression controls for the

lagged level of the corresponding outcome, and standard errors are clustered by firm. Because

Markit coverage improves substantially beginning in 2010, these tests use holding quarters

from 2010Q2 through 2023Q4. The coefficient of interest is β3, the difference between the

short-leg and long-leg responses; the total short-leg slope is β1 + β3. A negative total slope

indicates that passive-flow shocks are followed by declines in utilization or borrowing costs

among heavily shorted stocks, consistent with short covering.

Short covering requires two ingredients, and our anomaly universe lets us test for both. It

requires a strong price-impact channel, so that passive demand actually moves prices against

short sellers, and it requires meaningful pre-existing short positions to cover. We therefore

split the 146 anomalies two ways. The first split uses the sign of the estimated multiplier gap

MS − ML from Table 7: 86 anomalies have a positive gap and 60 have a negative gap. The

second split uses the sign of the shorting-intensity gap, measured as the lagged difference
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in Markit utilization between the short and long legs: 97 anomalies have a short leg that is

more heavily shorted than their long leg, and 49 do not. Within each group we average the

anomaly-specific coefficients and test the group mean across anomalies.

Table 8 reports the results, and the pattern is exactly what the short-covering story

predicts. Passive inflows are followed by declines in utilization and indicative fees in every

group, which is consistent with passive buying leads to short covering generally. What differs

across groups is the additional short-leg response. Among the 86 anomalies with a positive

multiplier gap, the interaction term is negative and significant for both outcomes (−9.30

with t = −2.47 for utilization and −0.125 with t = −3.03 for fees), and the total short-leg

response is substantially larger in magnitude than the long-leg response. Among the 60

anomalies with a negative multiplier gap, the interaction is positive or insignificant, so the

short leg responds no more than the long leg. The split on shorting intensity is even sharper:

among the 97 anomalies whose short legs are more heavily shorted, the interaction is −14.71

(t = −4.65) for utilization and −0.164 (t = −5.10) for fees, while among the remaining

49 anomalies the interaction flips sign. In other words, the short-leg amplification appears

precisely where price impact is largest and where there are short positions to cover, and it

disappears where either ingredient is missing.
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Table 8. Passive Flows and Short Covering
Utilization change Indicative-fee change

Grouping rule N PFIT PFIT × short Total short PFIT PFIT × short Total short

Positive multiplier gap 86 −19.334 −9.301 −28.635 −0.366 −0.125 −0.491
(−6.09) (−2.47) (−8.54) (−13.94) (−3.03) (−11.07)

Negative multiplier gap 60 −23.141 2.689 −20.452 −0.396 0.076 −0.320
(−4.76) (0.50) (−8.29) (−13.18) (2.21) (−14.05)

Positive shorting-intensity gap 97 −15.547 −14.708 −30.254 −0.311 −0.164 −0.474
(−5.29) (−4.65) (−11.67) (−14.96) (−5.10) (−12.11)

Negative shorting-intensity gap 49 −31.493 16.083 −15.409 −0.511 0.196 −0.315
(−5.81) (2.62) (−3.92) (−14.50) (4.64) (−10.45)

This table reports regressions of changes in shorting conditions on passive flow-induced trading, an indicator for the anomaly
short leg, and their interaction, as in Equation (13). The outcomes are the change in Markit utilization and the change in
the Markit indicative lending fee during the holding quarter. For each anomaly, the sample is restricted to the short and
long legs, D1 and D10, and to observations with positive passive flow-induced trading; the regression absorbs quarter fixed
effects, controls for the lagged level of the outcome, and clusters standard errors by firm. “PFIT” is β1, the long-leg slope;
“PFIT × short” is β3, the difference between the short- and long-leg slopes; and “Total short” is β1 + β3. Anomalies are
grouped by the sign of the estimated multiplier gap MS −ML from Table 7 and by the sign of the lagged short-minus-long-leg
difference in Markit utilization. The displayed coefficients are means of the anomaly-specific estimates within each group,
and the t-statistics in parentheses test the cross-anomaly group mean. The sample is from 2010Q2 to 2023Q4.
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The two splits are not independent, and their relation is suggestive about where multiplier

heterogeneity comes from in the first place. We find that the cross-anomaly correlation

between the estimated multiplier gap, MS − ML, and the shorting-intensity gap, measured

as the lagged short-minus-long-leg difference in utilization, is above 0.3 and statistically

significant. Anomalies whose short legs are more heavily shorted going into the holding

quarter are the anomalies whose short legs have the steeper demand curves. This is what

one would expect if pre-existing short positions are part of what makes short-leg demand

curves steep: a heavily shorted stock has a larger stock of positions that can be forced to

unwind when prices rise, and short sellers who cover are buying at the same time as the

index funds. This suggests that heavier shorting may help explain why demand multipliers

are larger in anomaly short legs.

Short covering is also not the only reason short-leg stocks may have larger passive-flow

multipliers. More generally, anomaly short legs often contain stocks where arbitrage cap-

ital is scarce, disagreement is high, and current holders have especially strong beliefs. As

one example of this, consider “meme” stocks during the COVID-19 pandemic: they fea-

tured optimistic valuations, highly engaged investors, and owners who were reluctant to sell

[Greenwood, Laarits, and Wurgler, 2023]. In such stocks, arbitrageurs may be less willing

or able to lean against price pressure, while current holders may require a larger price in-

crease to supply shares. This interpretation is consistent with models in which disagreement

and short-sale constraints interact to generate return continuation, producing dynamics that

resemble price momentum [Daniel et al., 2023].

Thus, the short-covering tests should be read as evidence on one measurable amplifi-

cation channel, not as a claim that all multiplier heterogeneity comes from literal short

covering. Other limits-to-arbitrage mechanisms can generate similar price-impact asymme-

try, and these mechanisms are likely to be strongest in anomaly short legs. The broader

point is that passive demand shocks should have larger effects precisely in the stocks where

arbitrage is most limited. This is the sense in which passive flow-induced trading creates a
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limit to arbitrage for investors implementing convergence trades.

6 Conclusion

Sharpe’s arithmetic is a useful tool for thinking about the effect of rising passive investing

on the active management industry [Sharpe, 1991]. If passive investors hold the market

portfolio and earn zero alpha relative to the market, active investors must also earn zero

alpha in aggregate. But this aggregate accounting identity is not the experiment faced by

each individual active manager. Active managers hold specific positions, in specific parts of

the market, over specific holding periods. The realized payoff to those strategies depends

not only on whether the underlying signal is informative about returns on average, but also

on the demand shocks that arrive while the trade is in place.

This paper studies this issue across a broad universe of long-short anomaly strategies.

We use passive flow-induced trading to measure the mechanical stock-level demand shocks

created when index funds scale their holdings in response to investor flows. These shocks

are well suited to the question: passive flows are hard to forecast out of sample and do

not predict subsequent fund returns, so realized PFIT is close to an unanticipated and

uninformed demand shock. Across 146 anomalies, long-short returns are substantially lower

among stocks experiencing large passive inflows during the holding period, falling from 5.01%

in the low-inflow tercile to 0.60% in the high-inflow tercile. The pattern holds for about

70% of individual anomalies and survives value weighting, risk adjustment, and stock-level

controls.

The mechanism is not that short-leg stocks receive more passive demand than long-leg

stocks. Average passive flow-induced trading and passive ownership are nearly identical in

the two legs. Instead, the same passive demand shock has a larger price impact in the

short leg, where arbitrage is more constrained. Estimated demand multipliers are larger in

the short leg on average, and, more tellingly, the anomalies whose multipliers and demand
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shocks imply more compression are the anomalies that display more compression in the

data. Consistent with one amplification channel, securities-lending utilization and borrow

fees fall by more in the short leg after passive-flow shocks, but only for the anomalies with

large multiplier gaps and heavily shorted short legs, and those two features are themselves

positively correlated in the cross section of anomalies.

The main takeaway is that passive flow-induced trading can act as a limit to arbitrage.

Even if anomaly signals continue to contain information about future returns, the realized

payoff to trading on those signals depends on mechanical demand pressure during the holding

period. In this sense, passive investing need not change aggregate active alpha mechanically

to affect active management. It can instead change the risks, timing, and realized returns of

the trades active managers use to exploit mispricing.
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Online Appendix
Passive Flows and the Limits to Arbitrage

This appendix reports the supporting analyses referenced in the main text. Section OA.1

tests whether fund flows forecast subsequent fund returns, which is the informativeness test

discussed in Section 3.3 of the paper. Section OA.2 reports the out-of-sample fund-flow

calibration when fund-quarters are weighted by total net assets. Section OA.3 reports the

value-weighted counterpart of the main double sorts, and Section OA.4 adds the negative-

and zero-PFIT groups. Sections OA.5 and OA.6 report the value-weighted counterparts

of the longer-horizon and implied-spread results. The anomaly universe is the same 146

signals used in the main text, and, unless stated otherwise, portfolio returns and alphas are

annualized percentage points and cross-anomaly inference is based on a robust constant-only

regression across the anomaly-level estimates. All tables and figures are collected at the end

of this appendix.

OA.1 Fund Flows and Subsequent Fund Returns

Section 3.3 argues that PFIT is a useful proxy for an inelastic demand shock in part because

passive flows do not appear to be informed. Table OA1 reports the underlying test. The

dependent variable is fund f ’s return in quarter t + 1, and, separately for passive and active

funds, we estimate

Rfund
f,t+1 = α +

4∑
j=0

ρjFlowf,t−j +
4∑

j=0
γjR

fund
f,t−j + εf,t+1, (OA.1)

If investors direct money to funds because they have information about the securities those

funds hold, current and recent flows should forecast subsequent fund performance. Equal-

weighted specifications give each fund-quarter equal weight, while value-weighted specifica-

tions use analytic weights proportional to end-of-quarter total net assets within the fund-type
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by quarter cell. The dependent variable and all regressors are winsorized at the 1st and 99th

percentiles within quarter and passive/active status, and standard errors are two-way clus-

tered by fund and quarter.

The results give no support for a timing interpretation. Current flow does not significantly

predict next-quarter returns in any of the four specifications, for either fund type and under

either weighting scheme. A handful of individual lag coefficients are statistically significant,

but their signs are not stable across specifications: for example, the coefficient on the second

flow lag is positive and significant in the equal-weighted specifications and insignificant in

the value-weighted ones, while the coefficient on the fourth lag switches sign across weighting

schemes. This is what one would expect from sampling variation across twenty estimated

coefficients rather than from a systematic timing ability. The R2 values reinforce the point:

they range from 0.014 to 0.047, so current and recent flows account for almost none of the

variation in subsequent fund returns.

OA.2 TNA-Weighted Fund-Flow Calibration

Figure OA5 reproduces the out-of-sample fund-flow calibration in Figure 1 of the main text,

weighting fund-quarters by total net assets rather than equally. This addresses the concern

that the low predictability of passive flows is a small-fund phenomenon driven by the many

tiny index products in the CRSP mutual fund database. It is not. Predicted passive flows

explain 1.7% of the variation in subsequently realized passive flows, with a calibration slope of

0.312, compared with 19.0% and a slope of 0.691 for active funds. If anything, TNA weighting

widens the gap between passive and active flow predictability relative to the equal-weighted

results in Table 3.
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OA.3 Value-Weighted Double Sorts

Our baseline portfolios are equal-weighted, following the convention in the anomaly literature

and in Chen and Zimmermann [2022]. Table OA2 reports the value-weighted counterpart

of main-text Table 5. Portfolios are formed identically: within each quarter, stocks with

positive realized PFIT are sorted into terciles and then into anomaly deciles within tercile.

Returns use formation-quarter market capitalization as weights, and a portfolio-quarter is

retained only when its weights sum to more than 0.99.

The main pattern survives value weighting. The average long-short return falls from

3.593% in the low-PFIT tercile, to 1.099% in the middle tercile, to −0.708% in the high-

PFIT tercile. The low-minus-high difference is 4.301% with a cross-anomaly t-statistic of

6.34, which is close to the equal-weighted difference of 4.412%. The CAPM-alpha difference

is 3.720% (t = 6.03). As in the equal-weighted results, realized passive demand raises returns

in both legs, but by more in the short leg: moving from the low- to the high-PFIT tercile

raises value-weighted short-leg returns by 20.178% and long-leg returns by 15.877%. Both

leg-level effects are larger than their equal-weighted counterparts of 14.767% and 10.355%,

which is consistent with passive flow-induced trading mattering more for the large stocks

that dominate value-weighted portfolios, and the difference between the two legs is exactly

the 4.301% compression of the spread.

Figure OA2 plots the value-weighted leg returns, and Figure OA1 plots the distribution

of the 146 anomaly-level value-weighted low-minus-high differences. The value-weighted

distribution closely resembles its equal-weighted counterpart in Figure 3: the cross-anomaly

mean is 4.30% with a t-statistic of 6.34, and 69.2% of anomalies have a positive difference,

compared with 69.9% with equal weighting. The dispersion is somewhat wider in the tails,

ranging from about −20% to +32%.
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OA.4 Negative- and Zero-PFIT Observations

The main analysis restricts attention to stock-quarters with positive PFIT, in order to isolate

passive inflow-induced buying pressure and because inflows account for about 70% of nonzero

observations. Table OA3 adds the two omitted groups, stock-quarters with negative PFIT

and those with exactly zero measured PFIT, and reports both equal- and value-weighted

results. Zero PFIT means zero measured net flow-induced trading in that stock-quarter; it

does not mean zero passive ownership, because index-fund flows may be zero or may offset

one another across the funds holding the stock.

For the negative PFIT group, because PFIT L and PFIT S enter Equation (3) with

opposite signs, a larger short-leg multiplier implies an asymmetric prediction for outflows: it

should widen the long-short spread when PFIT is negative, just as it compresses the spread

when PFIT is positive. The findings are largely consistent with it.

Adding these groups extends rather than qualifies the main pattern. With equal weight-

ing, the long-short return is 4.359% in the negative-PFIT group and 10.444% in the zero-

PFIT group, compared with 0.600% in the high-positive-PFIT group. The negative-minus-

high difference is 3.759% (t = 6.15) and the zero-minus-high difference is 9.843% (t = 5.62).

The value-weighted differences are 4.037% (t = 5.86) and 6.684% (t = 3.38). CAPM-alpha

differences have the same sign and significance under both weighting schemes. Reading

across the five groups, long-short returns are highest where measured passive demand is

zero, high where it is negative, and lowest where inflow-induced buying is largest, which

is the ordering the price-pressure interpretation implies. The unusually large spread in the

zero-PFIT group should be interpreted with care: it is a zero-net-demand group rather than

a zero-passive-ownership group, and it contains a different, generally smaller set of stocks.
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OA.5 Value-Weighted Longer-Horizon Returns

Figure OA3 reports the value-weighted counterpart of main-text Figure 4. As in the equal-

weighted case, the anomaly-decile and PFIT-tercile assignments are formed in the original

holding quarter and then held fixed for eight additional quarters without re-sorting.

The message is the same and, if anything, sharper. At horizon zero, high-PFIT portfolios

earn much higher returns than low-PFIT portfolios in both legs, with gaps of roughly 20%

and 16% in the short and long legs respectively. From horizon one onward the gaps collapse

and the two paths become quite similar afterwards. The robust conclusion, common to

both weighting schemes, is that the large return gap between high- and low-PFIT stocks

is concentrated in the quarter in which the passive demand arrives and does not persist

afterward.

OA.6 Value-Weighted Implied Versus Realized Spreads

Figure OA4 reports the value-weighted counterpart of main-text Figure 5. For each anomaly,

we combine the leg-specific demand multipliers with the average realized demand shocks in

the short and long legs of each positive-PFIT tercile to form the PFIT-implied low-minus-

high spread in Equation (11), and regress the realized value-weighted spread difference on

it.

The relation remains positive and significant. The slope is 0.830 with a heteroskedasticity-

robust t-statistic of 2.86, and the R2 is 8.2%, compared with a slope of 1.313 and an R2 of

19.3% in the equal-weighted specification.
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Table OA1. Fund Flows and Next-Quarter Fund Returns
Passive funds Active funds

Regressor Equal weighted Value weighted Equal weighted Value weighted

Current flow −0.005 −0.082 −0.005 0.041
(−0.37) (−1.74) (−0.30) (1.10)

Flow, t − 1 −0.002 0.014 −0.004 −0.034
(−0.19) (0.26) (−0.30) (−1.35)

Flow, t − 2 0.028 0.023 0.023 0.045
(2.15) (0.66) (2.09) (1.25)

Flow, t − 3 −0.002 0.025 −0.022 −0.047
(−0.26) (0.94) (−1.71) (−1.84)

Flow, t − 4 −0.027 −0.003 −0.013 −0.011
(−2.22) (−0.11) (−1.22) (−0.48)

Current fund return −0.055 −0.011 0.004 0.017
(−0.41) (−0.12) (0.03) (0.21)

Fund return, t − 1 0.044 −0.004 0.029 0.011
(0.43) (−0.05) (0.32) (0.16)

Fund return, t − 2 −0.113 −0.065 −0.100 −0.083
(−1.10) (−0.74) (−1.11) (−1.06)

Fund return, t − 3 −0.136 −0.085 −0.106 −0.065
(−1.43) (−0.99) (−1.40) (−0.86)

Fund return, t − 4 0.105 0.063 0.078 0.023
(0.84) (0.81) (0.80) (0.28)

Observations 31,568 31,568 85,195 85,195
R2 0.047 0.021 0.029 0.014

This table reports fund-quarter regressions of next-quarter fund returns on current and four
lags of fund flows and fund returns, as in Equation (OA.1). The four regressions are estimated
separately by passive/active status and weighting scheme. Value-weighted specifications use
analytic weights proportional to end-of-quarter total net assets within the fund-type by quarter
cell. Parentheses contain two-way clustered t-statistics by fund and quarter. Constants are
estimated but not reported. The sample is from 2002Q2 to 2023Q4.

59



Table OA2. PFIT and Anomaly Double-Sorted Portfolio Returns (Value Weighted)
Outcome Portfolio Low Middle High Low−High

Return Short leg 4.185 13.536 24.438 −20.253
(11.85) (38.63) (80.30) (−42.46)

Return Long leg 7.833 14.602 23.710 −15.877
(20.18) (50.60) (86.99) (−32.30)

Return Long-short 3.593 1.099 −0.708 4.301
(7.26) (2.45) (−1.63) (6.34)

CAPM alpha Short leg −8.340 0.514 11.038 −19.378
(−19.57) (1.32) (38.45) (−44.14)

CAPM alpha Long leg −4.287 2.142 11.355 −15.643
(−12.18) (7.02) (42.39) (−34.75)

CAPM alpha Long-short 4.006 1.634 0.286 3.720
(6.90) (2.98) (0.68) (6.03)

This table is the value-weighted counterpart of Table 5. Each quarter,
stocks with positive realized PFIT during the holding quarter are sorted
into terciles based on PFIT and then, within each tercile, into deciles based
on the anomaly signal available at the end of the previous quarter. Port-
folio returns use formation-quarter market capitalization as weights. The
short leg is D1, the long leg is D10, and the long-short portfolio is D10
minus D1. Anomaly-level means and CAPM alphas are estimated with
heteroskedasticity-robust standard errors. The table reports robust cross-
anomaly means with cross-anomaly t-statistics in parentheses. Returns and
alphas are annualized percentage points. The sample is from 2002Q2 to
2023Q4.
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Table OA3. Negative and Zero PFIT Sample
Outcome Portfolio Negative Zero Low Middle High Neg.−High Zero−High Low−High

Panel A: Equal-weighted portfolios

Return Short leg 0.785 −9.576 9.655 13.970 24.422 −23.638 −33.999 −14.767
(2.17) (−8.87) (25.08) (49.19) (68.25) (−53.97) (−28.67) (−33.80)

Return Long leg 5.144 0.867 14.668 16.638 25.023 −19.879 −24.155 −10.355
(14.03) (0.72) (37.26) (60.38) (82.86) (−49.74) (−18.97) (−27.41)

Return Long-short 4.359 10.444 5.013 2.668 0.600 3.759 9.843 4.412
(7.77) (6.56) (8.60) (6.67) (1.20) (6.15) (5.62) (7.15)

CAPM alpha Short leg −12.262 −23.633 −5.345 −0.316 9.141 −21.403 −32.774 −14.487
(−33.66) (−20.41) (−14.25) (−1.24) (36.42) (−56.13) (−28.90) (−38.51)

CAPM alpha Long leg −7.449 −12.900 0.284 3.040 10.211 −17.660 −23.111 −9.927
(−23.49) (−10.59) (0.79) (12.60) (55.98) (−50.04) (−18.91) (−26.32)

CAPM alpha Long-short 4.813 10.733 5.629 3.356 1.070 3.743 9.663 4.559
(8.71) (6.55) (9.65) (9.32) (3.30) (7.08) (6.04) (8.36)

Panel B: Value-weighted portfolios

Return Short leg −4.273 −4.978 4.240 13.503 24.418 −28.692 −29.397 −20.178
(−11.95) (−3.67) (11.75) (38.77) (79.77) (−62.88) (−20.49) (−41.34)

Return Long leg −0.945 0.997 7.833 14.602 23.710 −24.655 −22.713 −15.877
(−2.37) (0.89) (20.18) (50.60) (86.99) (−50.97) (−19.51) (−32.30)

Return Long-short 3.328 5.975 3.593 1.099 −0.708 4.037 6.684 4.301
(6.07) (3.21) (7.26) (2.45) (−1.63) (5.86) (3.38) (6.34)

CAPM alpha Short leg −15.332 −17.756 −8.293 0.508 11.069 −26.402 −28.826 −19.363
(−38.11) (−12.10) (−19.56) (1.31) (38.99) (−63.48) (−20.73) (−43.80)

CAPM alpha Long leg −11.802 −11.168 −4.287 2.142 11.355 −23.158 −22.523 −15.643
(−30.69) (−9.11) (−12.18) (7.02) (42.39) (−50.85) (−18.58) (−34.75)

CAPM alpha Long-short 3.530 6.589 4.006 1.634 0.286 3.244 6.302 3.720
(6.00) (3.24) (6.90) (2.98) (0.68) (5.17) (3.25) (6.03)

This table extends the main double sorts to stock-quarters with negative and with exactly zero
realized PFIT. Negative and Zero denote PFIT below and equal to zero; Low, Middle, and High
are terciles among observations with positive PFIT. Within each of the five PFIT groups, stocks
are sorted into deciles based on the anomaly signal available at the end of the previous quarter,
and portfolio returns are measured during the holding quarter. Panel A reports equal-weighted
portfolios and Panel B reports value-weighted portfolios. The table reports robust cross-anomaly
means, with cross-anomaly t-statistics in parentheses. Returns and alphas are annualized percent-
age points. The sample is from 2002Q2 to 2023Q4.
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Figure OA1. Low minus high PFIT spread return distribution (value weighted). This fig-
ure is the value-weighted counterpart of Figure 3. It ranks the 146 anomaly-level estimates
of the difference between the value-weighted long-short return in the low-positive-PFIT ter-
cile and the value-weighted long-short return in the high-positive-PFIT tercile. Portfolios
are formed as in Table OA2, and each point is one anomaly. Differences are expressed in
annualized percentage points. The reported mean, cross-anomaly t-statistic, and share of
positive differences are computed across the 146 anomalies. The sample is from 2002Q2 to
2023Q4.
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Figure OA2. PFIT and anomaly double-sorted portfolio returns (value weighted). This
figure is the value-weighted counterpart of Figure 2. Bars report cross-anomaly averages of
anomaly-level mean value-weighted excess returns during the holding quarter for the short
leg (D1) and the long leg (D10) in each realized positive-PFIT tercile, expressed in annualized
percentage points and averaged across the 146 anomalies. The note below the figure reports
the increase in each leg’s average return in moving from the low- to the high-PFIT tercile.
The sample is from 2002Q2 to 2023Q4.
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Figure OA3. Long- and short-leg returns across holding horizons (value weighted). This
figure is the value-weighted counterpart of Figure 4. Stocks are sorted each quarter into
positive-PFIT terciles and anomaly deciles as in Table OA2. The anomaly-decile and PFIT-
tercile assignments are then held fixed and portfolio returns are measured for eight additional
quarters without re-sorting. Horizon zero is the quarter in which the realized PFIT shock
occurs. Returns are value-weighted annualized excess returns at each horizon, averaged
across the 146 anomalies. The sample is from 2002Q2 to 2023Q4.
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Figure OA4. Implied versus realized low minus high PFIT spread return (value weighted).
This figure is the value-weighted counterpart of Figure 5. It plots each anomaly’s realized
value-weighted low-minus-high PFIT long-short return difference against the difference im-
plied by its own estimated demand multipliers and realized demand shocks, constructed as
in Equation (11) and expressed in annualized percentage points. Plotted points are equal-
count bins of anomalies formed after ranking on the implied spread; the fitted line, slope,
t-statistic, and R2 are estimated on all anomaly-level observations with heteroskedasticity-
robust standard errors. The sample is from 2002Q2 to 2023Q4.
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Figure OA5. Predicted and realized fund flows: out-of-sample fit with TNA weights.
This figure is the TNA-weighted counterpart of Figure 1. It plots subsequently realized
quarterly fund flows against out-of-sample predicted flows, separately for passive funds (left
panel) and active funds (right panel), weighting fund-quarters by total net assets. Predicted
flows for quarter t are constructed by estimating the cross-sectional forecasting regression in
Equation (8) separately in each of the eight preceding quarters, averaging the coefficients,
and applying them to each fund’s three lagged flows and three lagged returns. Plotted points
are equal-count bins used for rendering only; the reported slope and R2 are estimated on the
full unbinned sample. Fund flows are expressed as a fraction of lagged total net assets. The
sample is from 2002Q2 to 2023Q4.
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