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Abstract
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repurchases, treatment firms repurchased 20% fewer shares due to unforeseen conflicts
between the pilot and repurchase regulations. The random assignment of treatment
allows us to control for price spillover effects under a difference-in-differences frame-
work. We estimate a relative price multiplier of 2.01 and show that households and
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Keywords: Exogenous supply shock, price multiplier, portfolio rebalancing, Tick
Size Pilot, share repurchase, demand-based asset pricing

JEL Classification: G11, G12, G20, G35

∗Shao: CUHK Business School, The Chinese University of Hong Kong, shidongshao@link.cuhk.edu.hk;
Yao: CUHK Business School, The Chinese University of Hong Kong, chenyao@cuhk.edu.hk; Ye: Johnson
Graduate School of Management, Cornell University and NBER, my87@cornell.edu; Zou: Johnson Graduate
School of Management, Cornell University, jz2274@cornell.edu. We thank Stefano Cassella (discussant),
Manav Chaudhary, Haiwei Chen (discussant), Will Cong, Chuck Fang, Zhiyu Fu, William Fuchs, Valentin
Haddad, Zhiguo He, Kewei Hou, Paul Huebner, Lawrence Jin, Ralph Koijen, Jane Li, Sida Li, Erik Loualiche,
Daniel Neuhann, David Ng, Neil Pearson, David Solomon, Fred Sun, Rüdiger Weber (discussant), Kairong
Xiao, Motohiro Yogo, Scott Yonker, Jiaqi Zhang (discussant), Xinran Zhang (discussant), Miles Zheng, and
Haonan Zhou, as well as seminar participants at 2025 CCER Summer Institute, 2025 China Fintech Research
Conference, 2025 CICF, 2025 Esade Spring Workshop, 2025 FMA, 12th SAFE Asset Pricing Workshop, The
Microstructure Exchange, Stockholm Business School, University of British Columbia, University of South
Florida, and Vienna Graduate School of Finance for insightful comments. Ye acknowledges support from
National Science Foundation grant 1838183 and the Extreme Science and Engineering Discovery Environment
(XSEDE).

https://www.dropbox.com/scl/fi/ubbp365nl166e5nav470i/Asset-Prices-and-Investor-Behavior-under-Randomized-Supply-Shocks.pdf?rlkey=qlv2wf17qr1nme0sd4596cfk6&st=458l4scz&dl=0
mailto:shidongshao@link.cuhk.edu.hk
mailto:chenyao@cuhk.edu.hk
mailto:my87@cornell.edu
mailto:jz2274@cornell.edu


1. Introduction

A fundamental principle in economics is that identifying the slope of the demand curve typ-

ically requires exogenous shocks to the supply curve, such as weather shocks in agriculture

(Roberts and Schlenker, 2013). In contrast, the literature in demand system asset pricing

often assumes a fixed supply curve and relies on exogenous demand-side instruments: time-

series demand shocks such as index inclusions (Shleifer, 1986),1 or cross-sectional variations

in mandate-driven demand (Koijen and Yogo, 2019). This methodological divergence re-

flects the difficulty of finding exogenous asset supply shocks, as corporate managers tend

to time the market to exploit mispricing (Brav et al., 2005). While demand-side instru-

ments provide an ingenious workaround, unbiased estimation requires clearly identifying

both shocked investors and affected assets. Moreover, demand-side instruments are silent on

how investors respond to supply shocks, which is an important but underexplored dimension

at the intersection of asset pricing and corporate decisions.

This paper fills these gaps by exploiting an exogenous supply shock to directly estimate

the stock-level aggregate price multiplier and to trace the heterogeneous responses across

investor groups. Supply shocks circumvent the empirical challenges faced by demand-side

instruments: rather than requiring the econometrician to identify the shocked investors, a

supply shock affects all investors’ holdings through market clearing. In addition, because

a firm can alter only the supply of its own shares, the set of shocked assets is directly

observed under a supply shock. These features deliver clean identification of aggregate price

multipliers and investors’ portfolio rebalancing in equilibrium.

Empirically, we exploit the 2016 SEC’s Tick Size Pilot (TSP) as a rare and randomized

experiment that generates exogenous supply shocks to the treatment stocks without affecting

their close substitutes in the control group. The TSP randomly assigned 1,200 stocks to

treatment groups, increasing the minimum tick size from one cent to five cents; the remaining

1,199 stocks served as controls with no change in tick size. Surprisingly, this seemingly minor

adjustment in tick size reduced share repurchases for treatment firms by 20%.
1Common demand shocks also include mutual fund flows (Coval and Stafford, 2007; Edmans et al., 2012),

dividend reinvestment (Kvamvold and Lindset, 2018), asset purchase program by central bank or government
(Koijen et al., 2021).
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Neither managers nor market participants anticipated the reduction. We find no sig-

nificant changes in the announced repurchase dollar volume between treatment and control

firms, suggesting that the TSP did not alter managers’ intent to buy back shares. Similarly,

announcement cumulative abnormal returns (CARs) show no significant changes, indicating

the supply shocks induced by the TSP were uninformed and unanticipated to the market.

Ex post, Li et al. (2024) show the reduction stems from the conflict between the TSP and

SEC Rule 10b-18, the regulation on open-market repurchases.2

An exogenous supply shock to one stock can spill over to the prices of other stocks

through investors’ portfolio rebalancing (Fuchs et al., 2024). Consequently, the price change

of a treatment stock reflects not only its own supply shocks but also those from the other

1,199 treatment stocks. Likewise, the price change of a control stock reflects spillovers from

all 1,200 treatment stocks. To address the spillover effects, we exploit the TSP’s randomized

design: only treatment stocks face supply shocks, whereas control stocks do not. We match

each treatment stock to a control stock with similar observables. Since the matched stocks

share the same cross-price multipliers (Haddad et al., 2025),3 subtracting the price change

of the matched control stock from that of the treatment stock removes spillovers from the

remaining 1,199 treatment stocks outside the matched pair.

We then estimate a difference-in-difference panel regression at the pair-quarter level.

The dependent variable is the within-pair double difference in log prices, and the key ex-

planatory variable is the within-pair double difference in repurchase payouts. Our specifi-

cation identifies the relative price multiplier averaged across matched pairs (Haddad et al.,

2025), with an empirical estimate of 2.01. This estimate implies that, relative to its matched

closest substitute, a 1% increase in uninformed share supply (scaled by book equity) lowers

the stock’s price by 2.01%.

Because the double difference in log prices removes spillovers from the 1,199 other treat-

ment stocks, the relative price multiplier retains only the residual spillover from a treatment
2Rule 10b-18 effectively requires that firms use limit orders to repurchase at the bid price. The TSP

removed four-fifths of price grids and thus lengthened queues at remaining prices. Time-priority execution
prevented firms from competing with high frequency traders, mechanically reducing the fill rate of repurchase
and creating de facto positive supply shocks for treatment firms. See more details in Section 3.

3This parallels Assumption A1 in Haddad et al. (2025), which assumes homogeneous cross-elasticities
conditional on observables. We empirically validate this assumption under a factor structure of asset payoffs
in Section 5.3.

2



stock to its matched control stock. We show that this residual spillover is negligible relative

to the direct effect of the stock’s own supply shock. As a result, the estimated relative mul-

tiplier closely approximates the own-price multiplier—the price response to a stock’s own

aggregate demand change with all other prices held fixed.

This approximation builds on a simple demand system in which asset payoffs follow a

single-factor structure (Koijen et al., 2023). Theoretically, the own-price multiplier consists

of an idiosyncratic-risk component and a systematic-risk-exposure component. Because the

relative multiplier captures only the idiosyncratic component, it approximates the own-price

multiplier when idiosyncratic risk dominates systematic exposure. Empirically, this condition

is strongly supported: summary statistics show that average idiosyncratic risk is 6.7 times

larger than average systematic exposure, and a t-test indicates that systematic exposure is

less than 7.9% of idiosyncratic risk (at the 1% significance level). In other words, the residual

spillover effect is less than 7.9% of the direct effect in our relative price multiplier estimate.4

A unique feature of the TSP also rules out liquidity effects on treatment prices. The

TSP divided the 1,200 treatment stocks into three groups. The 400 stocks in test group 3

exogenously repurchased 59% fewer shares than groups 1 and 2 because of an unexpected

restriction on the usage of dark pools for share repurchases.5 Importantly, the restriction did

not affect overall market liquidity for group 3 stocks (Albuquerque et al., 2020). We sepa-

rately estimate the price multipliers for groups 1 and 2 versus group 3 and find no statistically

significant differences. Therefore, three treatment groups have the same price multipliers,

and group 3 stocks experienced greater price decline than groups 1 and 2 primarily because

of the additional reduction in share repurchases.

Finally, we examine how investors adjust their holdings in response to supply shocks.

Intuitively, investors with higher demand elasticities absorb more supply shocks, given the

price change through the price multiplier. We find that for each additional exogenous share of

supply, households (non-13F investors) increased their holdings by 1.006 shares; investment
4This result does not imply that overall spillover effects from the other 1,199 treatment stocks are negli-

gible, since all treatment stocks experienced positively correlated supply shocks.
5Group 3 stocks additionally faced the “trade-at rule”, requiring dark pools to execute orders only when

they improved the National Best Bid and Offer (NBBO) by at least 2.5 cents. But Rule 10b-18 considered
repurchase prices 2.5 cents above the best bid as price manipulation. This unintended conflict between the
trade-at rule and Rule 10b-18 effectively banned group 3 firms from repurchasing shares through dark pools.
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advisors (e.g., hedge funds) increased holdings by 0.452 shares; and insurance companies

by 0.065 shares. By contrast, small funds decreased holdings by 0.189 shares and other

investor groups exhibit no significant responses. These findings indicate that households

and investment advisors absorb the majority of supply shocks, whereas smaller investment

advisors amplify the supply shock by selling their positions.

Contributions to Related Literature. To our best knowledge, this paper is the first

to exploit exogenous supply shocks to estimate the stock-level price multiplier. Although

theoretical frameworks in demand system asset pricing demonstrate the intuition using sup-

ply shocks (Yogo, 2025; Haddad et al., 2025), empirical implementations have predominantly

focused on demand shocks under the fixed supply, such as index inclusion/deletion (Chang

et al., 2015), dividend reinvestment (Schmickler and Tremacoldi-Rossi, 2023; Hartzmark and

Solomon, 2024; Chen, 2024), and regulatory regime shifts (Cassella et al., 2024). A fixed asset

supply implies that the aggregate demand change is always zero. Thus, the demand-shock

approach implicitly partitions investors into shocked and unshocked groups and identifies the

residual demand curve of unshocked investors. We complement the demand-shock approach

by identifying stock-level aggregate demand curves using supply shocks.

Koijen and Yogo (2019) innovatively bypass the fixed-supply constraint by constructing

and rotating hypothetical “shocks’’ across investors—via investment mandates—to identify

each investor’s demand curve and then aggregating them to the stock level. However, they

impose downward-sloping demand curves on each investor to ensure a unique equilibrium.

This restriction may truncate investors with negative demand elasticities (e.g., momentum

traders), thereby attenuating aggregate estimates (Binsbergen et al., 2025). Our supply-

shock approach complements their work by directly identifying the aggregate demand curve

without parametric assumptions on individual demand curves. We also extend their demand

system framework, which explains the levels of investor holdings under fixed supply, to

examine how investors change their holdings in response to supply shifts.

Recent literature also emphasizes the necessity of supply shocks to identify asset demand

curves. He et al. (2025) advocates estimating the stock-level aggregate price multiplier using

supply shocks as a benchmark of estimates based on demand shocks. Supply shocks can

bypass estimating investor-level demand curves and thereby avoids bias. This paper provides
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the first empirical application in equity market of this argument.

Since firms invest only in their own stocks, our supply-shock approach avoids the overes-

timation bias that arises from omitting correlated (demand) shocks across assets (Chaudhary

et al., 2025). In the TSP, only treatment firms experienced supply shocks, and these shocks

affected only their own shares. As a result, our supply-shock design is not confounded by

unobserved correlated shocks across assets.

Haddad et al. (2025) provide a theoretical framework for controlling spillover effects and

identifying the relative price multiplier. We offer the first empirical implementation of this

framework. Following their approach, we match each treatment stock to a control stock with

similar characteristics, which absorbs spillover effects. We further show—both theoretically

and empirically—that the resulting relative price multiplier closely approximates the own-

price multiplier when idiosyncratic risk substantially exceeds systematic risk exposure.

Finally, our findings provide new insights into the literature on share repurchases. Tra-

ditional views attribute the price increase after share repurchases to signaling undervaluation

(Bonaimé and Kahle, 2024). Our results show that an uninformed reduction in outstanding

shares also mechanically increases price. Consequently, the secular increase in share repur-

chases (Kahle and Stulz, 2021; Li et al., 2024) may mechanically lead to a higher share price

in recent years.

The rest of the paper is structured as follows. Section 2 establishes conceptual framework

for our identification method. Section 3 describes the institutional backgrounds and sample

construction. Section 4 presents the effect of TSP on share supply and the tests of exogeneity

of the supply shock. Section 5 presents the estimation of relative price multiplier, excludes

the confounding liquidity effect, and validates the empirical approximation of relative price

multiplier to the own-price multiplier. Section 6 reports the portfolio rebalancing behaviors

by investors when faced supply changes. We investigate robustness checks and heterogeneous

distribution of price multipliers in Section 7. Finally, Section 8 concludes.
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2. Conceptual Framework

To motivate our empirical specification, we first develop a simple model of demand system

with supply shocks. It builds on the static CARA-normal framework with heterogeneous

beliefs following Lintner (1969). This model illustrates the identification of price multiplier,

the control for spillover effects using the TSP’s randomized control, and the characterization

of portfolio rebalancing behaviors across investors.

2.1 Model

We consider a two-period securities market with trading at t = 0 and payoffs realized at

t = 1. The market consists of one riskless asset with a risk-free rate normalized to zero and

N risky assets indexed by n = 1, . . . , N . Investors, indexed by i = 1, . . . , I , allocate available

funds across these assets. Each stock n has an exogenously share supply S(n) and delivers a

per-share terminal payoff d(n) at t = 1. Each investor i holds heterogeneous beliefs over the

payoff vector di = (di(1), . . . , di(N))′, following a joint-normal distribution with finite first

and second moments, i.e., di ∼ N (µi,Σi).
6

Let Ai,0 denote investor i’s initial wealth. Let P and qi be the endogenously determined

N -dimensional vectors of asset prices and the number of shares held by investor i at t = 0,

respectively. Investor i’s terminal wealth at t = 1 is

Ai,1 = Ai,0 + (di − P )′ qi

At t = 0, each investor i chooses portfolio holdings qi to maximize her expected constant

absolute risk aversion (CARA) utility over the terminal wealth:

max
qi

Ei [− exp (−γiAi,1)]

where γi > 0 is investor i’s coefficient of absolute risk aversion. This framework delivers a

tractable mean-variance demand function. As shown in Appendix A.1, investor i’s optimal
6The variance-covariance matrix, Σi ∈ RN×N , has full rank. In the CAPM, all investors hold homoge-

neous beliefs with constant µ and Σ.
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demand is

qi =
1

γi
Σ−1

i (µi − P ) (1)

Let S be an N -dimensional vector of share supply at t = 0. By clearing markets for

risky assets,
∑I

i qi = S, we obtain equilibrium asset prices:

P = M
(

I∑
i=1

1

γi
Σ−1

i µi − S

)
, where M ≜

(
I∑

i=1

1

γi
Σ−1

i

)−1

(2)

where M ∈ RN×N is the price multiplier matrix, characterizing the equilibrium relationship

between shifts in aggregate demand and asset prices. The diagonal elements [M]n,n represent

the own-price multipliers, measuring how asset n’s price responds to a shift in its own

aggregate demand, holding other prices fixed. The off-diagonal elements [M]n,m represent

the cross-price multipliers, measuring how asset n’s price responds to a shift in aggregate

demand for asset m. Formally,

[M]n,n = −
∂P (n)

∂
∑I

i qi(n)
and [M]n,m = −

∂P (n)

∂
∑I

i qi(m)
, ∀m ̸= n

2.2 Identification with Supply Shocks

We now introduce supply shocks to our framework. Suppose the exogenous supply shocks

shift the supply curve by a wedge of ∆S = (∆S(1), ...,∆S(N))′.7 The total supply therefore

changes to

Snew = S −∆S

Thus, ∆S(n) > 0 reflects a reduction in shares outstanding for stock n; ∆S(n) <

0 indicates an increase in shares outstanding; and ∆S(n) = 0 implies no supply shock.8

Equation (2) with Snew determines the new equilibrium price P new. The equilibrium price

change ∆P = P new − P satisfies

∆P = M ∆S (3)
7Here, “exogenous” means that ∆S(n) is independent from share price P (n).
8Koijen and Yogo (2019) do not include supply changes in their model, with ∆S ≡ 0 as a special case.
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This transformation requires the assumption of uninformedness: supply shocks contain no

information about assets’ future payoffs (i.e., Cov(∆µi,∆S) = 0 for all investors i). We

later validate this assumption in our sample by showing no differences in CARs around

the repurchase announcement during the TSP in Section 4. Appendix A.3 discusses the

relaxation of this assumption and corresponding solutions.

2.2.1 Why Do We Need Supply Shock?

We briefly compare the supply-shock approach with the traditional approaches that use

time-series or cross-sectional demand-side instruments. Time-series instruments include de-

mand shocks and demand shifters, while cross-sectional instruments include the investment-

mandate measure developed by Koijen and Yogo (2019).

Demand-shock approach typically assumes ∆S ≡ 0 and relies on the actual quantity

change for estimation. Thus, it implicitly divides investors into shocked and unshocked

groups and effectively identifies the residual demand curves of unshocked investors. For

example, Pavlova and Sikorskaya (2023) uses the Russell 1000/2000 inclusion and deletion

as demand shocks, estimating the price multipliers of investors without index benchmark.

Demand shifters capture the hypothetical change in aggregate demand holding price

fixed. Investors still hold optimal portfolios by internalizing the price impact from the

shifters. Although the demand-shifter approach can identify the aggregate demand curve

under fixed supply, the identification requires (1) that the slope of investors’ demand curves

remains unchanged and (2) correct measurement of the shifter. For example, Chaudhary

et al. (2025) construct demand shifters from mechanical portfolio rebalancing induced by

mutual fund flows in corporate bond market. They empirically defend that: (1) funds rebal-

ance proportionally using identical portfolio weights rather than selectively trading liquid

bonds (unchanged demand slope), and (2) flows translate one-for-one into asset demand

rather than being partially absorbed by cash buffers (correct measurement of the shifter).

Both the demand-shock and demand-shifter approaches require clean identification of

which investors are shocked (∆q̃j ̸= 0 for all investors j) and which assets are affected

(∆q̃j(n) ̸= 0 for all assets n). Omitting either set leads to biased estimates of price multipli-

ers. We discuss these challenges in Appendix A.4.
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Koijen and Yogo (2019) propose an innovative alternative to the demand-shock approach

for identifying the aggregate demand curve. Their estimation proceeds in two steps. First,

they estimate each investor’s demand curve using the investment mandates of other investors

as instruments; when estimating investor i’s demand, the instruments generate “shocks’’ to

the other I − i investors through exogenous variation in their mandates. Second, they

aggregate these individual demand curves to obtain the aggregate demand curve. In princi-

ple, this two-step procedure can yield estimates comparable to those obtained directly from

supply shocks. The empirical difficulty is that many investors do not exhibit downward-

sloping demand—e.g., momentum funds whose demand increases with price (Binsbergen

et al., 2025). To ensure a unique market-clearing price, Koijen and Yogo (2019) impose a

maximum slope of –0.01 on each investor. Although this cap enforces downward-sloping

individual demand, it may understate the true aggregate elasticity. We formally discuss this

issue in Appendix A.4.

In contrast, a supply shock affects all investors’ holdings through market clearing. The

supply-shock approach therefore identifies the aggregate demand curve rather than a residual

demand curve. This identification does not rely on parametric assumptions about individual

demand curves, as in Koijen and Yogo (2019), nor on assumptions about specific trading

behaviors underlying flow-based demand shifters. Moreover, because a firm can alter only

the supply of its own shares, the set of shocked assets is directly observed under a supply

shock. As a result, the supply-shock approach also avoids concerns about omitting shocked

assets.

2.2.2 Control for Spillover Effects

This section demonstrates how the randomize design of the TSP controls for spillover effects.

Based on equation (3), the equilibrium price change for asset n decomposes as direct and

spillover effects:

∆P (n) = [M]n,n∆S(n)︸ ︷︷ ︸
direct effect

+
∑
m ̸=n

[M]n,m∆S(m)︸ ︷︷ ︸
spillover effects from
other supply shocks

(4)
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The direct effect [M]n,n∆S(n) captures asset n’s price response to its own supply shock.

Spillover effects characterize how a supply shocks to asset m affects assent n’s price through

the cross-price multiplier [M]n,m.

Consider the TSP that induced simultaneous supply shocks to all 1,200 treatment firms.

Estimating an unbiased own-price multiplier [M]n,n from supply shocks requires controlling

for spillover effects from all other 1,199 treatment stocks.9 Otherwise, equilibrium price

change would be overestimated and partially reflect shocks to other treatment firms. We

exploit the randomized assignment of treatment and control stocks in the TSP to difference

out these spillover effects.

For each TSP treatment stock n, we match an unshocked TSP control stock n′ (i.e.,

∆S(n′) = 0) with similar characteristics. From equation (4), the equilibrium price change

in the treatment stock is

∆P (n) = [M]n,n∆S(n)︸ ︷︷ ︸
direct effect

+ [M]n,n′∆S(n′)︸ ︷︷ ︸
spillover effect from
the matched stock

+
∑

m ̸=n,n′
[M]n,m∆S(m)︸ ︷︷ ︸

spillover effects from
other stocks

(5)

where spillover effects are further decomposed into the effect from matched stock and the

effect from all other stocks. Similarly, the price change in the matched control stock n′ is

∆P (n′) = [M]n′,n′∆S(n′)︸ ︷︷ ︸
direct effect

+ [M]n′,n∆S(n)︸ ︷︷ ︸
spillover effect from
the matched stock

+
∑

m ̸=n,n′
[M]n′,m∆S(m)︸ ︷︷ ︸

spillover effects from
other stocks

(6)

Because stock n and n′ have similar observables, we assume, following Haddad et al.

(2025), that they share identical cross-price multipliers with all other assets, i.e., [M]n,m ≈

[M]n′,m, ∀m ̸= n, n′.10 Differencing equations (5) and (6) yields

∆P (n)−∆P (n′) = ([M]n,n − [M]n′,n) ∆S(n)− ([M]n′,n′ − [M]n,n′) ∆S(n′) (7)
9Identification using demand-side instruments face the same challenge. Koijen and Yogo (2019) address

it by imposing homogeneous substitution patterns implied by logit demand. Koijen and Yogo (2024) specify
spillovers under a nested-logit structure. Chaudhary et al. (2025) specify larger spillover effects for bonds
within the same rating category as close substitutes, and weaker spillovers for bonds in different ratings.

10Section 2.3 provides a microfoundation for this assumption.
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The double-difference in prices between stock n and its matched stock n′ eliminates spillover

effects from all other 1,199 treatment stocks outside the pair. Because the matched control

stock n′ was unshocked during the TSP (∆S(n′) = 0), equation (7) further simplifies to

∆P (n) = ([M]n,n − [M]n′,n)︸ ︷︷ ︸
relative price multiplier

Mrelative(n,n
′)

∆S(n) (8)

The remaining bilateral spillover operates through the cross-price multiplier [M]n′,n.

Therefore, the TSP supply shocks identify the relative price multiplier Mrelative(n, n
′) —the

difference between the own- and cross-price multipliers (Haddad et al., 2025). It measures

how the price of a treatment stock relative to its comparable control stock changes when

the relative supply (aggregate demand) shifts. Mrelative(n, n
′) can be heterogeneous across

matched pairs. Equation (8) motivates the following difference-in-differences empirical spec-

ification:

∆p = M̄∆s+ γ′∆x+ ε (9)

where M̄ identifies the average relative price multiplier across treated stocks. The variable

∆p = ∆P (n)−∆P (n′) and ∆s = ∆S(n)−∆S(n′) denote the double-difference in log stock

price and share repurchase between a shocked stock n and its matched control stock n′,

respectively. We detail the variable construction in Section 5.1. As discussed in Appendix

A.3, we further include double-differences in observables, such as liquidity, size, growth

opportunities, and profitability, to absorb confounding price effects.

2.3 Approximation to Own-Price Multiplier

In this section, we derive empirical conditions under which the estimated relative price

multiplier in equation (9) approximates the own-price multiplier. This approximation builds

on the standard single-factor structure on asset payoffs as in Koijen et al. (2023).

A Single-Factor Structure on Asset Payoffs. Following Koijen et al. (2023), we

assume each investor i’s belief on asset payoffs follows a single-factor structure:

di = µi + biF + η (10)

11



where µi is an N×1 vector of investor i’s expected payoffs. bi is an N×1 vector of investor-

specific factor loadings, with its element bi(n) capturing investor i’s perceived exposure of

stock n to the systematic risk factor F . The factor follows a standard normal distribution:

F ∼ N (0, 1). The idiosyncratic shock η ∼ N (0, σ2I) is independent of F .11

Under assumption (10), the covariance matrix of investor i’s perceived payoffs is Σi =

σ2
Fbib

′
i+σ2I. This structure delivers a closed-form expression for the price multiplier matrix

M defined in equation (2), as stated in the following lemma.

Lemma 1 (Price Multiplier under Factor Structure). Under the factor structure (10),

the price multiplier matrix is

M =
σ2

r
I +

1

r2
BLB′ (11)

where

r =
I∑

i=1

1

γi
, B =

 b1√
γ1(σ2 + b′1b1)

, · · · ,
bI√

γI(σ2 + b′IbI)


N×I

, L = σ2

I −
1

r
B′B

−1

The corresponding own-price multiplier [M]n,n, cross-price multiplier [M]n,m, and the rel-

ative price multiplier Mrelative = [M]n,n − [M]n,m are

[M]n,n =
σ2

r
+

1

r2
ρ′
nLρn, [M]n,m =

1

r2
ρ′
nLρm

Mrelative(n,m) =
σ2

r
+

1

r2
ρ′
nL(ρn − ρm)

where ρn =

 b1(n)√
γ1(σ2 + b′1b1)

, · · · ,
bI(n)√

γI(σ2 + b′IbI)

′

(12)

Proof: See Appendix A.2.

Intuitively, the scalar r aggregates investors’ risk-bearing capacities. The vector ρn ∈ RI

captures the scaled, investor-specific factor loadings on stock n; its i-th element measures

investor i’s perceived exposure of asset n relative to the investor’s total systematic risk
11Assuming homoskedastic idiosyncratic variance σ2 simplifies exposition, though allowing σ2(n) hetero-

geneity leaves the core results unchanged.
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exposure. The matrix L ∈ RI×I governs how a supply shock propagates across investors

through portfolio rebalancing.

The own-price multiplier [M]n,n consists of an idiosyncratic component (σ2) and the

exposure to systematic component that aggregates across investors through ρ′
nLρn. In con-

trast, the cross-price multiplier [M]n,m arises purely from systematic comovement between

assets through ρ′
nLρm. Hence, the relative price multiplierMrelative isolates the idiosyncratic

component plus the difference in systematic exposure between the two assets.

Constant Cross-Price Multipliers Outside the Pairs. Our identification strat-

egy follows Haddad et al. (2025) by assuming constant cross-price multipliers outside each

matched pair (n, n′). Under the factor structure in Lemma 1, this condition becomes trans-

parent. Since matched firms share similar characteristics, we assume they share similar

factor exposures (ρn ≈ ρn′).12 Then, we have [M]n,m ≈ [M]n′,m for all m ̸= n, n′. Taking

differences in price changes between n and n′, therefore, cancels the spillover effects from all

other shocked stocks as we show in equation (7).

For a given matched pair with ρn ≈ ρn′ , the relative price multiplier simplifies to

[M]n,n − [M]n,n′ ≈ σ2

r
. Recalling that [M]n,n = σ2

r
+ 1

r2
ρ′
nLρn, the relative price multiplier

closely approximates the own-price multiplier if the second term ( 1
r2
ρ′
nLρn) is negligible.

This occurs when the contribution of systematic risk exposure is sufficiently small relative

to the idiosyncratic risk. The following proposition formalizes this result.

Proposition 1 (Relative Price Multiplier Approximates Own-Price Multiplier).

Under the single-factor in equation (10) and given a a matched stock pair (n, n′), if ∀i ∈

{1, · · · , I} , bi(n) ≈ bi(n
′) and b2i (n) ≪ σ2, then [M]n′,m ≈ [M]n,m for all m ̸= n, n′ and

[M]n,n − [M]n,n′ ≈ [M]n,n.

Proof: See Appendix A.2.

Proposition 1 shows that when each investor’s perceived systematic risk exposure, b2i (n),

is sufficiently small relative to idiosyncratic risk σ2, the systematic-driven term in the own-

price multiplier is negligible. Consequently, the relative price multiplier Mrelative provides a
12One of the microfoundation of this assumption is to model the factor exposure as a linear function of

characteristics, as in Koijen and Yogo (2019) and Koijen et al. (2023). Thus, similar characteristics between
stocks imply similar factor exposures.
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close approximation to the own-price multiplier.

CAPM Illustration. While formal proofs of Lemma 1 and Proposition 1 are in Ap-

pendix A.2, the intuition is clear under a representative-investor CAPM benchmark with

γi = γj = γ, bi = bj = b, and I = 1. In this case, the multiplier matrix simplifies to

[M]n,n = γ
[
σ2 + b2(n)

]
[M]n,m = γ b(n)b(m)

Mrelative(n,m) = γ
{
σ2 + b(n) [b(n)− b(m)]

} (13)

The own-price multiplier combines the idiosyncratic risk, σ2, and the systematic risk

exposure through the asset’s beta, b2(n). Cross-price multipliers scale with the product of

two assets’ betas, b(n)b(m). When two assets have similar betas, i.e., b(n) ≈ b(m), they

exhibit similar cross-price multipliers to other stocks. Under the condition b2(n) ≪ σ2, i.e.,

systematic risk exposure is small relative to idiosyncratic risk, the relative price multiplier

approximates the own multiplier.

The Necessity of Eliminating Spillover Effects. Proposition 1 does not imply

that the spillover effects in equation (4) are negligible. The condition b2i (n) ≪ σ2 ensures

that systematic risk exposures are relatively small in individual asset. However, the ag-

gregate spillover term,
∑N

m=1 bi(n)bi(m)∆S(m), can still be large when (1) the number of

shocked assets N is large, and (2) the supply shocks ∆S(m) are positively correlated. In the

TSP, 1,200 treatment stocks experienced positively correlated supply shocks. Ignoring these

spillovers would overstate the attribution of price changes to own shocks, thereby biasing

estimates of the price multiplier.

2.4 Investor Response to Supply Shocks

This section studies the changes in equilibrium holdings across various investor types in

response to supply shocks. Since the demand system of Koijen and Yogo (2019) explains the

cross-sectional stock holdings under fixed supply, a natural question is how investors adjust

their portfolios when share supply changes exogenously. Starting from investor i’s demand
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function (1) and substituting the equilibrium price (2), we have:

qi =
1

γi
Σ−1

i

µi −M

 I∑
i=1

1

γi

µi − S

 (14)

The change in investor i’s holdings, ∆qi, in response to a supply shock ∆S, is thus

∆qi = Ai ×∆S, where Ai ≜
1

γi
Σ−1

i︸ ︷︷ ︸
investor i’s elasticity

× M︸︷︷︸
price multiplier

(15)

We refer to Ai ∈ RN×N as investor i’s absorption matrix, defined as the product of

investor i’s demand elasticity matrix and the aggregate price multiplier matrix. Intuitively,

Ai describes how investor i adjusts her portfolio given a supply shock: a supply shock alters

equilibrium prices through M, and each investor rebalances according to her own elasticity

matrix 1
γi
Σ−1

i . Investors with lower demand elasticity absorb a smaller share of the shock.

Because an investor chooses a portfolio of assets, a supply shock to asset m leads to

rebalancing across multiple assets. Thus, investor i’s absorption matrix includes both own-

asset rebalancing terms [Ai]n,n and cross-asset rebalancing terms [Ai]n,m for n ̸= m. In

particular, for a matched stock pair (n, n′), investor i’s holding changes are

∆qi(n) = [Ai]n,n ∆S(n) + [Ai]n,n′ ∆S(n′) +
∑

m ̸=n,n′
[Ai]n,m ∆S(m)

∆qi(n
′) = [Ai]n′,n′ ∆S(n′) + [Ai]n′,n ∆S(n) +

∑
m ̸=n,n′

[Ai]n′,m ∆S(m)

Similar to the spillover effects discussed in Section 2.2, the observed holding changes

reflect both the own-asset rebalancing effect [Ai]n,n∆S(n) and cross-asset substitution effects

[Ai]n,m∆S(m), ∀m ̸= n. To eliminate cross-asset substitution effects, we rely on the TSP’s

randomized-controlled design, where control stocks face no supply shocks (∆S(n′) = 0).

Taking the difference in investor i’s holding changes between matched treatment and control
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stocks yields13

∆qi(n)−∆qi(n
′) =

(
[Ai]n,n − [Ai]n′,n

)
∆S(n) (16)

Equation (16) thus characterizes how investor i rebalances her holdings in stock n

relative to its matched stock n′ when only n experiences a supply shock. We provide corre-

sponding empirical evidence in Section 6.

3. Institutional Settings, Data, and Sample

This section explains the institutional background of the TSP, the mechanism of supply

shocks under the TSP, and our sample data.

3.1 Institutional Background

In 2014, the SEC instructed the Financial Industry Regulatory Authority (FINRA) and

National Securities Exchanges (NSEs) to develop a pilot program to test the effects of varying

tick sizes on market performance. The Tick Size Pilot (TSP) officially commenced on October

3, 2016, and concluded on October 1, 2018. The program selected 2,399 stocks from the

Regulation National Market System (Reg NMS) that met specific criteria in the three months

before the launch: a minimum share price of $1.50, an average daily trading volume of fewer

than one million shares, and a market capitalization below $3 billion.

After selecting the eligible TSP stocks, FINRA and NSEs randomly assigned treatment

and control groups. They first sorted all eligible stocks into 27 buckets based on three

characteristics: (1) low, medium, or high share prices, (2) low, medium, or high volume,

and (3) low, medium, or high market capitalization. They then randomly selected stocks

from each of the 27 categories to form three test groups, each containing 400 stocks. The

remaining 1,199 eligible stocks served as the control group.

The control group continued to trade and quote at the standard 1-cent tick size. Test
13This simplification also relies the factor structure in Section (2.3). Assuming that matched stocks

share similar factor exposures, we have Σ−1
i M = 1

γiσ2 (M − bib
′
iM

σ2+b′
ibi

). Defining vi = b′iM, this im-
plies [Σ−1

i M]n,m = 1
γiσ2

(
[M]n,m − bi(n)v

′
i(m)

σ2+b′
ibi

)
. For a matched pair (n, n′) with bi(n) ≈ bi(n

′), we have
[Σ−1

i M]n,m ≈ [Σ−1
i M]n′,m for m ̸= n, n′.
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group 1 stocks could only be quoted in $0.05 increments, but they could still be traded in

$0.01 increments. Test group 2 stocks were both quoted and traded in $0.05 increments.

Test group 3 followed the same rules as test group 2 but also fell under the Trade-at Rule,

which barred dark-pool executions unless they improved the NBBO by 2.5 cents.14

Since repurchasing firms typically assign valuations well above the prevailing market

price (Li et al., 2023), a modest increase in tick size should have limited direct impact on

share repurchase. Surprisingly, Li et al. (2024) find that the TSP significantly reduced

share repurchases for treatment firms. This unexpected outcome stems primarily from an

unintended conflict between the TSP and an existing regulation: SEC Rule 10b-18, which

regulates open-market share repurchase. Rule 10b-18 imposes a price ceiling on share repur-

chase to prevent firms from manipulating their stock prices. The price ceiling prohibits firms

from bidding above the highest independent bid or the last transaction price, effectively re-

quiring firms to place buy limit orders at the bid price on repurchase transactions. The TSP

removes four out of every five quote levels, forcing investors who previously quoted at finer

intervals to cluster their bids at coarser levels. Because executions of limit orders quoted at

the same price follow the time-priority rule, faster HFTs may outpace firms, reducing firms’

order execution probability and thus lowering their realized repurchase volume ex post. As

we report later, the effect of TSP on repurchase was unanticipated by firm managers or

market participants, making the resulting decline in repurchases an exogenous supply shock

to treatment firms.

Notably, firms often buy back shares using dark pools for two reasons. First, dark

pools match orders passively based on reference prices from public exchanges, which aligns

naturally with the requirements of Rule 10b-18. For instance, when a dark pool uses the bid

price to match buy and sell orders, it inherently satisfies the price constraint imposed by

Rule 10b-18. Second, dark pools allow firms to bypass speed competition by not imposing

the time priority in trade execution. However, the TSP introduced an additional Trade-at

Rule specifically for test group 3, which restricted dark pool executions unless they improved

the NBBO by more than 2.5 cents. Since Rule 10b-18 regards outbidding the best bid by
14See, for example, https://www.govinfo.gov/content/pkg/FR-2015-05-13/pdf/2015-11425.pdf and

https://www.sec.gov/files/rules/sro/nms/2015/34-74892-exa.pdf.
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2.5 cents as a signal of price manipulation, it unintentionally blocked firms in test group 3

from repurchasing shares through dark pools. Consequently, firms in test group 3 faced more

stringent constraints on share repurchases than test groups 1 and 2, and thus experienced

larger decline in share repurchases.

3.2 Data and Sample

Our sample comprises all common stocks (CRSP share codes 10 or 11) in the TSP from

the FINRA website.15 The sample period spans from 2014Q4 to 2018Q3, allowing for eight

quarters of data both before and after the implementation of the TSP. We collect firm-

level financial information from Compustat’s North America Fundamentals Quarterly files;

daily and monthly stock data from CRSP; percent quote spread data from Daily Trade and

Quote (TAQ); firms’ repurchase announcement dates and values from the SDC Platinum;

and institutional investor holdings from the Thomson Reuters Institutional (13F) Holdings

dataset. Following the payout literature, we exclude firms in the utility (SIC code 4200–

4299) and financial industries (SIC code 6000–6999) because additional regulations might

generate divergent payout behavior in these companies (Fama and French, 2001). We also

require non-missing value for variables used in the payout specification. Our final sample

includes 611 firms in the three test groups and 651 firms in the control group.

Table 1 presents summary statistics for main variables in our analysis. For an average

firm in our sample, the total expenditures in common stock repurchase, equity issuance,

and common stock dividends account for 0.629%, 0.641%, and 0.422% of the book equity,

respectively. The average stock price and total shares outstanding are $27.759 and 34.041

million, respectively.

4. Exogenous Supply Shock

This section shows that the TSP significantly and exogenously reduced share repurchases

for treatment firms relative to control firms. Neither managers nor the market anticipated
15The TSP security lists and changing lists are available on https://www.finra.org/rules-guidance/key-

topics/tick-size-pilot-program/data-collection-securities-and-pilot-securities-files.
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Table 1
Summary Statistics

Variables N Mean SD Q1 Median Q3
Repurchase Payout 19,548 0.629 1.924 0.000 0.000 0.078
Equity Issuance 19,548 0.641 1.649 0.000 0.022 0.299
Dividend Payout 19,548 0.422 1.026 0.000 0.000 0.475
Price ($) 19,548 27.759 33.678 7.950 18.000 36.620
Shares (million) 19,548 34.041 28.318 15.758 28.477 45.277
Size 19,548 5.853 1.420 4.849 5.930 6.942
Profitability 19,548 0.090 0.260 0.008 0.045 0.095
Growth 19,548 2.308 1.863 1.204 1.648 2.637
Investment 19,548 2.632 15.378 -2.968 0.336 3.619
Beta 19,503 1.225 1.092 0.644 1.165 1.717
Quoted Spread 19,548 0.790 1.189 0.170 0.314 0.788
Note. This table presents the summary statistics for the main variables in our empirical
specifications. Variable definitions can be found in Appendix B. To mitigate the potential
influence of extreme values, the continuous variables are winsorized at the top and bottom
1% percentile.

the TSP’s effect on repurchases.

4.1 Reduction in Share Repurchases

We begin by estimating the effect of TSP on share repurchases activity. Following Li et al.

(2024),we implement the difference-in-differences specification:

Yn,t = β × Treatmentn × Postt + γ′Xn,t + ut + un + εn,t (17)

where n indexes firms and t indexes year-quarters. Yn,t is the variable of interest, including

repurchase payouts, defined by the total expenditures in common stock repurchases divided

by lagged book equity;16 equity issuance, defined as the sale of common and preferred stocks

minus any increase in preferred stocks divided by lagged book equity; and dividend payouts,

defined as common stock dividends divided by lagged book equity. Treatmentn is an indi-

cator that equals one if a firm is in one of three test groups and zero if it is in the control
16We select book equity as the scaling variable following Fama and French (2015). In untabulated results,

we also scale by lagged total assets and obtain identical results, consistent with Li et al. (2024).
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group. Postt is an indicator that equals one if an observation is from the post-treatment

period (2016Q4–2018Q3) and zero if it is from the pre-treatment period (2014Q4–2016Q3).

Controls include size, profitability, and growth opportunity. We include firm fixed effects

(un) to control time-invariant heterogeneity across firms, and year-quarter fixed effect (ut)

to control time-varying market-wise shocks. The main coefficient of interest is β, which

estimates the average treatment effects of TSP on share repurchase. All continuous and un-

bounded variables are winsorized at the 1% and 99% levels. The standard errors are robust

to heteroskedasticity and are clustered at the firm level.

Table 2 presents the results. Column (1) shows that treated firms reduce repurchase

payouts in dollar volume by 0.143% relative to controls, representing about 20% of the pre-

treatment sample mean. The significant decrease in share repurchase is consistent with Li

et al. (2024): The price ceiling under Rule 10b-18 incentivizes firms to submit limit orders

for repurchases. The widened tick size introduced by the TSP, however, intensifies the speed

competition between firms and other investors at the price ceiling. Since firms are generally

slower than HFTs, their limit orders face a lower execution rate, leading to a lower fill rate

of share repurchases.

The insignificant coefficient on β in column (2) suggests that the TSP affected share

supply through constraints on share repurchases, rather than equity issuance. Similarly,

column (3) shows no significant effect of the TSP on dividend payouts. These results are

consistent with the institutional features of equity issuance and dividend payments, which

take place outside the secondary market and are therefore unaffected by the TSP or the

price ceiling rule. The negligible effect on dividend payouts thus provides indirect evidence

of the exogeneity of the supply shock, suggesting that managers did not adjust the dividend

policy to offset the reduction in share repurchase.

4.2 Repurchase Announcement

We next test whether the effect of the TSP on share repurchases is exogenous and unexpected

by both firm managers and market participants. We modify equation (17) by replacing

the dependent variables with (i) the logarithmic value of the announced repurchase dollar

volume and (ii) the three-day Cumulative Abnormal Returns (CARs) around the [−1,+1]
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Table 2
Supply Shock

Repurchase
Payoutn,t

Equity
Issuancen,t

Dividend
Payoutn,t

(1) (2) (3)
Treatmentn × Postt -0.143** -0.014 -0.006

(0.07) (0.05) (0.03)
Sizen,t -0.043 0.393*** -0.050*

(0.06) (0.05) (0.03)
Profitabilityn,t 0.573*** 0.130 0.146**

(0.13) (0.11) (0.07)
Growthn,t -0.007 0.445*** 0.021**

(0.01) (0.02) (0.01)

Firm FE Yes Yes Yes
Year-quarter FE Yes Yes Yes
Obs. 19,548 19,548 19,548
Adj. R2 0.332 0.345 0.662

Note. This table presents the effect of 2016 Tick Size Pilot program on repurchase payouts,
equity issuance, and dividend payouts. Treatment is an indicator that equals one if a stock
is in one of the three test groups and zero if it is in the control group. Post is an indicator
that equals one if the year-quarter falls into the post-treatment period (2016Q4–2018Q3)
and zero if it falls into the pre-treatment period (2014Q4–2016Q3). Controls include size,
profitability, and growth opportunity. The robust standard errors clustered at the firm level
are shown in parentheses. All continuous and unbounded variables are winsorized at the 1%
and 99% levels. ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels,
respectively.

announcement window.

Panel A of Table 3 shows that the TSP does not significantly reduce announced re-

purchase dollar volume for treated firms, with or without controls. Since the announced

repurchase dollar volume reflects the maximum amount managers intend to allocate to a re-

purchase program, it proxies for repurchase intent. As we find no changes in the announced

dollar volume, the observed decline in realized share repurchases is not driven by changes

in managerial intent, but rather by an exogenous shock that lowered the completion rate of

repurchase programs.

Panel B of Table 3 reports the results of the three-day CARs surrounding the repurchase

21



Table 3
Effect of the TSP on Share Repurchase Announcement

Panel A: Announced Repurchase Volume
log(Announced Repurchase Dollar V olumen,t)

(1) (2)
Treatmentn × Postt -0.117 -0.106

(0.21) (0.20)

Pre-treatment mean of LHS 10.376 10.376
Controls No Yes
Firm FE Yes Yes
Announcement quarter FE Yes Yes
Obs. 579 579
Adj. R2 0.606 0.619
Panel B: Announcement Cumulative Abnormal Returns

CAPM FF3 FF5
(1) (2) (3)

Treatmentn × Postt -0.543 -0.408 -0.309
(2.33) (2.27) (2.20)

Pre-treatment mean of LHS 1.040% 1.126% 1.093%
Controls Yes Yes Yes
Firm FE Yes Yes Yes
Announcement quarter FE Yes Yes Yes
Obs. 571 571 571
Adj. R2 0.124 0.138 0.139

Note. This table presents the effects of TSP on planned share repurchase. In Panel A,
the dependent variable is the natural logarithm of announced repurchased dollar volume.
Treatment is a dummy variable that equals one if a stock is in one of the three test groups
and zero if it is in the control group. Post is an indicator variable that equals one if the year-
quarter falls into the post-treatment period (2016Q4–2018Q3) and zero if it falls into the
pre-treatment period (2014Q4–2016Q3). The robust standard errors clustered at firm level
are in parentheses. Panel B presents the effects of TSP on announcement CARs. In column
(1), (2), and (3), the dependent variable is the cumulative abnormal return (%) around [-
1,+1] event window based on CAPM, Fama-French three-, and five-factor model. The robust
standard errors clustered at firm and announcement quarter level are in parentheses. All
continuous and unbounded variables are winsorized at the 1% and 99% levels. ***, **, and
* indicate significance at the 1%, 5%, and 10% levels, respectively.
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announcement. Columns (1), (2), and (3) present CARs estimates adjusted using the CAPM,

the Fama-French three-factor model, and the Fama-French five-factor model, respectively.

None of these models reveals a significant change in CARs around repurchase announcements

for treatment firms during the TSP period. These results indicate that market participants

did not anticipate the adverse effect of the TSP on share repurchases and did not adjust

their response to new repurchase announcements. These results also indicate that the TSP

did not alter the information content of repurchase announcements.

In sum, the decline in repurchases among treated firms during the TSP reflects an exoge-

nous, uninformed shift in the supply curve. Relative to controls, treated firms experienced

lower ex post completion rates of repurchase programs. These results extend Li et al. (2024)

by showing that the TSP constitutes an exogenous, uninformed supply shock.

5. Estimation of Price Multiplier

In this section, we first outline our identification strategy and present baseline estimates of

the relative price multiplier. We then exploit the regulatory dark-pool constraint applied

exclusively to test group 3. This restriction induces an additional decline in share repurchases

and stock prices for test group 3, while leaving overall liquidity conditions unchanged. This

unique setting allows us to isolate the price impact of supply shocks from broader liquidity

effects. Finally, we empirically show that the estimated relative price multiplier closely

approximates the own-price multiplier based on Proposition 1.

5.1 Estimation of Relative Price Multiplier

After validating the TSP as an exogenous and uninformed supply shock, we now estimate

the relative price multiplier using the specification developed in Section 2.2. To control for

spillover effects, we exploit the TSP’s random assignment of treatment and control stocks

by matching each treatment firm with a control firm.

We match each TSP-treated firm to a single TSP control firm within the same two-digit

SIC industry based on firm size, profitability, growth, and repurchase payouts. Matching

is implemented via nearest-neighbor propensity score methods using average pre-treatment
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characteristics from 2014Q4–2016Q3, thereby ensuring comparability and avoiding condi-

tioning on outcomes potentially influenced by the TSP. The final sample comprises 546

treated–control pairs. Table 4 reports mean characteristics for treated and matched control

firms, indicating no statistically significant differences across observed dimensions, such as

price, total shares outstanding, beta, and percentage quoted spread.

Table 4
Propensity Score Matching Sample

Treatment Control t-test
Repurchase Payout 0.751 0.631 1.431
Size 5.759 5.778 0.223
Profitability 0.092 0.084 0.656
Growth 2.214 2.187 0.289
Investment 2.290 2.158 0.320
Dividend Payout 0.433 0.386 0.867
Beta 1.285 1.202 1.398
Price ($) 24.475 24.073 0.242
Shares Outstanding ($m) 32.836 32.364 0.312
Quoted Spread 0.860 0.917 0.846

Note. This table reports average pre-treatment observables (2014Q4–2016Q3) for matched
treatment and control stocks. Matching is conducted one-to-one within the same 2-digit SIC
industry using nearest-neighbor methods, based on four firm characteristics: size, profitabil-
ity, growth opportunities, and repurchase payouts. The t-test column reports t-statistics for
the null hypothesis of equal means between treatment and control groups. ***, **, and *
indicate significance at the 1%, 5%, and 10% levels, respectively.

Construction of Supply Shocks. For each matched pair j, we construct the supply

shock in the quarter t during the TSP period (2016Q4–2018Q3) as follows:

∆sj,t =
(
Repurchase Payouttreatment

j,t −Repurchase Payouttreatment
j,0

)
−
(
Repurchase Payoutcontrolj,t −Repurchase Payoutcontrolj,0

) (18)

in which Repurchase Payouttreatment
j,0 and Repurchase Payoutcontrolj,0 denote the average re-

purchase payouts over eight quarters prior to the TSP for the treatment firm and its matched
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control firm, respectively. The first difference removes firm-specific trends in repurchase ac-

tivity between the pre- and post-TSP periods. The second difference (between treatment

and control firms) then isolates the exogenous decline in repurchase attributable to the

TSP. This double-difference measure captures the exogenous shift in the share supply faced

by treatment firms during the TSP.

Regression Specification. Motivated by equation (9), we estimate the following pair-

quarter panel regression:

∆pj,t = M̄∆sj,t + γ′∆xj,t + ut × ug + εj,t (19)

where j indexes matched pairs, t denotes quarters, and g denotes industries. ∆sj,t denotes

the supply shocks defined in equation (18). The dependent variable ∆pj,t measures the

double difference in log stock prices within each matched pair j:

∆pj,t = 100×

[
log

(
ptreatment
j,t

ptreatment
j,0

)
− log

(
pcontrolj,t

pcontrolj,0

)]
(20)

In a matched pair j, ptreatment
j,t and pcontrolj,t denote the log quarter-end closing price of the

treatment and control stocks, respectively, at a post-treatment quarter t. ptreatment
j,0 and

pcontrolj,0 denote the pre-treatment average quarter-end prices of the treatment and control

stock of pair j, respectively. Intuitively, ∆pj,t corresponds to the return on a long–short

portfolio that takes a long position in the treatment stock and a short position in its matched

control stock. The coefficient M̄ identifies the average relative price multiplier: it measures

the relative percentage change in the equilibrium price associated with a 1% change in the

relative share supply between treatment and control firms (Haddad et al., 2025).

The control vector ∆xj,t includes pairwise double differences in firm characteristics

known to explain cross-sectional stock returns (Fama and French, 2015; Koijen and Yogo,

2019), constructed analogously to equation (18). Specifically, we control for firm size (de-

fined as logarithm of total asset value), profitability, growth opportunities, investment, div-

idend payout, liquidity (measured by the percentage quoted spread), and market beta. We

also include industry-by-time fixed effects (ut × ug) to absorb common time-varying shocks
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Table 5
Estimation of Price Multiplier

∆pj,t

(1) (2)
∆sj,t 2.010** 2.010***

(0.82) (0.34)

∆xj,t No Yes
Year-quarter FE Yes No
Industry-Time FE No Yes
Obs. 4,156 4,059
Adj. R2 0.004 0.567

Note. This table presents the baseline estimation of relative price multipliers. The dependent
variable is ∆pj,t. For each quarter in the post-treatment period (2016Q4-2018Q3), ∆pj,t is
calculated as the log difference-in-differences of quarter-end closing prices and pre-treatment
average prices (2014Q4-2016Q3), between treatment and control stock in a matched pair j.
The main independent variable is denoted by ∆sj,t, estimated by the difference-in-differences
of share repurchase of matched pair j. ∆xj,t includes double-differences of size, profitability,
growth opportunity, investment, dividend payout, percentage quoted spread, and market
beta. The robust standard errors clustered at industry-by-time level are in parentheses. All
continuous and unbounded variables are winsorized at the 1% and 99% levels. ***, **, and
* indicate significance at the 1%, 5%, and 10% levels, respectively.

within each industry. These controls absorb the potential price changes induced by contem-

poraneous changes in fundamentals or liquidity (see Appendix A.3). Standard errors are

heteroskedasticity-robust and clustered at the industry-by-time level.

Table 5 presents the baseline estimates of M̄. Column (1), which includes only time

fixed effects, shows the estimated average relative price multiplier, M̄ = 2.010, is statistically

significant at the 5% level. In column (2), we include pair-specific double differences in firm

fundamentals and industry-by-time fixed effects. The estimated M̄ is statistically significant

at the 1% level and remains stable at 2.010, although with a substantial increase in adjusted

R2. This magnitude implies that a 1% relative decrease in share repurchases (scaled by

book equity) is associated with a 2.01% relative decrease in stock prices. The stability of

M̄ across specifications suggests that the estimated M̄ captures the causal effect of the

supply shock rather than being confounded by contemporaneous changes in fundamentals or
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liquidity conditions.17 The ∆sj,t being uncorrelated with changes in firm fundamentals and

liquidity also validates the uninformedness of the supply shocks.

5.2 Liquidity Effect on Price

In this section, we provide more evidence that our estimated relative price multiplier identifies

the price effect of supply shock, not liquidity. We exploit a unique feature of the TSP: the

three test groups are subject to different changes in the trading environment. In addition to

the rules applying to stocks in test group 1 (G1) and test group 2 (G2), the stocks in test

group 3 (G3) are subject to the ”trade-at” rule. This rule requires that orders be executed

in lit venues unless dark venues can improve the NBBO by more than 2.5 cents.

Firms can circumvent intense speed competition in exchanges by executing in dark

pools, which do not enforce time priority. However, under Rule 10b-18, dark orders that

improve the best bid by 2.5 cents are deemed manipulative. As a result, the “trade-at”

rule, in conjunction with Rule 10b-18, effectively prohibited G3 firms from repurchasing

shares in dark pools. This regulatory constraint led G3 stocks to reduce repurchase volume

more than G1&2 stocks (Li et al., 2024). We validate this channel by estimating equation

(17) separately for G1&2 and G3 stocks, respectively. Panel A of Table 6 shows that G3

stocks reduced repurchase payouts by 0.239%, which is 59% more than the 0.150% reduction

observed for G1&2 stocks.

Albuquerque et al. (2020) document a related puzzle: while the “trade-at” rule had little

impact on market liquidity across three groups, G3 stocks experienced larger price decline

than G1&2 stocks. This setting provides an ideal environment to examine the behavior of

price multiplier estimates when liquidity is held constant. As liquidity is unaffected, the

price discrepancy between G1&2 and G3 should be largely attributable to the differential

reduction in share repurchases. Accordingly, the relative price multipliers for G1&2 and G3

should be similar to the baseline estimate.

To test this prediction, we re-estimate the relative price multiplier for G1&2 and G3
17Appendix C.2 further presents the estimates of our (relative) price multipliers over the different horizons

during the TSP. Figure C.2 confirms that supply shocks remain stable throughout the experiment, and
Figure C.3 shows that the estimated relative price multiplier is likewise stable across horizons.
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Table 6
G1&2 v.s. G3 Stocks

Panel A: Effect of TSP on share repurchase
Repurchase Payoutn,t

G1&2 G3
(1) (2)

Treatmentn × Postt -0.150* -0.239**
(0.09) (0.11)

p-value for difference 0.001***
Controls Yes Yes
Firm FE Yes Yes
Year-quarter FE Yes Yes
Obs. 12,416 5,532
Adj. R2 0.329 0.409
Panel B: Price multiplier of G1&2 and G3

∆pj,t

G1&2 G3
(1) (2)

∆sj,t 2.133*** 1.792**
(0.45) (0.89)

p-value for difference 0.266
∆xj,t Yes Yes
Industry-Time FE Yes Yes
Obs. 2,783 1,206
Adj. R2 0.574 0.535

Note. This table presents the subgroup analysis that isolates price changes from general liq-
uidity influences. Panel A re-estimates equation (17) separately for Groups 1&2 and Group
3. Controls include size, profitability and growth opportunity. Firm and year-quarter fixed
effects are included. The robust standard errors clustered at firm level are in parentheses.
Panel B re-estimates equation (19) separately for Groups 1&2 and Group 3. ∆xj,t include
difference-in-differences of size, profitability, growth opportunity, investment, dividend pay-
out, percentage quoted spread, and market beta. Industry-by-year-quarter fixed effects are
included. The robust standard errors clustered at industry-by-time level are in parentheses.
All continuous and unbounded variables are winsorized at the 1% and 99% levels. The re-
ported p-value for difference is based on 1,000 bootstrap iterations. ***, **, and * indicate
significance at the 1%, 5%, and 10% levels, respectively.
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using their respective matched control firms. Panel B of Table 6 reports that the estimated

relative price multipliers for G1&2 (Column 1: 2.133) and G3 (Column 2: 1.792) are statis-

tically indistinguishable (p-value = 0.266) and are both close in magnitude to the baseline

estimate of 2.010 in Table 5. Taken together, these results help reconcile the puzzle in Al-

buquerque et al. (2020): the additional price decline of G3 relative to G1&2 is primarily

attributable to the larger reduction in their share repurchases.

5.3 Relative Price Multiplier Approximates Own-Price Multiplier

As discussed in Section 2, equation (19) identifies the relative price multiplier à la Haddad

et al. (2025). Building on Proposition 1, we conduct two empirical tests to assess whether the

estimated relative price multiplier closely approximates the own-price multiplier. Specifically,

we examine two conditions: (1) the matched treatment and control stock pair (n, n′) exhibit

similar systematic risk exposure, i.e., b(n) ≈ b(n′); and (2) system risk exposure is small

enough relative to idiosyncratic risk, i.e., b2(n) ≪ σ2.18

5.3.1 Similar Systematic Risk Exposure

For each matched pair, we construct a portfolio by going long the treatment stock and

shorting the control stock. We use the market excess return as the systematic risk factor

in our factor structure assumption (10). For each year-month, we regress the daily excess

returns of the long-short portfolio on the daily market excess return rm,t to estimate the

factor loading βj:

rtreatment
j,t − rcontrolj,t = αj + βjrm,t + νj (21)

Let n and n′ denote the treatment and control stocks within matched pair j. Since we

normalize the variance of the risk factor to one in our factor assumption, βj = (bj(n)− bj(n
′)) σ(rm),

in which σ(rm) is the standard deviation of the market excess return. Therefore, βj cap-
18Empirically, we cannot identify each investor i’s systematic risk exposure to stock n, bi(n), without

additional assumptions. Therefore, we assume homogeneous (or average) factor exposures across investors
and suppress the subscript i in our empirical implementation. We also assume a constant idiosyncratic risk
across stocks. We provide empirical evidence on this in Appendix C.1.
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Figure 1. Balance on variances: exposure of long-short portfolio to stock market returns.
This figure plots the average exposure of long-short portfolios between matched treatment
and control stocks to the excess stock market returns. At each month, we obtain the market
beta of each matched pair, and then calculate the mean and corresponding t-statistics. The
time range is from October 2014 to September 2018. Estimates are winsorized at the 1%
and 99% levels.

tures the difference in the systematic risk exposure between the matched treatment and

control stocks. Figure 1 plots the cross-sectional average of β̂j across matched pairs and the

corresponding t-statistics across matched pairs from October 2014 to September 2018 (two

years before the TSP and the TSP periods). We find that the average coefficients fluctuate

around zero and are statistically indistinguishable from zero in 46 out of 48 months. This

finding suggests that the treatment and control stocks within each pair exhibit similar factor

exposures, i.e., b(n) ≈ b(n′).

Therefore, assuming the single-factor structure, treatment and control stocks share sim-

ilar cross-price multipliers with respect to other stocks in the market. This result supports

the validity of our empirical strategy, which relies on differencing price changes between

matched pairs to remove spillover effects.19

19Recall from Lemma 1 that the cross-price multiplier between stocks n and m is given by [M]n,m =
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5.3.2 Relatively Large Idiosyncratic Risk

We use the market excess return as the systematic risk factor and estimate the time-series

regression of stock n’s daily excess return:20

rt(n) = α(n) + β(n)rm,t + εt(n) (22)

where rt(n) is the daily excess return of stock n on day t, and rm,t is the daily market excess

return. For each year-month T , we compute the idiosyncratic risk σ2
T (n) as the variance

of the residuals εt(n) from equation (22). Since our model normalizes the variance of the

systematic risk factor to one, the systematic risk exposure b2i,T (n) equals the square of the

estimated loading β2(n) multiplied by the market factor variance:

b2i,T (n) = β̂2
T (n)Var(rm,T )

We then test the null hypothesis that the systematic risk exposure is no smaller than c

fraction of the idiosyncratic risk:

H0 : ln

 β̂2
T (n)Var(rm,T )

σ2
T (n)

 ≥ ln(c) (23)

Panel A of Table 7 reports summary statistics for idiosyncratic risk and systematic

risk exposure for our sample stocks during the two-year pre-TSP and two-year TSP periods

(October 2014 to September 2018). The average idiosyncratic risk (5.32× 10−4) is 6.7 times

larger than the average systematic risk exposure (7.93×10−5).21

Panel B reports one-sided p-values from the test in (23) for various thresholds c. We
σ2

r2 ρn′Lρm. If b(n) ≈ b(n′), then ρn ≈ ρn′ , implying [M]n,m ≈ [M]n′,m for all m ̸= n, n′.
20We also report the idiosyncratic risk calculated from Fama-French three factors, Carhart four factors,

and Fama-French five factors in Appendix C.1 and they all exhibit the same magnitudes.
21This relative size matches with the previous empirical findings. For example, Table 2 of Bartram et al.

(2019) report that the average of σ2/Var(Rm) (assuming average the b(n) of 1) from 1961 to 2017 ranges
from 4.60 to 10.41 under different CRSP Index Volatility periods. Campbell et al. (2001) show that the
idiosyncratic risks are 4.2 (6.2) times larger than the market (industrial) risks on average from July 1962 to
December 1997. Goyal and Santa‐Clara (2003) extrapolate that the idiosyncratic risks are 6.1 times larger
than the systematic risks.
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Table 7
The Sizes of Idiosyncratic and Systematic Risk Exposure

Variables N Mean SD Q1 Median Q3
(1) (2) (3) (4) (5) (6)

Panel A
Idiosyncratic Risk (σ2

T (n)) 26,179 5.32e−4 4.88e−4 1.87e−4 3.81e−4 7.14e−4

Factor Exposure Risk (β̂2
T (n)Var(FT )) 26,180 7.93e−5 1.09e−4 1.14e−5 4.12e−5 1.02e−4

Panel B
c = 0.10 c = 0.09 c = 0.08 c = 0.079 c = 0.077 c = 0.075

p−value 0.000*** 0.000*** 0.002*** 0.008*** 0.062* 0.139

Note. Panel A presents the summary statistics of estimated idiosyncratic risk, systematic
risk exposure, and the relative size of idiosyncratic risk. Idiosyncratic risk is calculated as
the variance of regression residual from equation (22) in each year-month T . Systematic
risk exposure is calculated as the product of estimated betas from equation (22) and the
variance of market factor in at time T . Panel B reports the one-side p-value under different
threshold level c and the null hypothesis specified in equation (23). Sample period is from
October 2014 to September 2018. The robust standard errors clustered at stock level are in
parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.

reject the null hypothesis at the 0.1 (0.077) threshold, corresponding to the 1% (10%) sig-

nificance level. This shows that, on average, the systematic risk exposure is less than 10%

(7.7%) of idiosyncratic risk at these respective significance levels. These results confirm that

systematic exposure risk is substantially smaller than idiosyncratic risk, thus satisfying the

condition b2(n) ≪ σ2 stated in Proposition 1.

While the relatively large idiosyncratic risk implies that the own-price multiplier is

much larger than a singular cross-price multiplier, this finding does not imply that aggregate

spillover effects from cross-price multipliers can be ignored. To demonstrate this, consider a

special case of CAPM, and we can express the spillover effects to a TSP treatment stock n

as follows:

Spillover Effects to Stock n =

1,199∑
m=1

γb(n)b(m)∆S(m)

Since N=1,200 stocks were simultaneously shocked in TSP, the spillover effects arise

from the other 1,199 treatment stocks. Moreover, all treatment stocks experienced a re-

duction in share repurchases (∆S(m) < 0, m = 1, · · · , 1,200). Therefore, the aggregate

spillover effects is non-negligible. Failing to control for spillover effects would overestimate
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the relative price multiplier, as discussed in Section 2.2.

In summary, the estimated relative price multiplier in our sample approximates the

own-price multiplier according to Proposition 1. At the same time, our results underscore

the necessity of controlling for spillover effects.

6. Investor Responses to Supply Shocks

In this section, we examine portfolio rebalancing behavior across investor types during the

TSP to identify which investors absorb the exogenous supply shocks. Guided by equation

(16) in Section 2.4, we estimate the panel regression:

∆qij,t = βi∆sj,t + γi∆xj,t + ut × ug + εij,t (24)

where j indexes matched pairs, t indexes year–quarter, and i indexes investor types. Fol-

lowing the taxonomy in Koijen and Yogo (2019), investor types comprise banks, insurance

companies, investment advisors, mutual funds, pension funds, other small funds, and house-

holds. The supply shock ∆sj,t is defined analogously to equation (19), but scaled by lagged

total shares outstanding. We include the same control variables and industry–time fixed

effects as in equation (19). For the dependent variable ∆qij,t, we use 13F holdings aggre-

gated by investor type i and matched pair j, and compute the double difference in holdings

between treatment and control stocks before and after the TSP:

∆qij,t = (qi,treatment
j,t − qi,treatment

j,0 )− (qi,controlj,t − qi,controlj,0 ) (25)

Accordingly, the regression coefficient βi in equation (24) captures the average change in

holdings of investor type i in response to the supply shock ∆sj,t. In the case of an exogenous

increase in share supply, such as the TSP (where ∆s < 0), a negative coefficient implies a

relative increase in the holdings of treatment stocks versus control stocks, thereby indicating

absorption of the supply shock.

Table 8 reports the estimation results. Households, investment advisors (e.g., hedge

funds), and insurance companies significantly increase their holdings of treatment stocks
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Table 8
Estimation of Investor Responses

Bank Insurance Investment
Advisors

Mutual
Funds

Pension
Funds

Other
Funds Household

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

∆sj,t -0.048 -0.065* -0.452** 0.238 0.021 0.189* -1.006***
(0.07) (0.04) (0.21) (0.26) (0.02) (0.11) (0.39)

Controls Yes Yes Yes Yes Yes Yes Yes
Industry-Time FE Yes Yes Yes Yes Yes Yes Yes
Obs. 4,059 4,059 4,059 4,059 4,059 4,059 4,059
Adj. R2 0.067 0.012 0.032 0.110 0.004 -0.001 0.121

Note. This table estimates the relative holding changes in each investor type during the TSP,
specified in equation (24). The dependent variable is ∆qij,t, which is the double differences
in holding changes between treatment and control stocks, before and after the shock for
investor type i. We consider seven types of investors from 13F files: banks, insurance
companies, investment advisors, mutual funds, pension funds, other funds, and household.
For each quarter in the post-treatment period (2016Q4-2018Q3), ∆qij,t is calculated as the log
difference-in-differences of quarter-end holdings and pre-treatment average holdings (2014Q4-
2016Q3), between treatment and control stock in a matched pair j. The main independent
variable is denoted by ∆sj,t, estimated by the difference-in-differences of share repurchase of
matched pair j, scaled by lagged total shares outstanding. ∆xj,t includes double-differences
of size, profitability, growth opportunity, investment, dividend payout, percentage quoted
spread, and market beta. The robust standard errors clustered at industry-by-time level are
in parentheses. All continuous and unbounded variables are winsorized at the 1% and 99%
levels. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.

relative to matched control stocks. When treatment firms exogenously increase one addi-

tional share supply, relative to control firms, households on average purchase 1.006 shares,

investment advisors purchase 0.452 shares, while other (small) funds sell 0.189 shares. We

do not find statistically significant changes in the relative holdings of banks, mutual funds,

or pension funds. Because our specification measures relative responses, the insignificant

effects could arise either because inelastic investors do not adjust their holdings or because

they adjust holdings in treatment and control stocks by similar amounts. Overall, during

the TSP, households absorbed most of the supply shocks, followed by investment advisors

and insurance companies, whereas other small funds amplified the supply shock by selling

more shares to the market.
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7. Additional Tests on the Price Multiplier

This section presents additional robustness and subgroup analyses. First, we present our

estimates using sample with only repurchasing firms and alternative definitions of both prices

and quantities. Second, we document cross-sectional heterogeneity: the estimated price

multiplier is larger for firms with higher market capitalization. This pattern is consistent

with Koijen and Yogo (2019) and Haddad et al. (2025), who show that larger firms are held

by more inelastic investors, thereby having higher price multiplier.

7.1 Robustness Checks

We eliminate the concern that firms that never repurchased shares could bias the estimate due

to systematic differences in unobserved characteristics correlated with price pressure. We re-

match treatment and control firms conditional on firms that repurchased at least one quarter

during the pre-TSP period and then re-estimate equation (19) using this restricted sample.

Column (1) of Table 9 reports the results. The estimated price multiplier remains positive

and statistically significant, with a magnitude of 1.724. This estimate is insignificantly

different from the baseline estimate of 2.010, which confirms that the baseline effect is not

driven by firms that do not participate in repurchases.

To put the price multiplier estimates in different contexts, we re-estimate the price

multiplier by changing the definitions of prices and quantities. In column (2) of Table 9, we

redefine ∆sj,t as the difference-in-differences in the number of shares repurchased, scaled by

lagged shares outstanding. The resulting estimate, M̄ = 1.810, indicates that an exogenous

1% increase in shares outstanding decreases share prices by 1.810% on average. In column

(3), we define ∆pj,t as the difference-in-differences in market capitalization, following. The

estimated multiplier of 1.400 suggests that a 1% exogenous increase in share supply leads to

an average of 1.4% decline in firm’s market value.
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Table 9
Robustness Checks

∆pj,t

Repurchasing
firms only

Alternative
quantity

Alternative price

(1) (2) (3)
∆sj,t 1.724*** 1.810** 1.400***

(0.38) (0.87) (0.31)

∆xj,t Yes Yes Yes
Industry-Time FE Yes Yes Yes
Obs. 2,142 4,059 4,059
Adj. R2 0.538 0.565 0.643

Note. This table presents the robustness checks related to our estimate of price multiplier.
In column (1), we repeat the estimation using repurchasing firms only. The repurchasing
firms are defined as firms ever engaged in share repurchase in the pre-treatment period.
In column (2), ∆sj,t denotes the difference-in-differences of number of shares repurchased
relative to total shares outstanding. In column (3), ∆pj,t denotes the difference-in-differences
of market capitalization. The robust standard errors clustered at industry-by-time level are
in parentheses. All continuous and unbounded variables are winsorized at the 1% and 99%
levels. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.

7.2 Firm Size

We test the heterogeneity of the price multiplier across firm size. Wurgler and Zhuravskaya

(2002) argue that smaller stocks, having fewer close substitutes, entail higher arbitrage risk

and thus exhibit larger price jumps in S&P 500 index inclusions. In contrast, Koijen and Yogo

(2019) and Haddad et al. (2025) predict larger price multipliers for larger firms, because large

institutions and passive investors, who hold these stocks, have relatively inelastic demand.

To examine these competing mechanisms, we divide the sample into two subgroups based on

pre-TSP average total assets. A firm is classified as “large” (“small”) if its pre-TSP average

total assets lie above (below) the cross-sectional median. We then re-estimate equation (19)

separately for the two subgroups. Table 10 reports the results: the estimated price multiplier

is significantly higher among larger firms than smaller firms in our sample. Nevertheless, we

interpret this evidence as suggestive: the 2016 TSP primarily targeted small and medium-

36



Table 10
Small v.s. Large Firms

∆pj,t

Large firms Small firms
(1) (2)

∆sj,t 3.109*** 1.872**
(0.53) (0.43)

p-value for difference 0.055*
∆xj,t Yes Yes
Industry-Time FE Yes Yes
Obs. 1,917 2,044
Adj. R2 0.586 0.553

Note. This table presents the subgroup analysis related to the firm size. We bifucate the
full sample into two subgroups based on stock’s pre-treatment average total assets (2014Q4-
2016Q3). A stock is assigned as large (small) group if its pre-treatment average total assets is
above (below) the cross-sectional median. The reported p-value for this difference is based on
1,000 bootstrap iterations. ∆xj,t include difference-in-differences of size, profitability, growth
opportunity, investment, dividend payout, and market beta. All variables are winsorized at
(1%, 99%) levels. The robust standard errors clustered at firm level are in parentheses. ***,
**, and * indicate significance at the 1%, 5%, and 10% levels, respectively.

sized firms, which limits the external validity of this size-based heterogeneity.

8. Conclusions

We develop and implement the first supply-based approach to estimate the stock-level price

multiplier. Supply shocks identify the aggregate demand curve at the stock level without

the need to quantify individual demand curves. We exploit the SEC 2016 TSP as exogenous

and uninformed supply shocks that reduced treatment firms’ share repurchases by 20%. Test

group 3 (G3) firms experienced a substantially larger effect because they faced an additional

conflict between the Trade-at Rule and Rule 10b-18.

Taking the double differences in price changes between within each matched pair controls

for spillover effects from 1,198 treatment stocks outside the pairs. We then estimate a relative

price multiplier of 2.01. Assuming asset payoffs follow a single factor structure, we further
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derive and empirically validate the conditions such that our estimated relative price multiplier

approximates the own-price multiplier. In addition, we show that G3 stocks experienced a

larger decline in share repurchases than G1&2 stocks during the TSP but exhibit a similar

price multiplier, thereby ruling out liquidity effects on prices during the TSP.

Unlike demand-side instruments, exogenous supply shocks allow us to track the hetero-

geneous portfolio rebalancing behavior across investor types. We find households and in-

vestment advisors primarily absorb the supply shocks. Pension funds, banks, and insurance

companies exhibit little response, consistent with their low demand elasticities as in Koijen

and Yogo (2019), while some small funds exacerbate the shock. These patterns underscore

the role of investor heterogeneity in responding corporate events like share repurchase.

Beyond the specific context of the TSP, our findings have several broader implications.

First, we highlight that the stock-level price multiplier can be estimated using supply shocks

and call for more application. Second, we show that even an uninformed supply change can

mechanically affect share prices, suggesting that the secular rise in U.S. share repurchases

may mechanically contribute to the increase in stock valuation. Finally, we extend the

demand system framework by documenting heterogeneous adjustments in investor holdings

to supply shifts.
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A. Supplementary Proofs and Discussions

A.1 Proofs and Assumptions on the Future Payoff

Given our assumption on the future asset payoff, di ∼ N (µi,Σi), the investor’s objective

function can be expressed as:

Ei [− exp (−γiAi,1)] = − exp

−γi

Ei(Ai,1) +
1

2
Vari(Ai,1)


= − exp

−γi
(
Ai,0 + (µi − P )′ qi

)
+

γ2
i

2
(q′

iΣiqi)


The first-order condition of the investor’s portfolio choice is:

−(µi − P ) + γi(Σi)qi = 0

We can then solve for the optimal portfolio choice in equation (1):

qi =
1

γi
Σ−1

i (µi − P )

From equation (1), we can explicitly express market clearing condition as

I∑
i=1

1

γi
Σ−1

i

(
µi − P

)
= S (A.1)

Rearranging equation (A.1) yields the equilibrium price vector in equation (2).

A.2 Proofs on Lemma 1 and Proposition 1

Recall from equation (A.1) that M =
(∑I

i=1
1
γi
Σ−1

i

)−1

and also note that under the factor

structure (10), we have that Σi = V ar(di) = σ2I + bib
′
i and Σ−1

i = 1
σ2

(
I − bib

′
i

σ2+b′ibi

)
.
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Therefore,

M =

 I∑
i=1

1

γiσ2

(
I −

bib
′
i

σ2 + b′ibi

)−1

=

(
αI −

∑
i

wi bib
′
i

)−1

where

α =
1

σ2

∑
i

1

γi
, wi =

1

γiσ2(σ2 + b′ibi)
.

For tractability, denote R = [
√
w1b1, · · · ,

√
wIbI ], so that

∑I
i=1 wibib

′
i = RR′ and

M = (αI −RR′)−1.

By the Woodbury matrix identity, we have

(αI −RR′)
−1

=
1

α
I +

1

α2
R
(
I −

1

α
R′R

)−1

R′

Finally, define

r =
I∑

i=1

1

γi
, B =

 b1√
γ1(σ2 + b′1b1)

, · · · ,
bI√

γm(σ2 + b′IbI)


N×I

,L = σ2
(
I −

1

r
B′B

)−1

Then R = 1√
σ2
B and α = r

σ2 , so

M = (αI −RR′)
−1

=
σ2

r
I +

1

r2
BLB′

This ends the proof of Lemma 1. Now, we can express the (n, n) component of matrix

M as

[M]n,n =
σ2

r
+

1

r2
ρ′
nLρn

in which ρn =

 b1(n)√
γ1(σ2 + b′1b1)

, · · · ,
bI(n)√

γI(σ2 + b′IbI)

′

. Define the ratio between the
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second term and the first term as

Rn =

1
r2

ρ′
nLρn

σ2

r

=

σ2

r2
ρ′
nL̃ρn

σ2

r

=
1

r
ρ′
nL̃ρn

in which we define L̃ = L/σ2 for tractability. Ignoring the second term requires Rn ≪ 1.

Denote λmax(X) and λmin(X) as the largest and smallest eigenvalues of matrix X, the upper

bound of this quadratic form is

1

c
ρ′
nL̃ρn ≤

1

c
· λmax

(
L̃
)
· ∥ρn∥2 (A.2)

=
1

c− λmax (B′B)
· ∥ρn∥2 (A.3)

The first inequality follows the Rayleigh-Ritz theorem and the second line uses the fact

that λmax(L̃) = 1/λmin(I −B′B) = 1/
(
1− 1

c
λmax(B

′B)
)
. Therefore, a sufficient condition

for 1
c
s′nL̃sn ≪ 1 is

1

c− λmax (B′B)
· ∥ρn∥2 ≪ 1 (A.4)

⇒∥ρn∥2 ≪ c− λmax (B
′B) (A.5)

To satisfy equation (A.5), it is sufficient to show that

∥ρn∥2 ≪ c− trace (B′B) ≤ c− λmax (B
′B) (A.6)

where we use the fact that λmax(X) ≤ trace(X). Finally, note that

trace (B′B) =
I∑

i=1

b′ibi

γi(σ2 + b′ibi)
(A.7)

45



Therefore, the sufficient condition for Rn ≪ 1 is

∥ρn∥2 =
I∑

i=1

b2i (n)

γi(σ2 + b′ibi)
≪ c−

I∑
i=1

b′ibi

γi(σ2 + b′ibi)
(A.8)

Recall that c =
∑I

i=1
1
γi
, and rearrange equation (A.8)

I∑
i=1

b2i (n) + b′ibi

γi(σ2 + b′ibi)
≪

I∑
i=1

1

γi
(A.9)

A sufficient condition for equation (A.9), and also Rn ≪ 1, is

b2i (n) + b′ibi

σ2 + b′ibi
≪ 1 (A.10)

⇒ b2i (n) ≪ σ2 (A.11)

Finally, consider the off-diagonal element (n,m) for m ̸= n, n′:

[M]n,m =
σ2

r
+

1

r2
ρ′
nLρm

If we have that bi(n) ≈ bi(n
′) for all i = 1, · · · , I, we would have that ρ(n) ≈ b(n′) and

therefore [M]n,m ≈ [M]n′,m.

This ends the proof of Proposition 1.

A.3 Further Addressing the Endogeneity Concerns

Generally, we can express the equilibrium price from equation (2) in total differential:

∆P = M

 I∑
i=1

1

γi
Σ−1

i ∆µi −∆S

 (A.12)

In our main context, the identification of relative price multiplier requires the sup-

ply shocks being uninformed (i.e., Cov(∆S,∆µi) = 0). Now, we consider the relaxation
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of our assumption such that the supply shock ∆P could still be correlated ∆µi, that is,

Cov(∆P ,∆µi) ̸= 0. Following equation (A.12) and define ∆S(n) > 0 as the exogenous

amount of share repurchases; ∆S(n) < 0 as the amount of increased share supplies, we can

express the price change in stock n as

∆P (n) =
N∑

m=1

[M]n,m

 I∑
i=1

1

γi

N∑
k=1

[Σ−1
i ]m,k∆µi(k)


︸ ︷︷ ︸

Signaling Effects

+
N∑

m=1

[M]n,m∆S(m)︸ ︷︷ ︸
Supply Effects

(A.13)

Intuitively, if the supply shocks correlate with the changes in investors’ perceived future

payoffs, the price change would consist of both signaling and supply effects. Thus, the double

differences between the matched stock pairs (n, n′) is

∆P (n)−∆P (n′) =
N∑

m=1

([M]n,m − [M]n′,m)

 I∑
i=1

1

γi

N∑
k=1

[Σ−1
i ]m,k∆µi(k)


+

N∑
m=1

([M]n,m − [M]n′,m)∆S(m) (A.14)

Given the assumptions that [M]n,m ≈ [M]n′,m, [Σ
−1
i ]n,m ≈ [Σ−1

i ]n′,m for any m ̸= n, n′,

and that [M]n,n ≈ [M]n′,n′ , [Σ−1
i ]n,n ≈ [Σ−1

i ]n′,n′ ,22 we can simplify equation (A.14) as

∆P (n)−∆P (n′) = ([M]n,m − [M]n′,m)∆S(n)+

([M]n,m − [M]n′,m)


I∑

i=1

1

γi

[
N∑
k=1

([
Σ−1

i

]
n,k

−
[
Σ−1

i

]
n′,k

)]
∆µi(k)

 (A.15)

= ([M]n,m − [M]n′,m)∆S(n)+

([M]n,m − [M]n′,m)


I∑

i=1

1

γi

([
Σ−1

i

]
n,n

−
[
Σ−1

i

]
n′,n

)
(∆µi(n)−∆µi(n

′))

 (A.16)

∆S(n′) = 0 and [M]n,m ≈ [M]n′,m help to simplify Equation (A.14) to equation (A.15);

[Σ−1
i ]n,m ≈ [Σ−1

i ]n′,m further simplifies it to equation (A.16). Similar to Koijen et al. (2023),
22Such conditions can be satisfied based on our microfoundation of price multipliers in Section 2.3.

47



we assume investors perceive the assets expected future payoffs as linear combination of

firms’ observables X:

µi = γiX + εi

in which γi and εi represent investor specific preference on observables and individual de-

mand shifters such as the latent demand in Koijen et al. (2023). We therefore have that

∆µi(n) − ∆µi(n
′) = γi∆X(n, n′) + εi, in which ∆X(n, n′)23 represents the double dif-

ferences in observables such as liquidity, size, growth opportunity, profitability, dividend

payouts, market’s beta, etc.

With this assumption, we can further simplify equation (A.16) as

([M]n,m − [M]n′,m)︸ ︷︷ ︸
M̄

∆S(n)+

([M]n,m − [M]n′,m)


I∑

i=1

1

γi

([
Σ−1

i

]
n,n

−
[
Σ−1

i

]
n′,n

)
γi

︸ ︷︷ ︸
γ

∆X(n, n′)+

([M]n,m − [M]n′,m)


I∑

i=1

1

γi

([
Σ−1

i

]
n,n

−
[
Σ−1

i

]
n′,n

)
εi

︸ ︷︷ ︸
ε

(A.17)

In other words, we can control the potential signaling effects from the supply shocks by

adding the changes in observables by assuming investors perceive future payoffs based on

linear combination of firms’ observables. This expression aligns with our regression specifica-

tion (9). Empirically, when we compare regression results before and after adding observable

controls, we find identical estimates. This implies that the relative price multiplier captures

the causal effect of supply shocks on prices, rather than being confounded by contempora-

neous changes in fundamentals or liquidity conditions.
23We can also add industry fixed effects as control variables and repeat the deviation to get the regression

with fixed effects.
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A.4 Further Discussion on Demand-side Instruments

We first discuss the additional empirical challenges faced by the time-series demand shocks

or demand shifters. We then discuss the structural approach by Koijen and Yogo (2019).

A.4.1 Omitted Shocked Investors or Affected Assets

In addition to the identification of residual price multiplier by demand shocks as discussed

in Section 2.2, we discuss two general challenges faced by both demand shifter and de-

mand shock approaches. The only difference is that the demand shifter approach is aim to

identify the stock-level own price multiplier while the demand shock approach identify the

price multiplier of residual demand curve (unshocked investors). For simplicity, we consider

a demand-shifter approach aiming to identify the aggregate price multiplier [M]n,n using

the demand shifters
∑I

i=1 ui. All discussions hold if we replace the [M]n,n with the price

multiplier of unshocked investors for a demand-shock approach.

Challenge I: Bias from omitted shocked investors. An unbiased estimates of

price multiplier [M]n,n requires a clear classification of shocked investors. For example, if

only a stock n faces a shift in aggregate demand curve and researchers observe only a subset

of J < I investors’ demand shifters but ignore the remaining I−J investors’, a mis-specified

regression would be:

∆P (n) = M̂n,n ×

(
J∑

i=1

ui(n)

)
︸ ︷︷ ︸

Observed Shocked Investors

+ε(n) (A.18)

Here, the demand-side instruments are the demand shifters in stock n induced by investors

(ui(n), i = 1, ..., I). Such specification suffers the measurement errors in the independent

variable:

J∑
i=1

ui(n)︸ ︷︷ ︸
Observed Shocked Investors

=
I′∑
i=1

ui(n)︸ ︷︷ ︸
All Shocked Investors

+

(
−

I′−J∑
i=J+1

ui(n)

)
︸ ︷︷ ︸

Measurement Errors: Unobserved Shocked Investors

(A.19)

Intuitively, if omitted other investors’ shifters, specification (A.18) would attribute the
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price change solely to the demand shifters in a subset of investors,
∑J

i=1 ui(n), thus bias the

estimate of own-price multiplier.24

Challenge II: Bias from correlated affected assets. If researchers can accurately

observe all shocked investors, correct identification still requires controlling for all simulta-

neously affected assets m ̸= n, i.e.,
∑I

i=1 ui(m) for m = 1, . . . , N . Consider, for example,

only a mutual fund (investor 1) experiencing a capital outflow and responding by liquidat-

ing a portfolio of assets simultaneously (Coval and Stafford, 2007). In this case, multiple

assets are sold at the same time, resulting in positively correlated holding changes across

the shocked assets. If researchers consider only the shifer in stock n after observing its price

change ∆P (n), a mis-specified regression would be:

∆P (n) = M̂n,n u1(n) + ε(n) (A.20)

Here, again, the demand-side instrument is the demand shifter constructed from investor

1’s unexpected outflow (u1(n)). This specification suffers from omitted-variable bias because

it ignores the concurrent demand shifts in other assets, that is, u1(m) for all m ̸= n. The

accurate specification should be:

∆P (n) = M̂n,n × u1(n) +

(
N∑

m ̸=n

M̂n,m × u1(m)

)
︸ ︷︷ ︸

Omitted Variables: Spillover Effects

+ ε̃(n) (A.21)

in which M̂n,n and M̂n,m are the regression coefficients aiming to identify the own-price and

cross-price multipliers, respectively. Intuitively, if stock n and other assets m ̸= n experience

positively correlated demand shifters, that is, Cov (u1(n), u1(m)) > 0, then specification

(A.20) will upwardly bias the estimated own-price multiplier, as it fails to account for price

spillover effects from other shocked assets.25 Chaudhary et al. (2025) provides a similar

evidence on corporate bond market that controlling correlated demand shocks yields a lower
24Analytically, denote

∑I
i=1 ui(n) as x,

∑I
i=J+1 ui(n) as u, we can express the bias as M̂n,n − Mn,n =

Cov(ε(n),u)−[M]n,n×[Var(u)−Cov(x,u)]
Var(x)+Var(u)+2Cov(x,u) as in Wooldridge (2010).

25Specifically, if we denote x ≜ u1(n) and zm ≜ u1(m),m ̸= n, we can express the bias as Sign(M̂n,n −
Mn,n) = Sign(

∑
m ̸=n[M]m,n × Cov(x, zm)), as shown in Wooldridge (2010). Therefore, if Cov(x, zm) > 0,

that is, the mutual fund liquidates multiple assets simultaneously, we would get an upwardly biased estimates.
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price multiplier.

Comparison with Supply-Shock Approach. Our supply-shock approach addresses

these challenges. First, because supply shocks affect all investors through market clearing,

they identify the stock-level aggregate price multiplier. This approach also inherently ad-

dresses the concern of omitted shocked investors. Second, firms can only invest in their own

shares, and only the treatment stocks in the TSP faced supply shocks, avoiding the concern

of omitted affected assets.

A.4.2 Identification of Demand Curve in Koijen and Yogo (2019)

Now, we present detailed discussions on the aggregate demand elasticity (price multiplier)

identified by Koijen and Yogo (2019). We show that they estimate aggregate elasticity

in two steps: first, estimate individual demand function using cross-sectional demand-side

instrument and calculate individual demand elasticity; and second, aggregate all investors’

demand elasticities to the stock level.

Step 1: They estimate the following demand function to obtain coefficient β0,i:

wi(n)

wi(0)
= δi(n) = exp

(
β0,i m̂e(n) +

K−1∑
k=1

βk,i xk(n) + βK,i

)
εi(n) (A.22)

in which wi(n) is the investor i’s weights on stock n in her portfolio, and wi(0) is her weight

on outside assets. m̂e(n) is instrumented the market value in stock n based on investment

mandates; xk(n) is the kth characteristics in stock n.

Step 2: After obtaining the coefficient β0,i, they calculate the aggregate demand elas-

ticity as in the equation (15) of Koijen and Yogo (2019):

[E ]n,n = −
∂q(n)

∂p(n)
= 1−

1∑I
i=1 Aiwi(n)

I∑
i=1

Aiβ0,i

[
wi(n)− w2

i (n)
]

(A.23)

in which Ai is the wealth level of investor i.
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Similarly, they calculate the aggregate cross-elasticity as

[E ]n,m = −
∂q(n)

∂p(m)
=

1∑I
i=1 Aiwi(n)

I∑
i=1

Aiβ0,iwi(n)wi(m) (A.24)

The stock-level price multiplier and cross-price multiplier are the inverse of aggregate demand

elasticity and cross-elasticity, respectively ( [M]n,n = [E ]−1
n,n, [M]n,m = [E ]−1

n,m).

To ensure a unique market-clearing price exists, Koijen and Yogo (2019) impose the

coefficient constraint β0,i < 1 in the step 1, which implicitly assume all investor’s demand

curves are downward sloping. This assumption is critical, as investor-level demand elasticity

is defined by equation (14) in Koijen and Yogo (2019):

[
Ei
]
n,n

= −
∂qi(n)

∂p(n)
= 1−

1

Aiwi(n)
Aiβ0,i

[
wi(n)− w2

i (n)
]

= 1− β0,i + β0,iwi(n) (A.25)

Thus, the condition β0,i < 1 is sufficient to ensure that
[
Ei
]
n,n

> 0, i.e., each investor’s

demand curve is downward sloping. However, imposing this constraint may exclude certain

investors with demand elasticity is negative,
[
Ei
]
n,n

< 0, such as momentum funds, meaning

their holdings qi(n) increase with price p(n). Binsbergen et al. (2025) find that around 40%

of estimates are negative if removing such coefficient restriction. As a result, the structural

approach in Koijen and Yogo (2019) effectively identifies the elasticity only for investors

with downward-sloping demand curves, biasing the estimation of aggregate elasticity (price

multiplier) by truncating negative individual elasticities to zero. In contrast, supply shocks

offer a one-shot identification of aggregate demand curve without assumptions on individual

demand curve.
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B. Variable Definition

Variable Definition

Repurchase Payout Share repurchase payouts, estimated by the total expendi-

tures in common stock repurchases (CSHOPQ×PRCRAQ),

divided by lagged book equity. Book equity is defined as the

book value of stockholders’ equity (SEQQ), plus balance sheet

deferred taxes and investment tax credit (TXDITCQ), minus

the book value of preferred stock, depending on the availabil-

ity in the order of redemption (PSTKRQ) and capital (pstkq).

It is expressed in percentage point.

Equity Issuance Equity issuance, estimated by the sales of common and pre-

ferred stocks (SSTKQ) minus any increase in preferred stocks,

scaled by lagged book equity. It is expressed in percentage

point.

Dividend Payout Dividend payouts, estimated by common stock dividends

(DVQ - DVPQ), divided by lagged book equity. Compus-

tat quarterly data only provides the year-to-date dividends

(DVY). The quarterly dividend (DVQ) is computed as DVY

(in the first fiscal quarter) or the change in DVY (in the sec-

ond, third, and fourth fiscal quarter). It is expressed in per-

centage point.

Size Natural logarithm of total assets (ATQ).

Profitability Profitability, estimated by the quarterly revenues (REVTQ)

minus the sum of cost of goods sold (COGSQ) and selling,

general, and administrative expenses (XSGAQ) and interest

and related expenses (XINTQ), scaled by lagged book equity.

It is expressed in percentage point.
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Growth Growth opportunity, estimated by the market value of equity

(PRCCQ×CSHOQ) plus book value of total assets (ATQ)

minus the book value of common equity (CEQQ) minus the

deferred taxes from balance sheet (TXDBQ), divided by the

lagged total assets (ATQ).

Investment Quarterly growth of total assets (ATQ). It is expressed in

percentage point.

Beta Market beta. For each stock-quarter, it is estimated from

a regression of monthly stock excess returns over the risk-

free rate, onto excess market returns using the past 60-month

(five-year) observations.

Quote Spread The average of daily percent quote spread in the pre-

treatment period (2014Q4-2016Q3). Percent quoted spread

is the difference between the national best ask and the na-

tional best bid (NBBO) at any time interval divided by the

midpoint of the two. The daily percent quoted spread is the

time weighted average percent quoted spread computed over

all time intervals.
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C. Additional Empirical Results

C.1 Tests of Homogeneous Idiosyncratic Volatility

We test whether the idiosyncratic volatility is similar between treatment and control stocks.

To do so, for each year-month, we respectively regress the daily excess stock returns of treat-

ment and control stocks, on the market excess return factor. Next, we calculate the average

idiosyncratic volatility as the equal-weighted average variance of residuals. Consistent with

our assumption of constant idiosyncratic volatility, Figure C.1 shows the nearly identical

patterns of idiosyncratic volatility (t-statistics = -0.6914) between matched treatment and

control stocks conditional on observables.
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Figure C.1. Balance on variances: average idiosyncratic volatility. This figure testifies our
assumption of constant volatility, by comparing the average idiosyncratic volatility between
treatment and control stocks. At each month, we calculate the equal-weighted average
idiosyncratic volatility by regressing daily excess stock returns on market excessive return.
The time series is the pre-treatment period from October 2014 to September 2018.

Table C.1 reports t-tests under alternative factor structures. In addition to the market

factor, we compute idiosyncratic volatility using the Fama–French three-factor model, the
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Carhart four-factor model, and the Fama–French five-factor model. Across all specifications,

we find no statistically significant differences in idiosyncratic volatility between treatment

and control firms in our sample.

Table C.1
t-test for the Differences in Idiosyncratic Volatility

Idiosyncratic Volatility Treatment Control t-statistics
Market Factor 0.0212 0.0215 -0.691
Fama-French Three Factors 0.0193 0.0195 -0.832
Carhart Four Factors 0.0185 0.0188 -0.861
Fama-French Five Factors 0.0178 0.0181 -0.881

Note. This table reports the t-test for the idiosyncratic volatility calculated from different
factor models. We consider Fama–French three-factor model, the Carhart four-factor model,
and the Fama–French five-factor model. Idiosyncratic volatility is calculated as the equal-
weighted average variance of residuals from the daily regression of stock returns on factors.

C.2 Dynamic Tests

A key identifying assumption in DID estimates is the parallel trends assumption. It posits

that, prior to the TSP, the treatment and control groups should exhibit similar trends in share

repurchase, or show an insignificant decremental effect of treatment over the control group.

Following the shock, a notable divergence is expected, indicating a significant decremental

effect in share repurchase (incrumental effect in share supply).

To test this assumption, we replace Postt in Equation (17) with event-time dummy

variables, defined relative to the commencement quarter of TSP. Displayed in Figure C.2 are

the coefficients of event quarters intersected with Treatmenti, along with their respective

95% confidence intervals. In line with the parallel-trend assumption, no significant trend is

observed prior to the implementation. Furthermore, the figure demonstrates a significant

drop in share repurchase following the implementation and remains robust from the second

quarter after the implementation of TSP.

Our baseline specification (19) estimates the aggregate price multiplier averaging over

post-treatment period. To ensure our estimate is not driven by short- or long-run horizons,
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Figure C.2. Event study. This figure presents the results from an event-time analysis of
the effect of TSP on share repurchase. We re-estimate the Equation (17) by replacing the
dummy variable Postt with a set of indicators for the quarters around the implementation
of TSP for each firm in our sample. Quarter -h (h) refers to the h-th quarter before (after)
the closing auction is implemented. Quarter 0 refers to the quarter when the TSP is imple-
mented. Quarter 4+ refers to four or more quarter after the TSP is implemented. The figure
reports the coefficient estimates on the interactions between each event quarter indicator and
Treatmenti, along with their 95% confidence intervals.
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Figure C.3. Dynamic effect. This figure presents the estimates of aggregate price multiplier
by horizons (quarters) using Equation (C.1). Quarter -h (h) refers to the h-th quarter before
(after) the closing auction is implemented. Quarter 0 refers to the quarter when the TSP is
implemented. Quarter 4+ refers to four or more quarter after the TSP is implemented. The
figure reports Mh along with their 95% confidence intervals.
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we re-estimate the aggregate price multiplier by quarters (horizons):

∆pj,h −∆pj,0 = Mh(∆sj,h −∆sj,0) + Controls+ εj,h (C.1)

where quarter -h (h) refers to the h-th quarter before (after) the closing auction is imple-

mented. Quarter 0 refers to the quarter when the TSP is implemented. Figure C.3 presents

the results. The estimated price multiplier becomes significantly positive and stable after

the first quarter since the commencement of TSP.

C.3 Placebo Tests

This section conducts placebo tests by changing the time of the TSP implementation. If no

exogenous supply shock exists between treatment and control, we should obtain no significant

variation in stock prices or share repurchases, and subsequently, an insignificant estimate of

the price multiplier.

In Column (1) of Table C.2, we report the results using the two years before the Pilot

implementation as a placebo shock. The corresponding pre-treatment and post-treatment

periods are 2013Q4–2014Q3 and 2014Q4–2015Q3, respectively. We do not find statistically

significant result. In Column (2), we repeat the estimation of Equation (19) in the pre-

treatment period only (2014Q3 - 2016Q3), also finding that M̄ is insignificant. The results

in Table C.2 confirm that our estimates of relative price multiplier is identified based on the

supply shocks induced by the TSP.
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Table C.2
Placebo Test

∆pj,t

Placebo Pre-treatment
(1) (2)

∆sj,t -0.025 0.108
(0.27) (0.18)

Controls Yes Yes
Industry-Time FE Yes Yes
Obs. 1,762 3,891
Adj. R2 0.529 0.369

Note. This table presents the tests of the effects of cross-asset spillover on our estimation of
price multiplier. In column (1), we use a counterfactual shock, with pre- and post-treatment
period as 2013Q4–2014Q3 and 2014Q4–2015Q3, respectively. In column (2), we estimate
the relative price multiplier in pre-treamt period only (2014Q4-2016Q3). Controls include
the difference-in-differences of size, profitability, growth opportunity, investment, dividend
payout, and market beta. Industry-by-year-quarter fixed effects are included. The robust
standard errors clustered at industry-by-time level are in parentheses. ***, **, and * indicate
significance at the 1%, 5%, and 10% levels, respectively.
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