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Abstract

We study how to recover and use demand elasticities in dynamic asset markets. In demand-
system asset pricing, any price movement is accompanied by changes in future expected prices,
returns, and risk, so there is no single context-free elasticity. The instrumented elasticity, which
captures the reduced-form response to a shock that moves prices together with the expected path
of future returns, is shock-specific and depends on the attributes of the identifying variation.
The structural elasticity, which holds all future objects fixed, is transportable across shock
environments. We show that the inverse of the instrumented elasticity is the price multiplier
under a weak exclusion restriction and characterize how multipliers vary with shock persistence,
volatility, systematic exposure, and surprise content. We then develop a recovery theory that
uses the impulse responses of flows and prices to extract the transportable structural demand
coeflicients from shock-specific reduced-form estimates. In weekly data, recovered structural
elasticities of 4.3 to 6.2 far exceed the naive inverse-multiplier benchmark of 0.3 to 0.4.
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1 Introduction

Demand system asset pricing (DSAP) has become a central framework for studying how investor
flows shape asset prices and for conducting counterfactual analysis. By modeling investor demand
as a function of prices, DSAP has been used to study settings such as ESG (Koijen, Richmond,
and Yogo, 2024; Van der Beck, 2021), passive intermediation (Haddad, Huebner, and Loualiche,
2025b), household participation (Davis, Kniipfer, Soerlie Kvaerner, Sen Dogan, and Vokata, 2024),
and anomaly returns (Li, Sokolinski, and Tamoni, 2026). The framework is attractive because, once
estimated, it can map changes in investor demand into equilibrium price effects and counterfactual
repricings. However, DSAP methods (see, among others, Gabaix and Koijen, 2022; Koijen et al.,
2024) have focused on a particular type of elasticity: the response to a shock that moves prices
together with the entire expected path of future prices and returns. In dynamic asset markets, that
is a natural object to study, but it is not the only one.

This multiplicity is not a pathologys; it is built into the accounting. The Campbell-Shiller identity
requires that any price movement today be absorbed by some combination of higher expected future
dividends, higher expected returns at various horizons, or both. A price change therefore cannot
be studied in isolation from the path of valuation-relevant objects that move with it. Because there
are many ways for a price to move, there is no single demand elasticity in dynamic asset markets:
different price processes imply different elasticities even under the same underlying demand system.
A low measured elasticity need not mean that investors are intrinsically unwilling to buy when prices
fall. It may instead reflect that the identifying shock is persistent and therefore changes not just the
current price, but the entire expected path of future prices, returns, and risk.

This observation raises a practical question for counterfactual analysis: what should a researcher
do when the counterfactual of interest involves a shock with different persistence, risk profile, or

systematic exposure than the shock used for identification? To answer this, we distinguish two



objects. The structural demand elasticity is the response of holdings to current prices, holding
fixed all future expected prices, dividends, and risk. The instrumented demand elasticity is the
reduced-form response of holdings to a shock that moves prices together with the expected path of
future prices and returns. The instrumented elasticity is shock-specific: it depends on the attributes
of the identifying variation. The structural elasticity is not. The instrumented elasticity is the
natural object for many DSAP applications, because most are interested in the price impact of
persistent or equilibrium flows. The structural elasticity is the transportable primitive that allows a
researcher to move from one shock environment to another.

Recent work has highlighted why this distinction matters. Binsbergen, David, and Opp (2025)
show that instruments used in the original Koijen and Yogo (2019) and Koijen et al. (2024)
frameworks can violate the exclusion restriction to recover the structural elasticity when the
instrumented price variation persists beyond a single trading period, and that the resulting elasticity
estimates may be severely biased or even wrong-signed. Their analysis demonstrates that what
appears to be near-zero demand elasticity can be entirely an artifact of shock persistence rather than
evidence of structural frictions. Separately, He, Kondor, and Li (2025) show that exogenous supply
shifts alter endogenous risk (return volatility, covariance, and the comovement of returns with
future investment opportunities), so that the “observed slope” of demand systematically understates
the “dynamic slope” derived from investors’ first-order conditions by a factor of two to seven.'

Our framework speaks to both concerns. By distinguishing structural from instrumented
elasticities and showing that the instrumented elasticity is a shock-specific weighted combination
of structural demand coefficients, we formalize the sense in which persistence, risk, and other shock

attributes enter the measured object. By developing a recovery theory that extracts the structural

Fuchs, Fukuda, and Neuhann (2025) establish a related challenge in a static setting: no-arbitrage cross-asset price
linkages make non-parametric identification of demand from supply shocks generically impossible. Our framework is
inherently dynamic and sidesteps their impossibility result by working within a parametric linearized demand system
and exploiting the time path of impulse responses for identification.
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demand system from the path of impulse responses, we show how to move beyond the shock-specific
reduced-form elasticity to a transportable structural object.

Our first contribution concerns the instrumented elasticity and its connection to price multipliers.
We show that, under linearized market clearing and a weak price-mediated exclusion restriction, the
inverse of the instrumented elasticity is the price multiplier for the identifying shock. The exclusion
restriction requires only that expected dividends, future prices, and risk enter demand through the
equilibrium price path induced by the shock, not through a direct channel from the instrument
to demand. Stronger exogeneity arguments (for example, that the identifying flow is unrelated to
cash-flow news) can sharpen the interpretation in applications, but the baseline restriction is all that
is needed.

Our second contribution characterizes which shock attributes matter for the instrumented
elasticity beyond persistence. In a benchmark CARA/mean-variance equilibrium, we derive four
comparative statics: price multipliers are larger when risk is higher, flows are more persistent, shocks
load on more systematic directions, and flows are more surprising. We test all four predictions using
two non-cash-flow demand shocks, flow-induced trading (FIT) and order-flow imbalance (OFI),
and find empirical support for each. These results show that persistence is not the only dimension
along which elasticities are context-dependent.

Our third contribution is a recovery theory for the structural demand system. If the measured
elasticity depends on the shock process, can one still recover the underlying structural demand?
We show that the answer is yes, and that persistent shocks are in fact useful for this purpose: they
generate the dynamic impulse responses needed to identify forward-looking demand coeflicients.
A single contemporaneous multiplier is generally insufficient, but the full path of flow and price

responses identifies the structural demand matrices through a convolution equation that links



them to the reduced-form impulse responses. We implement this recovery using low-dimensional
parameterizations suited to weekly data.

The empirical recovery results show that this distinction is quantitatively large. In weekly data,
the naive inverse-multiplier benchmark, which ignores all forward-looking terms and treats the
contemporaneous price response as sufficient, implies an own-price elasticity of about 0.3 to 0.4.
Once we use the dynamic path of price and flow responses to recover structural demand, the implied
own-price elasticity rises to about 4.3 to 6.2, depending on the restriction imposed on the forward-
looking coeflicients. The reduced-form elasticity is low because the identifying shock is persistent;
the structural elasticity is much larger because investors are far more responsive to a price decline
expected to reverse than to a persistent repricing that changes the entire path of future expected
returns and risk. What looks like weak demand in reduced form is therefore consistent with
much stronger structural demand. The recovery result demonstrates that reduced-form impulse
responses, while reflecting a shock-specific elasticity, contain enough dynamic information to
extract the transportable structural primitives needed for counterfactual analysis in different shock
environments.

The rest of the paper is organized as follows. Section 2 develops the unified demand system and
defines the structural and instrumented elasticities. Section 3 connects the instrumented elasticity
to the price multiplier. Section 4 derives comparative statics in a benchmark CARA equilibrium.
Section 5 tests these predictions empirically. Section 6 develops the recovery theory and reports

the empirical recovery results. Section 7 concludes.



2 Different Types of Price Elasticities

This section establishes the theoretical foundation for the rest of the paper. We begin with
the Campbell-Shiller identity, which imposes an accounting constraint: any price movement must
pass through to expected dividends, expected returns, or both. Because different assumptions
about what adjusts when prices move produce different elasticities even under the same underlying
demand system, there is no single price elasticity in dynamic asset markets. We then develop a
unified log-linear demand framework that nests the main specifications used in the DSAP literature,
link the structural demand coefficients through the Campbell-Shiller restrictions, and use concrete
examples to show that commonly studied elasticities (static, variance-based, and dynamic) are

distinct objects corresponding to different pass-through patterns.

2.1 Campbell-Shiller approximation and price pass-through

Let O, € RY denote portfolio holdings, P, € R" prices, and D, € RV dividends. Define
lower-case variables as logs, so that p, € RV and d;, € R denote log prices and log dividends. The

one-period Campbell-Shiller approximation is

rivl = K+ ppee1 + (1 = p)dis1 — ps, (D

where p € (0,1) and « is the log-linearization constant.

Iterating forward under the usual transversality condition yields the long-run representation

oo

p[ :I?+(1 _p)Zp]_lE[[df+]] _ij_lEt[rl+_]]s (2)
j=1 j=1



horizon j ! — = OE:|dr.] ] = (——8Et Lres] )
(1-p)p/! op/  p/! ap/
1 [(1-p)p°]" 276243  p° 1.0000
2 [(1-p)p']”" 286619  p7! 1.0376
3 [(1-p)p?]”" 297384  p2 1.0765
4 [(1-p)p®]" 308554  p73 1.1170
5 [(1 —p)p4]_1 32.0143 pt 1.1589

Table 1. Pass-throughs.

Diagonal pass-through magnitudes implied by Campbell-Shiller under p = 0.9638. The left pair of columns reports
the mapping when a price change is absorbed entirely through expected dividends at horizon j; the right pair reports
the mapping when it is absorbed entirely through expected returns at horizon j.

where « is the implied constant. Differentiating (2) with respect to p; gives

Equation (3) is the key accounting restriction in the paper. A price movement cannot occur in
isolation. It must pass through to expected dividends, expected returns, or both. Any elasticity
concept in finance therefore has to specify that pass-through pattern.

Table 1 gives a simple calibration of these pass-through magnitudes using annual p = 0.9638
from Cochrane (2008). If a price movement is absorbed entirely through expected dividends at
horizon j, the diagonal pass-through is [(1 - p)p’ ‘1]_1. If it is instead absorbed entirely through
expected returns at horizon j, the diagonal pass-through is p~/~1. The table makes clear that
longer-horizon pass-through requires larger revisions in the corresponding expected dividend or

expected return term to rationalize the same price movement today.



For each horizon s > 1, define the conditional first moments
Pivs = Bil[pras] P A
Mt trs = Bl Pr+sls Hetvs = BrlAi+s]s
and the conditional second moments
_ d _
‘/fﬁ_s = Vart(pl‘+s)’ Vt,l+s = Varl(dl‘+s)'

Let

N(N +1
m N +1) b =vech(V’

m d _ d m
> ) Vites = ,t+s) eR", Vitts = VeCh(Vt,Hs) € RY,

Thus the second-moment state variables are vectors of unique covariance terms rather than N X N
matrices.

Equation (1) implies the corresponding conditional mean relation

B¢ [res1] = « +P,u£,+1 +(1- P)ﬂ;l,;ﬂ = Dt

It also implies that the conditional variance of the Campbell-Shiller continuation term can be

decomposed as

d
Var; (ppz+s + (1= p)dz+s) = PZV;{)HS +(1- p)zvzc,ims +2p(1 - p) Sym (Fst),

where

1
FE[C-I{-S = COVt(pt+S9dt+S)’ Sym(M) = E(M + MT)

Thus the two covariance terms enter only through the symmetric part of the price-dividend



covariance matrix. Define
Vs = Var (ppres + (1 = p)dis), Vs = vech(V}',) € R™.

For s = 1, the current price, p;, drops out of the return variance because it is known at time ¢. For
s > 2, we work with the continuation-value variance V}',,; rather than the exact variance of 7,4,

which would additionally require lagged-price and cross-horizon covariance terms.

2.2 A one-period demand example

Before introducing the full intertemporal framework, it is useful to start with the simplest case in
which investors care only about next-period expected returns and next-period return risk. Consider

local demand of the form

qr = G + C1E;[r141] + Cy vech (Var, (r41)). 4)
Because p; is known at time ¢, the one-period Campbell-Shiller identity implies

Bylri] = k+ppl, + (1= )l = pr. (5)
For the covariance terms, define

Pd = vech (Covi(prrisdist))-

vt,t+1 -



Since Cov(ds+1,pr+1) = Covy(pr+1,d41) T, this single object already contains the same information

as the reverse-order covariance. Then

Vary(ri) = p°V), + (1= p)?Vi, +2p(1 = p) Sym (Covi(prat.dis)).- (6)

Substituting (5) and (6) into (4) yields

41 =G4 —Cipi+pCipl . + (1= p)Cryf,,

+ él vech (pzvp +(1 - p)ZVt[,JHl +2p(1 - p) Sym (COVt(pt+1adt+1)))-

t,t+1

This one-period example already contains the core logic of the paper. If demand is written over
returns, then current prices matter only because they help determine expected returns, while return

risk can be decomposed into price-risk, dividend-risk, and price-dividend covariance terms.

2.3 A unified local demand system

Fix a reference point (Q,P) with strictly positive components and define log deviations

q: =log Q; —log 0, pi =log P, —log P.

The main specification we work with treats demand as a function of the expected path of future

returns and continuation risk:

S S
g1 =G+ ) CE ]+ ), Covips %)
s=1

s=1



where C; € RV*N and C,; € RV in the multivariate case, with m = N(N +1)/2.> We take the Cj
coeflicients to be the primary objects in the paper. They describe how current holdings respond to
expected returns at each future horizon.

Using (5), (7) can be written in the equivalent price-dividend form

s S S
4 ~
q: = —Aop: + g Asﬂf,tﬂ + § By s+ E CSV?,HS’ ®)
s=1 s=1 s=1

where
Ay =Cy, Ay =pCy—Cyyq fors=1,...,S, B;=(1-p)Csfors=1,...,S, (9

with the convention Cgy; = 0. Equation (8) is the price-dividend representation implied by the
return-based system. One could allow unrestricted matrices Ay and By that differ from the C-
implied restrictions, but economically that amounts to allowing direct sensitivity to future prices
or dividends beyond their role in expected returns. We do not rule out that extension, but the paper
treats the C system as the main object.

For most of the theoretical analysis below, we hold conditional second moments and expected

dividends fixed and absorb them into a reduced-form shifter:

S
g ==Aopi+ ) Al + fi (10)
s=1

where

Ji

S S
d SN X
Z Bty s + Z CsVi s
s=1 s=1

2For scalar notation, the coefficients collapse to numbers. We retain the symbol C‘S for the continuation-risk
coefficient even though its number of columns differs from that of Cs.
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This specialization is not a restriction on the notation. It only says that the benchmark equilibrium
and recovery arguments focus on the price channel and treat the remaining state variables as part

of a composite demand shifter.

2.4 Decomposing demand into price and dividend terms

For horizons s = 1, .. .,S, the Campbell-Shiller identity implies

B [rras] = k + P,Ufﬁs +(1- p)/‘;{tﬂ - 'uf,z+s—1’

with the convention uf: . = p:. The coeflicient restrictions in (9) therefore show exactly how the
price-dividend coeflicients are generated by the return coefficients. In this sense, the A; and B
matrices are derived objects in the main specification, while the Cy matrices are primitive.

At first glance, the contemporaneous coefficient Ap might seem like the only “true” demand
elasticity, since it is the derivative of current holdings with respect to current prices holding all
future objects fixed. But that interpretation is too narrow for dynamic asset markets. Equation (3)
shows that if current prices move, then some combination of expected future returns and expected
future dividends must move as well for beliefs to remain internally consistent. Once that consistency
requirement is imposed, many coherent elasticities become relevant: one can ask about a price
movement that maps into next-period discount rates, longer-horizon discount rates, or expected

cash flows, and each case produces a distinct elasticity even under the same underlying demand

system.
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2.5 Examples of coherent elasticities

The log-linear specification is deliberately flexible: it allows several coherent notions of an
elasticity, each corresponding to a different pass-through pattern in (3). To make that explicit,

define the pass-through matrices

H; _ _aEr[r?s] , Hf 8Et[th+s].
6Pr ap,

Under the return-based system (7), the elasticity associated with a generic pass-through pattern is

P
~L =S e, (11)

If one instead allows the unrestricted price-dividend generalization (8), then

S S
9q, d
—_— = E C,IT — E BIT¢, 12
ap; s — s (12)

s=1

where the second term vanishes in the main return-based specification.

One-step discount-rate elasticity. Suppose the price movement is absorbed entirely by next-
period expected returns, so that IT] = 7 and II{ = 0 for s > 2, while ¢ = 0 for all s. Then (11)

gives
_ 0q;
op!

=Ci.

This is the sensitivity to a one-percent decline in prices that maps one-for-one into a one-percent

increase in next-period expected returns.
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Longer-horizon discount-rate elasticity. Suppose instead that the price movement is absorbed

entirely by expected returns at horizon 4 > 2. Then (3) implies
M =p"Vr, M =0frszh  M¢=0foralls.

Hence

— ,—(r=1)
- =p Ch.
ap/

For h = 2, this becomes p~!C,; for h = 3, it becomes p~2C3; and so on. If demand is myopic, then

Cj, =0 for all & > 2, so all longer-horizon discount-rate elasticities are zero by construction.

Cash-flow elasticity. Suppose the price movement is absorbed entirely by expected dividends at

horizon h, with all expected returns fixed. Then (3) implies
md=[(1-p)p"']"'1, N¢=0fors#h, T =0foralls.

Under the main return-based system, (11) implies

op/

If one instead allows the unrestricted dividend coefficients By, then (12) yields

_ 0q;
op/

=-[(1=p)p""]"'Bs.
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This is precisely why we view unrestricted Bj, terms as a departure from the main return-based
specification: they load directly on cash-flow news rather than only on the returns that cash-flow

news implies.

2.6 There is no ‘“‘single” price elasticity in finance

These examples make clear why searching for “the” elasticity is misguided in dynamic asset
markets. Different empirical designs generate different pass-through patterns across horizons and
across the dividend versus return channels, and therefore recover distinct objects even when all are
consistent with the same underlying structural demand system. The right question is not which
elasticity is the true one, but which is relevant for the counterfactual at hand.

This point is especially important for empirical work. Much of the demand-system literature
estimates price multipliers using persistent instruments that shift not just current prices but the entire
expected path of future prices and returns. Such designs do not recover a ceteris paribus elasticity
that holds expectations fixed. They recover instrumented elasticities that blend structural demand
slopes with the propagation of the instrument through the term structure of expected returns.

A useful perspective is that asset demand is indirect. Investors do not value prices per se.
They value the return and cash-flow characteristics that prices encode. Once that pass-through is
made explicit, the multiplicity of elasticities is no longer puzzling. Each elasticity corresponds to a
distinct ceteris paribus clause about how a price movement reallocates those characteristics across

horizons.
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3 Instrumented demand elasticities

Which of the many coherent elasticities from Section 2 does an empiricist actually recover? The
answer depends on the instrument. A shock that moves prices also reshapes the expected path of
future returns and dividends, so the measured elasticity reflects the particular pass through pattern
that the instrument induces. This section makes that logic precise. We define the instrumented
elasticity (IE) as the reduced form demand response divided by the first stage price response,
introduce the price multiplier matrix, and ask when the two coincide. Proposition 1 provides
the answer: under linearized market clearing and an exclusion restriction we call price-mediated
exogeneity, which requires that the instrument affects demand only through the equilibrium price
path, the aggregate IE is the inverse of the price multiplier. We close the section by decomposing
the IE into the structural demand coefficients C and characterizing the special cases that arise when
the instrument operates through cash flows, through variance, through a single horizon of expected

returns, or through the full term structure.

3.1 Set-up and definition

Recall the demand specification (10), where conditional second moments and expected
dividends have been absorbed into the reduced form shifter f;. That equation draws a sharp

line between two objects that the literature often conflates.

Structural demand elasticity. Holding fixed all future expected prices u} ., and the shifter f;,

the local elasticity of log holdings with respect to current log prices is

dq;
- = Ap.
ap/ 0
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This is a partial equilibrium object: the slope of demand with respect to current prices when every

other argument of the demand system is held constant.

Instrumented elasticity matrix. Suppose now that prices are moved by an observable shock z;

that also changes the expected future path of prices. Then the IE matrix, &,(z;), is defined as

first stage
— -1
dq dp
ela)= g (d_) '
t t
~——

reduced form

Price multiplier matrix. The first stage in (13) defines the price multiplier matrix:

dp:
M = —,
so that the IE can equivalently be written as
dq; -1
& =——M .
t(2¢) dZtT 1(z1)

3.2 Linearized market clearing

(13)

(14)

Let outside holdings be Z, € RY, with reference point Z, and suppose total shares are fixed at

1y so that

Ql + Z[ = lN.
Linearizing around (Q,Z) with Q + Z = 1y yields

Diag(Q) qr+2, =0, u =4 - 7.

16
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Define A = Diag(Q)~!. Then (15) implies
qr = —A\z;.

Substituting (16) into (10) gives the linear equilibrium condition

S
Aopt - Z AGE, [pt+s] = AZZ + ft

s=1

3.3 Indirect and direct characteristic effects

Stack the demand-relevant characteristics as

Xi = ('ut,z+1’ ce "ut,t+S’ TR TS R LI TR SR

For each horizon s, define the non-price-mediated responses

AP (z,) = d:uf,t+s B a'ulztﬂ dp,
LT dgn dp] | dgl

Ad (z) = dﬂ?{tﬂ B a:utd,z+s dp;
WA de T ap; | dz)’

Axs(Zt) _ Avies Vil dp;

dzf  dp] Zdth'

17
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Total differentiation of (8) then gives

S S
a,uiHS + B 5#5&; N é avi‘c,t+s dp;
op/ Z Y apT Z Y op] dz/
Zt

s=1 t 2t s=1 7t

dg S
t
oA +§ A
dZ,T 0 P :

indirect effect through price-mediated characteristics

S S S
+ D AN (2) + D BAL(z) + ) G (z1).
s=1 s=1 s=1

direct characteristic effect

(18)

The decomposition makes explicit what an exclusion restriction must rule out. The instrument

may well move expected future prices, expected dividends, future price variance, future dividend

variance, and the price-dividend covariance terms embedded in v;,,,. The question is whether

those responses are entirely induced by the contemporaneous price movement or whether the shock

has an independent direct effect on characteristics.

3.4 Price-mediated exogeneity

The exclusion restriction we impose is that the direct characteristic effect in (18) vanishes:

Al (z)=0, Al(z)=0, Al (z)=0 foralls=1,....5.

19)

Under (19), the instrument affects demand only through the equilibrium price path; that is, all of

its effects are “price-mediated”. The shock may still change expected future prices, dividends, and

second moments, but only because current prices change first.

Proposition 1 (Instrumented elasticity and the multiplier matrix). Suppose:

1. the price multiplier matrix M;(z;) in (14) is invertible;

18



2. linearized market clearing (16) holds.

Then
E(z) = AM(z) " (20)

Define the aggregate demand elasticity matrix by
St(Zz) = A_IS,(z,) = Diag(Q)&:(z:).

Then
Ei(z) = My(z) " 1)

The aggregate elasticity &,(z;) rescales that slope into shares outstanding units, matching the
units of the instrument z,. In those units the aggregate elasticity is the inverse of the price multiplier.’
It is worth stressing what price mediated exogeneity in (19) does and does not require. The
instrument need not leave future prices, dividends, or second moments unchanged; it may move
all of them. What is ruled out is a channel through which z; shifts those objects, or demand itself,

independently of the contemporaneous price response.

3.5 What the IE loads on

Under price-mediated exogeneity the direct term in (18) vanishes, and dividing by the first stage
gives

S S S
E(z) = Ag— ) AT () = )" BT (z)) = D" Gl (), (22)
s=1 s=1 s=1

3With multiple elastic investors, aggregate IE is the holdings weighted sum of their instrumented elasticities in
shares outstanding units. The outside investor contributes zero because its demand is inelastic. In the one investor
benchmark this reduces to &, (z;) = Diag(Q)&,(z;).
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where the pass-throughs are defined as

OE:[Pir+s] d _ OE;[d4s] _ ('9\1;‘,”5
T:S ; I7(z) = Tfé o () = T

2t 2t 2t

Htl:s (Zl) =

The IE therefore loads on three channels: pass through to future expected prices, to future expected
dividends, and to future continuation risk v; ., . (which itself embeds future price variance, future
dividend variance, and price dividend covariance terms).

In the return-based specification, it is often more transparent to work with return pass-through.

Define
OE; [114s]

t

2t

Then
S S
E(z) = ) Gl (z) = ) G (z0).
s=1 s=1

The first term captures the indirect effect through expected returns at each horizon. The second
captures the effect of risk revaluation.
The first sum captures how the instrument moves expected returns at each horizon; the second

captures how it revalues risk.

3.6 Special cases: Static, variance, immediate, and dynamic IEs

Only after imposing stronger restrictions does the IE isolate narrower structural objects.

Cash flow IE. Suppose the instrument moves prices only through expected dividends, with no

expected return or variance effects:

107 ((z:) = 0, I (z:) =0 for all s.

20



Under the main return-based specification,
& f(Zz) =0.
With unrestricted dividend coefficients, the relevant object is the cash flow component of (22).

Variance IE. Suppose the instrument changes conditional second moments while leaving
expected returns unchanged:

H;’S(z,) =0 for all s.

Then

S
E"(z) = - Y G}, (z0).
s=1

This covers shocks that operate through future price variance, dividend variance, or price dividend

covariance.

Immediate return IE. Suppose the instrument generates a pure one-period discount-rate

movement with no variance effects:
I, (z0) = 1, I; ((z;) = O forall s > 2, I} ((z;) = O for all s.

Then
Szimm (Zt) =C.

Horizon-% return IE. If the instrument only affects horizon £ and variance is unchanged, then

&M (z1) = CAT1, , (z1).
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For the pure Campbell-Shiller horizon-/ discount-rate experiment, I17, (z,) = p~ =D 5o
&"(z) = p~ Ve

DynamicreturnIE. If the instrument shifts the whole expected-return term structure and possibly

continuation risk, then

S S
EM(z) = ) G (z) - ) CIT (2)). (23)
s=1 s=1

This is the empirically relevant case for persistent flow instruments. Such designs generally identify
neither Ag nor a single Cs; they identify the weighted combination in (23), with weights given by
the pass-through of the shock into the term structure of expected returns and continuation risk.
This is the empirically relevant case. Persistent flow instruments generally identify neither A
nor any single Cs. They identify the weighted combination in (23), with weights determined by
how the shock propagates into expected returns and risk at each horizon.
Once the stochastic process for (z;,f;) is specified, (17) pins down the price process. Section 4

works this out for a benchmark CARA model.

4 [Elasticity as a Function of Key Variables

Up to this point, the paper has emphasized that dynamic environments admit multiple elasticity
concepts and that instrumented elasticities generally differ from structural derivatives. This section
shows that the resulting objects are still tractable and economically interpretable in equilibrium.
We study a benchmark mean-variance model—which can arise from CARA set ups, or CRRA
set ups via an approximation, rewrite it in the unified log-linear notation, and then derive the

comparative statics that guide the empirical analysis. The central lesson is constructive: in the

22



presence of persistent flows, the relevant object for mapping flows to prices is a dynamic IE, and

its determinants can be characterized sharply.

4.1 Benchmark demand

Consider a representative mean-variance investor with constant risk aversion y > 0 and

perceived dollar covariance matrix 2 > 0. Exact demand in levels is

1__ .
0= X7 (B[Pt + Dyl = R'P1), 24)

where R/ = B! is the gross risk-free rate determined exogenously. Log-linearizing (24) around
(Q,P,D) gives

q:r = —Agpz + AICEI [Pre1] + BlcEt[dHl],

where ¢;, p;+1, and d;; are deviations of log Q;, log P;+1, and log D,y from their means. The

coeflicient matrices are given by:

- RS _

A§ = Diag(Q)_172_1Diag(P), (25)
— 1 _

A = Diag(Q)";E"Diag(P),

_ 1 _
BS = Diag(Q)_l;E_lDiag(D).
Because R/ = 7!, the current- and future-price coefficients satisfy
AS = BAS. (26)

Thus the benchmark CARA model is a special case of the general notation in Section 2 with § = 1.

23



4.2 Equilibrium with persistent outside flows

To isolate the price channel, suppose expected dividends are constant so that the term BICE, [di+1]

(expected log deviations from mean) equals zero. Using (16), equilibrium is
AGpi = ATE [prai] = Az, 27)
Assume outside holdings follow

T+l = le + Er+1 + nl" p € [071)7 (28)

where &;41 is a surprise innovation in outside demand, and 7; is an expected innovation in outside
demand that is announced in time t but realized in time ¢ + 1. This allows us to later discuss

differential price multipliers for surprise versus expected demand.

Proposition 2 (Unique equilibrium). Suppose prices satisfy the no-bubble restriction
lim B/E([prsy] = 0
for every t. Then the equilibrium condition (27) admits the unique solution
pr = Mz, + BMn,, A4:@$—pAﬂ_Ux (29)

Using (25) and (26), this can be written as

_ 1 Cr-lp _
M= = (A6 A =

YB
1-pBp

Diag(P)™'x. (30)
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Proposition 2 shows that equilibrium prices are linear in realized and expected outside holdings,
and the coefficient for the latter is slightly lower by a fraction of 8 due to timing differences. The
multiplier depends on the contemporaneous demand slope AS, but also on the feedback from future
expected prices induced by persistent outside flows.

The matrix M is the object we use throughout the paper. It is the log-price multiplier matrix:
it maps percentage-of-shares demand shocks into percentage price responses.* If outside investors
buy one percent of shares outstanding in asset j only, then equilibrium log prices rise by 0.01 Me;,
that is, by the jth column of 0.01 M. More generally, if outside investors buy one percent in some
direction v, the response is 0.01 Mv, and if they buy one percent of shares outstanding in every
asset, the response is 0.01 M1. This is why M is the natural object for counterfactuals stated in

percentage-of-shares units.

4.3 Instrumented elasticity

In the general notation of Section 3, the benchmark is a stationary environment, so the multiplier
matrix and the IE matrix are time-invariant. We therefore write them as M and & in this section.

Because (16) implies dg,/dz; = —A, the IE with respect to the flow innovation is

S = dq; (dpt

-1
dz;l_ dz;r) M 0 1Y% ( Bp) 0 ( )

Define the corresponding aggregate elasticity as & = A~'&. Then

E=M"

“Because total shares outstanding are normalized to 1, the level deviation z, represents the absolute change in the
fraction of market shares held by outsiders, making it the natural percentage-of-shares unit.
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Hence the inverse multiplier is not the structural elasticity Ag . It is the aggregate instrumented

elasticity, while the investor-level IE equals AM™'.

4.4 What does a flow instrument identify?

The benchmark equilibrium clarifies the connection to the taxonomy in Section 3. When outside
holdings are persistent, a flow instrument cannot generate a purely static or purely immediate
perturbation. Under (28), a shock to z; changes not only current prices but also the entire expected
path {E;[p:+s]}s>1. Inreturn language, it therefore moves the whole expected-return term structure
rather than only next-period expected returns.

This is why the object in (31) should be interpreted as an investor-level dynamic IE. Persistent
flow instruments do not identify the ceteris paribus derivative that holds fixed all future expectations.
They identify the elasticity relevant for the equilibrium mapping from persistent flows to prices.
In the benchmark model that distinction is especially transparent: the structural slope is Ag , the

investor-level IE equals (1 — 8p) A€, and the aggregate dynamic IE equals the inverse multiplier.

4.5 Comparative statics
Equation (30) delivers the comparative statics used in the empirical section.

Proposition 3 (Own-price impact and return variance). Holding fixed (y.B,p,P) and all off-

diagonal covariance terms, the own-price multiplier for asset j satisfies

YB_Zij
1—,Bp Pj

M;j =

Hence the own-price impact of a flow shock in asset j is increasing in that asset’s perceived return

variance % jj-
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Proposition 4 (Systematic versus idiosyncratic directions). Let v be a unit eigenvector of

Diag(P)~'S with eigenvalue A. A unit flow innovation in direction v generates price response

B
1-pBp

My = Av.

Hence percentage price impact is larger along directions associated with larger eigenvalues of

Diag(P)™'%.

Proposition 5 (Surprise versus expected flows). Suppose we decompose the one-period change in

outside position into surprise and expected components:

Azis1 = €41 +[-(1 = p)z +14]

——
— A SUID _AED
=0z, =0z,

Then, if we estimate a regression of log return on them:

_ surp exp
Apt+1 =a+ BsurpAZH_] + BeprZH_] + Ul

The coefficient matrices will be:

Bsurp =M

Bexp =M- [W+ (1 _ﬁ)zn] ’ [W+2n]_1

attenuation factor

1-
where W = —2(26 +2,).

- 1+

To gain intuition, consider the special case where X, = 0'6211\; and X, = o',?IN. Then the
L:—f,’(a§+a,2])+(l—ﬁ)(r,27
l;p
I+p

attenuation factor becomes a scalar —

————>— — which is less than 1. In this case, the
(oe+oy)+oy,
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price impact of surprise flow recovers the true multiplier M while the expected flow commands a

smaller multiplier.’

Proposition 6 (Flow persistence). Holding fixed (y,8,%,P), the multiplier matrix M is increasing
in p.

Discussions. These propositions have similar underlying intuition. A more volatile asset is harder
for the arbitrageur to absorb, so a given percentage-point change in outside demand requires a larger
percentage price response to clear the market. In the own-price dimension, this statement is exact:
the multiplier is proportional to perceived return variance (Proposition 3). The same logic explains
the systematic-direction result in Proposition 4. A flow aligned with a high-eigenvalue direction
of Diag(P)~'Z loads on a combination of assets that is especially costly for the arbitrageur to
warehouse. That direction therefore commands a larger multiplier. By contrast, an idiosyncratic
direction with a low eigenvalue is easier to absorb and moves prices less.

In terms of dynamics, Proposition 5 states that surprise flows matter more than anticipated flows
for realized price changes because anticipated demand is already capitalized into prices before the
flow is realized. Only the unexpected component generates a contemporaneous pricing error that
has to be cleared on impact. In proposition 6, more persistent flows are also harder to absorb because
today’s imbalance predicts future imbalances; the arbitrageur therefore demands compensation not
just for the current position but for the expected continuation of that position. This is exactly the
(1-Bp)~" amplification in (30). The higher is p, the more strongly a current flow shock propagates
into future expected prices and returns, and the larger is the current price response.

Taken together, these comparative statics are exactly what make instrumented elasticities

context-dependent. The multiplier matrix is not universal; it depends on risk, persistence, and

>To put numbers into perspective, at an annual frequency, we expect p ~ 8 ~ 0.96, in which case the attenuation
. a'z +20',2]
factor becomes approximately

oi+5lo}
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the direction and timing of the shock. But conditional on those features, it is the correct object for

mapping percentage-of-shares demand shocks into percentage price responses.

5 Empirical Tests of Multiplier Comparative Statics

In this section, we use two demand shocks in the previous literature to test the predictions in
Section 4. We find that price multipliers indeed vary as predicted, which suggests that there are

empirical regularities in price impacts that are generalizable.

5.1 Data

We use two measures of demand that prior papers have argued reflect trading that is unrelated
to cash flow information. For more details about their construction and the arguments for why they
are unrelated to cash flows, please see the original papers. In our main specification, we compute

weekly versions of these variables.

Flow-induced trading (FIT) Our first demand measure is flow-induced trading (FIT) introduced
in Lou (2012), which captures the non-discretionary stock-level trading of mutual funds and ETFs in
response to flows.® The measure relies on a specific mechanism: in response to inflows (outflows),
funds tend to scale up (down) their pre-existing holdings in a non-discretionary fashion (Coval and
Stafford, 2007; Lou, 2012). For example, if Apple’s existing weight is 5% in a fund’s portfolio,
a $1 inflow (outflow) induces the fund to allocate about five more (fewer) cents to Apple. This
behavior is true not only for index funds, but also, on average, for active mutual funds and ETFs

(see Figure A4 in Li, 2022). Frazzini and Lamont (2008) and Lou (2012) show that the price impact

SWhile not initially intended as a demand instrument, it has been used as such by subsequent work (e.g. Li, 2022;
Chaudhry, 2025; Van der Beck, 2025).
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of FIT reverts over time, which suggests that such trades are not motivated by superior cash flow
information.

While other researchers have used monthly or quarterly FIT (Lou, 2012; Ben-David, Li, Rossi,
and Song, 2022, e.g.) To obtain higher frequency measures, we use the weekly fund flows from
TrimTabs and merge it with 13F fund holdings data from Thomson Reuters. We compute FIT for

stock 7 in week t as:

FIT, , = > fund ; SharesHeld; ; ;1 - flow;

SharesOutstanding,, ,_,

where flow; ; is the net flow in fund j as a fraction of its lagged assets, SharesHeld; ; ;1 is the
lagged number of shares of stock 7 held by fund j, and the denominator is the lagged number of
shares outstanding for stock i. Normalizing by shares outstanding ensures that when we regress
stock returns on FIT, the resulting coefficient is in “price multiplier” units (Gabaix and Koijen,

2022).

Order flow imbalance (OFI). Our second demand shock is the Lee-Ready signed order flow
imbalance (OFI). This measure takes all trades in the U.S. stock market and classifies them as buyer-
or seller-initiated using the Lee and Ready (1991) algorithm. We download daily Lee-Ready signed
OFI data from WRDS intraday indicators, aggregate to weekly frequencies, and then normalize by
lagged shares outstanding.” The OFI measure has been used heavily in the microstructure literature
to study price impact at daily or higher frequencies. Recently, Li and Lin (2023) argue that OFI
can also be useful for studying price impact at “asset pricing frequencies” (i.e. monthly or lower).

The main benefit of OFI is that it provides much more variation than FIT. While FIT only

7OFI only captures all trades that are executed aggressively. Many sophisticated institutional investors tend to
execute trades slowly and passively to reduce price impact; OFI does not capture those trades.

30



Percentiles
Obs Mean StDev 1% 5% 25% 50% 75% 95%  99%
(D (2) (3) 4 ) (6) M @& O 3do

Return 4486 025 854 -2224 -11.71 -330 -0.00 323 12.82 28.57
FIT 3,555 0.01 008 -023 -0.13 -0.03 000 0.04 0.15 0.27
OFI 4431 -0.05 068 -263 -093 -020 -0.02 0.15 0.80 2.03

Idiosyncratic vol (63 day) 4,492 3.22 220 0.71 098 1.69 261 4.08 757 11.23
Idiosyncratic vol (252 day) 4,492 328  2.03 0.79 1.09 181 274 420 733 10.15

Table 2. Summary Statistics.
We report summary statistics of the main weekly variables in percent. The demand measures are expressed as fraction
of shares outstanding. FIT is flow-induced trading as defined in Lou (2012) and computed using weekly flow data from
TrimTabs, and OFI is the order flow imbalance measure used in Li and Lin (2023). The sample for return and OFI
spans 1993 to 2022, while the sample for FIT starts from 2007 due to availability of weekly fund flow data. Column
(1) reports the average number of stocks per period. Idiosyncratic return is defined as stock returns purged of market
and industry components, and the reported volatility is for daily returns.
captures a subset of trades by mutual funds and ETFs, OFI captures all aggressively executed
trading in the U.S. stock market and thus have much more variation. The main drawback is the
relative lack of knowledge about the drivers of OFI. Li and Lin (2023) conduct extensive tests and
do not find evidence that OFI is related to various measures of cash-flow news. However, they also
admit that, due to the difficulty of measuring news, one cannot be fully certain that OFI is unrelated
to cash flow news.

Table 2 summarizes our variables. FIT, which is available starting from 2007 due to availability
of TrimTabs flow data, has a mean around zero and a standard deviation of 0.08%. This means
that the typical FIT realization for a stock in a week amounts to buying or selling 0.08% of shares

outstanding of a stock. OFI, which is available from 1993, has more variation: the weekly standard

deviation is 0.71% which is almost an order of magnitude larger than that of FIT.
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5.2 Own-stock multiplier increases with return variance

We test the prediction that price impact increases with return variance (Proposition 3). For each
stock i and week ¢, we use the previous 21 (or 63) trading days—which corresponds to roughly
a month (or a quarter)—to compute the rolling idiosyncratic return volatility, where idiosyncratic
returns are obtained via time-series regressions of stock returns on market and Fama-French
industry returns. We then estimate panel regressions of stock returns on flows interacted with

lagged volatilities:

rie=bo- fisr+b1- fiy X1+ +Ti+6;

where the controls include time and stock fixed effects. We cluster standard errors by time and
stock. We aim to test whether b1 > 0, that is, whether multipliers are larger when return volatilities
are higher.

The regression results are reported in Table 3. Columns (1)-(2) show results for FIT where they
differ by the lookback window for computing volatilities. The results indicate that multipliers indeed
increase with return volatility. For each 1 standard deviation increase in volatility (0.34), price
multiplier increases by around 0.34 X 6.92 = 2.35 to 0.34 x 8.75 = 2.98, which is sizeable when
compared to the multiplier for an average stock (e.g., per column (1), 1.32 + 0.48 X 6.92 ~ 4.64).
The results are also statistically significant. Corresponding OFI results in columns (5)-(6) are
qualitatively consistent.

To examine whether the effect is monotonic in volatilities, we also sort stocks by o1 in
each cross-section into quintiles and interact f;; with those quintile indicators. The results are
reported in columns (3)-(4) and (7)-(8). The conclusion is similar and demonstrates that the effect

is monotonic. Overall, the results are consistent with the prediction in Proposition 3.
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Dependent variable: stock return r; ;

fix = FIT OFI
Vol window 1m 1q Im 1q 1m 1q Im 1q
(1) 2 3) 4 5 (6) (N (3
fir 1.32** 0.60 1.83%* 1.84%* 1.07 0.68%** 1.22%* 1.18%*
(0.66) (0.84) (0.44) (0.47) (0.04) (0.05) (0.03) (0.03)
Jit X 0ipm1 6.92%* 8.75%* 2.43% 3.02%*
(1.68) (2.17) (0.09) (0.10)
fio X Aoy, bin=2 1.04%* 0.79%** 0.50%** 0.41%
(0.24) (0.25) (0.02) (0.02)
fie X Aoy, bin=3 1.86%** 1.87% 1.03** 0.87***
(0.37) (0.42) (0.03) (0.03)
fia X Ao, bin=4 3.26" 3.20%* 1.65%* 1.56%*
(0.56) (0.57) (0.04) (0.04)
fie X Aoy, bin=s 5.19%* 5.91% 2.52%% 2.80%**
(0.93) (1.11) (0.06) (0.06)
Time FE Y Y Y Y Y Y Y Y
Stock FE Y Y Y Y Y Y Y Y
Obs 2,249,682 2,236,975 2,249,682 2,236,975 7,424,584 7,333,328 7,424,584 7,333,328
R2 0.177 0.178 0.177 0.178 0.156 0.158 0.153 0.155
Within R2 0.002 0.002 0.002 0.002 0.058 0.060 0.055 0.057

Table 3. Price Impact by Return Volatility.

We estimate panel regressions of weekly stock return r; ; on contemporaneous flow f;; and its interactions with
lagged annualized idiosyncratic volatility. Column (1)-(4) and (5)-(8) report results for FIT and OFI, respectively.
Columns (1)-(2) and (5)-(6) estimate effects of flows interacted with the value of lagged volatility, while the other
columns estimate effects of flows interacted with quintile indicators of lagged return volatility sorted in each cross-
section. Odd (even) columns estimate return volatility using 1 month (1 quarter) lookback windows. All regressions
control for time and stock fixed effects. Standard errors are clustered by time and stock, and they are reported in
parentheses; *p < 0.10, **p < 0.05, **p < 0.01.

5.3 Systematic flows have larger multipliers than idiosyncratic flows

To test the prediction in Proposition 4 that systematic demand variation has larger price impact,
we decompose flows into systematic and idiosyncratic components. Concretely, we use cross-

sectional regressions to project stock-level flows (f;;) onto 14 commonly used stock characteristics
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downloaded from Chen and Zimmermann (2021) and Fama-French 12 industry dummy indicators.?

For each time period ¢, we estimate realized demand factors {gx }le via cross-sectional regressions

K
Jir=ar+ Z biki-1-8ks+ Uiy
k=1 ~——
_ pidiosyncratic
—Ji,t

__ psystematic
—Ji,t

which we then use to decompose flows into systematic and idiosyncratic components. We then

estimate price multipliers using panel regressions with time fixed effects:

_ systematic idiosyncratic
rit = Msystematic - fi,l + Midiosyncratic * f;-’, + T+ Vig

s

and cluster standard errors by time and stock. Proposition 4 implies that Myseematic > Midiosyncratic-

The regressions results are reported in Table 4. Columns (1) and (2) report results based on the
full sample for FIT and OFI, respectively. For both of them, we find that the systematic component-
multiplier is significantly higher than the idiosyncratic component-multiplier, as indicated by the
last row in the table. In columns (3) to (5), we further split OFI — which has more statistical power
than FIT — into three subperiods and estimate results separately. We find that the conclusion is
robust across subperiods. Overall, the evidence is consistent with the prediction that systematic

demand leads to larger price impact.’

8The characteristics include accruals, asset growth, beta, book-to-market ratio, gross profitability, industry
momentum, intermediate momentum, 1-year issuance, 5-year issuance, momentum, seasonal momentum, net operating
assets, realized volatility, and size. Following common practice (e.g. Kelly, Pruitt, and Su, 2019), we transform each
characteristic into a uniform distribution from -0.5 to 0.5 by rank in each cross-section.

9Li and Lin (2023) arrive at a similar conclusion using different specifications.
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Dependent variable: stock return r; ;

fis= FIT OFI
Sample Full Full 1993-2002 2003-2012 2013 - 2022
(1) (2) 3) “4) (5)
fl.f,y“emm 6.39"** 4.40*** 5.20%* 3.36™* 3.94%+
N _ (1.18) (0.25) (0.45) (0.25) (0.38)
ﬁ‘j‘“’sy““a“c 3.49% 2.55% 2,927 2.2 1.94%
(0.35) (0.04) (0.06) (0.06) (0.05)
Time fixed effect Y Y Y Y Y
Obs 2,253,935 7,475,646 3,156,053 2,402,155 1,917,438
R? 0.176 0.147 0.122 0.183 0.170
R?of f;, 0.002 0.050 0.063 0.039 0.031
frsemate _ piownerde g g1 g5M 2370 1,147 2.00%*
(1.07) (0.24) (0.44) (0.25) (0.38)

Table 4. Price Impact for Systematic versus Idiosyncratic Flows.
systematic

For each demand measure, we decompose demand into an aggregate component (f; ) that corresponds to

idiosyncratic

industry- and stock characteristics-related demand, and a residual (f;, ). We then use panel regressions to

estimate the price multiplier associated with these demand components, controlling for time fixed effect and clustering
standard errors by time and stock. Column (1) reports results for FIT. Columns (2)-(5) report results for OFI,
with column (2) using the full sample and the other columns using subsamples. The last row of the table reports
the multiplier difference with standard errors computed using the Delta method. Standard errors are reported in
parentheses; *p < 0.10, **p < 0.05, **p < 0.01.

5.4 More surprising flows have larger multipliers

We now test Proposition 5 which states that surprise flows have larger price impact than expected
flows. In theory, a flow is either expected or unexpected. In practice, if investors have heterogeneous
information sets, then there can also be intensive margin variation: some flows may be expected
to a higher or lower fraction of investors. Therefore, we decompose realized flow f;; into three
components with decreasing degree of “surprisingness’”:

__ psurp less surp predicted
fiJ - fi,z + fi,t + fi,t ’

To construct these components, we fit two statistical models that predict flows using past data,
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and the two models differ in the amount of input variables. The more granular model, whose
prediction we denote £ anular ' 1ses up to 13 weekly lags of past demand and returns (the period of
approximately a quarter). The coarse model ( fiffarse) is based on less data: 4 weekly lags of past

demand and returns (approximately a month). Then, we define the components as:

sur pgranular
fi,t b= Jie = fzgt

fless surp _ f‘granular Acoarse
it —Jigt it

i?tredicwd _ Aifzoarse (32)

To achieve better predictive power than linear models, we use the XGBoost (Extreme Gradient
Boosting) model, which takes into account nonlinear interactions between input variables (Chen and
Guestrin, 2016). In short, the model builds an ensemble of prediction trees, with each incremental
decision tree trained on the residual prediction errors of the existing trees. This is an off-the-shelf
supervised learning model commonly used in the machine learning community and we refer the
reader to standard online documents for further details.'”

To approximate the belief of investors who learn in real time, in each year y, we use data in years
y —4,...,y — 1 to build a model and compute predictions on year y.'! In unreported tests, we verify
that the out-of-sample forecasts are well-calibrated, and that the model performance increases as
more lagged variables are added as input variables.

Having decomposed flows as in (32), to test whether more surprising demand has larger price

impact, we estimate multipliers via regression

_ surp less surp predicted
Fig = bsurp - it T Diess surp * fi,, + Dpredicted * it + 7, + Controls; ; + €;;,

19For instance, see https://xgboost.readthedocs.io/en/stable/.
"For learning parameters, we use a max tree depth of 3, a learning rate of 0.1, and 100 rounds of boosting.
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where 7; denote period-specific effects and we control for 13 weekly lags of past returns to control
for short-term reversal and momentum patterns. We can estimate this either using panel regression
and cluster standard errors by time and stock, or using Fama-MacBeth regressions.

The results are reported in Table 5. Columns (1)-(2) report results based on FIT. As predicted
by theory, f;,"" is associated with larger price multipliers. Panel B reports the pairwise multiplier
differences. FIT-based inference has less data and smaller statistical power. While we find
statistically significant differences between the coefficients of flslLl P and others, we do not discern a

. . 1 dicted
significant difference between £, " fP*“C components.

)t it

Columns (3)-(4) report results based on OFI. As discussed earlier, OFI has more variation and
higher explanatory power for returns, as shown in the last row of Panel A: OFI demand can explain
around 5% of weekly return variation as opposed to less than 1% in the case of FIT. Based on
the panel regression in column (3), surprise demand f:tu P is associated with a price multiplier

of 3.07, while the less surprising component fl.lfss P has

a multiplier of 0.45, and the predicted
component fl.f)lredicwd has a multiplier that is indistinguishable from zero. The pairwise multiplier
comparisons in Panel B are all statistically significant at the 1% level. The Fama-MacBeth results

in column (4) are qualitatively similar. Overall, the results are consistent with the idea that more

surprising demand has larger per-unit price impact.

5.5 Multiplier increases with flow persistence

Proposition 6 in Section 4 states that the price multiplier scales up with the persistence of
flows. To test this, we measure the persistence of FIT and OFI positions, once the expected
component (8?;1:_ ) 1s extracted. We then estimate a regression to see if price multipliers increases

with persistence.
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Panel A: price impact regressions

Dependent variable: stock return r;;

fir = FIT OFI
Panel Fama-MacBeth Panel Fama-MacBeth
(1) (2) (3) 4)
fl.i"rp 4.09%* 3.95% 3.07* 2.76*
(0.50) (0.24) (0.00) (0.03)
filjss surp 1.98* 1.45%* 0.45% 0.68"**
(0.87) (0.66) (0.13) (0.11)
fredicted 2.12% 1.69* -0.07 0.11*
(1.07) (0.86) (0.10) (0.06)
Controls Y Y Y Y
Obs 1,415,002 1,415,002 5,573,138 5,573,138
R? 0.137 0.143 0.181 0.184
Marginal R? of f;, 0.002 0.006 0.048 0.050
Panel B: Coeflicient differences
(D (2) (3) 4)
flf,"rp - f; 2,11 2.50% 2.61%* 2.09**
(0.92) (0.65) (0.15) (0.12)
flE e _ gt -0.13 -0.25 0.52%+* 0.56"**
(1.006) (0.86) (0.11) (0.09)
ff;"p = fis 1.98* 2.267** 3,13 2.65**
(1.12) (0.86) (0.12) (0.08)

Table 5. Price Impact for Surprise versus Expected Flows.

We use XGBoost machine learning algorithm to decompose flow f; ; into components that is surprising, less surprising,
and predicted. We then estimate their price impacts by regressing stock returns on those components, controlling for
13 lags of past weekly returns. Columns (1)-(2) present results for FIT and columns (3)-(4) present results for OFL
Columns (1) and (3) estimate panel regressions with time fixed effects, with standard errors clustered by time and stock.
Columns (2) and (4) estimate Fama-MacBeth regressions. Panel A reports the regression coefficients and its last row
reports the marginal R? attributed to demand variables. Panel B reports pairwise coefficient comparisons where, in
the case of panel regressions, the standard errors are computed using the Delta method. Standard errors are reported
in parentheses; *p < 0.10, **p < 0.05, **p < 0.01.

Constructing Z,"®

N

and p;. Let f;; be the OFI or FIT flow at time 7. We estimate the position

level by summing up all flows from the beginning of the data sample:

Zi,t = Z ﬁ,‘r

T<t
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To remove the expected component, we first detrend the cumulative position series (Z;;) by stock
to isolate the surprise component. Specifically, starting from Z; , we obtain Zl.‘}ft by either a cubic
LSQ spline (Spline) or a flexible Hodrick—Prescott filter (HP). We denote the detrended component
of Z;, as Zl.c}ft. We then model the detrended positions for each stock i as a stationary AR(1) in
levels with a residual Z;;":

det _  ~det surp
Ziy =pili o +Z, .

This is estimated by OLS without an intercept on all valid (¢ — 1,7) pairs for stock i. Given p;,
the position surprise Zl‘.“tlrp isolates the unanticipated component of the detrended position at .

Intuitively, p; Zlfifil is the expected continuation of the position based on its own persistence, while

Z5urp

P is the innovation that theory predicts should move prices on impact. These objects—Z;,""

and p;—enter the regression in interaction to test whether price impact scales with persistence.

Testing whether price multipliers are an increasing function of persistence. To bring this
prediction to the data in a transparent and model-light way, we use a reduced-form parameterization
in which the (conditional) multiplier is allowed to depend linearly on p;, written as (8o + S810:),

where [y and ; are freely estimated parameters. We estimate the regression:
_ surp surp
rig = @ + Po Zi,, + B (Zi,t Xpi) + &ir

where «; are time fixed effects and standard errors are clustered by time. The interaction term
Zl.s;lrp X p; tests whether the flow-induced price impact scales with persistence. We estimate this
regression for both weekly FIT and OFI data, using both spline and HP detrending to ensure that

the results are not sensitive to the method used to remove low-frequency trends from positions.
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FIT (Spline) FIT (HP) OFI (Spline) OFI (HP)

ZP X p; 5.782* 27.518* 1.575* 2.324%
(3.383) (9.920) (0.122) (0.296)
AN 4.221™ 16.166" 1.979™* 3.774*

(1.722) (3.982) (0.072) (0.096)

# Observations 2,245,961 2,245,961 7,455,959 7,455,959
R? 0.004 0.001 0.039 0.012

Table 6. Price Impact and Flow Persistence.
We estimate the weekly panel regression

Tit = Q¢ +,BOZiS;rP +,81(Zisirp X pi) + &

where r; ; is the return, ZfL;rp is the position surprise, and p; is the estimated persistence of detrended positions for stock
i. All specifications absorb time fixed effects and cluster standard errors by time. The interaction term tests whether
the price multiplier is increasing in flow persistence, as predicted by Proposition 6. Both FIT (flow-induced trading)
and OFI (order flow imbalance) measures are analyzed using cubic spline and Hodrick-Prescott (HP) detrending.
Dependent variable is the weekly stock return. All specifications absorb time FEs and cluster by time. Standard errors
are reported in parentheses; *p < 0.10, **p < 0.05, *™*p < 0.01.

Results. Table 6 reports the results of estimating equation (5.5) for both weekly FIT and weekly
OFI flows using two detrending methods (Spline and HP). Across all specifications, the interaction
term Z:;lrp X p; 1s positive and statistically significant, consistent with the model’s prediction that
more persistent flows generate larger price impacts.

For FIT flows, the coeflicients on ZZ.SI;rp X p; are large in magnitude—35.8 under spline detrending
and 27.5 under the HP filter—and significant at the 10% and 1% levels, respectively. OFI flows
exhibit the same qualitative pattern with smaller magnitudes, but the interaction coefficients are
strongly statistically significant. Overall, the estimates indicate that price multipliers increase with

flow persistence: a one—standard-deviation increase in p; roughly doubles the effect of a flow

surprise on returns.

40



6 Recovering Demand in a Dynamic Model

Given that the inverse of an equilibrium multiplier is generally not the contemporaneous
structural elasticity, a separate recovery step is needed. In this section, we show that reduced-
form price responses do contain enough information to recover the underlying intertemporal
demand system. The key observation is that, in the unified log-linear notation, the equilibrium
restriction links the structural demand matrices to the reduced-form impulse responses through a
linear convolution equation. We state a general recovery result and then develop low-dimensional

restrictions that can be taken to the data.

6.1 Impulse responses

We begin from the general equilibrium condition (17), restated here for convenience:

S
Aopr — Z ASE [ pras] = yr, Ve = Az + fi. (33)
s=1
Suppose the composite shifter y, has the Wold representation
yB=y+ Z le,kSt—k, \Py,O = Iy,

k=0

and equilibrium prices admit the representation

pi=P+ ) Bk (34)
k=0



Here E; denotes the reduced-form price impulse response at horizon k. Taking expectations in
(34),

Eilpus]l =P+ Z EkrsEr—k-
k=0

Substituting into (33) and matching coefficients on &;_; yields

S
AoBk = ) Ak =Wyi k20, (35)

s=1

We refer to (35) as the recovery equation: it must hold at every horizon k and therefore links the

structural demand matrices {A;} to the observable impulse responses {Zx, ¥y« }.

6.2 Recovery under finite-support flow shocks

To isolate the role of demand shocks, suppose that the non-demand shifter f; is constant, so
that ¥, = AY,, where ¥, denotes the impulse response of outside holdings to an identified
demand innovation. Suppose further that the demand shock has finite support L > S, where § is
the maximum horizon over which structural demand looks forward (i.e. s = 1, ...,S in the demand
system), meaning

Y. r=0 forall k > L,

and that the induced price impulse responses also vanish beyond L, i.e. 2y = O for all k > L.
Economically, finite support means that the demand disturbance is transitory: it perturbs holdings
for at most L periods before fully dissipating. This is natural for many empirical demand shocks—
for example, a mutual fund rebalancing in response to investor flows generates trading concentrated

in a finite window. The requirement L > S ensures that the shock persists long enough to produce
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impulse responses at every horizon over which structural demand is forward-looking, which is what
makes the recursive identification below possible.

At horizon k = L, the recovery equation (35) reduces to

ApEL =AY, 1,
because all terms involving horizons beyond L vanish. Hence

Ao =AY, 5. (36)
At horizon k = L — 1, the recovery equation gives

AoZ1 —A1EL =AY, 1,
so that
Ay = (A1 — AY, 1) B] L.

Proceeding recursively, for j = 1,...,S,

j-1
Aj=|A0BL; — Ao ;- > AEL ju|EL. 37)
(=1

Proposition 7 (Recovery from impulse responses). Suppose L > S, Z; is invertible, and the
demand shock is identified so that ¥, ..., Y, and 2y, ..., 2 are observed. Then the structural

demand matrices (Ao, . . .,As) are identified recursively by (36) and (37).

Proof. Equation (36) identifies Ag. Given (Ao, ...,A;_1), equation (37) identifies A; because E;,

is invertible. Repeating the recursion identifies all matrices through Ag. [
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6.3 Simple parameterizations for empirical implementation

The three dynamic specifications below form a nested sequence. The one-step model restricts
demand to depend only on one-period-ahead expected returns. The two-step model allows
sensitivity to expected returns at two horizons, with the restriction that the second-horizon
coeflicient is proportional to the first. The geometric specification extends this proportionality
to an arbitrary horizon while keeping the number of free parameters small enough for weekly
estimation. Throughout this subsection, the subscripts jj and j, — j refer to the own and average-
other entries of the symmetric 2 X 2 coeflicient matrix; the empirical regressions that follow revert
to stock index i and horizon index #.

The recursive result above is fully general but requires estimating separate matrices at each
horizon. In practice, we impose low-dimensional restrictions on the return-based coeflicients
C; (in (7)) rather than estimating the price coefficients Ay and By (in (8) freely, because the C;
are the primitive demand objects and the price and dividend coefficients are determined by them
through the Campbell-Shiller restrictions (9). Throughout, we work in the symmetric own-versus-
average-other basis identified by the weekly cross-sectional design, so each horizon-s coefficient is
summarized by one diagonal term and one average off-diagonal term:

_ Csjj  Csjj = Csji Csjmi
CS = s CAY =

Csj-j Csjj Csj-ji Csjj

e

—_
()

Let ‘PZ’ and ¥} denote the own and average-other flow responses to a unit shock, let E7 and =7
denote the corresponding cumulative return responses, and let QZ and Q} denote the own and

average-other idiosyncratic-volatility responses when continuation risk is included.
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Example 1: naive static recovery. If demand is purely static and depends only on current prices,
qr = —Aop: + s
with no future-return, future-dividend, or continuation-risk terms, then market clearing implies
Pt = Aa er-
In that static case, the price multiplier is M = A; I so the recovered elasticity is exactly
Ag= ML

Equivalently, this is the L = 0 special case of the recovery equation, because then AgEqy = I under
the normalized shock. In the own/other basis, the naive benchmark therefore estimates only two
parameters,

AOJ.] onjv_j

S)
I

Aoj-j Aoy
which, after normalization into the aggregate elasticity units used in the empirical section, reduce

to the two elements of ML,

Example 2: one-step recovery in an own/other basis. Suppose S = 1, so that investors respond

only to one-period-ahead expected returns. The one-step C-system then implies

‘I’ﬁ =C1; (EZ _IBEZ+1) +Cij—-j (EZ _ﬁEZH)’

¥, =Cij-; (EZ —ﬁEZH) +C1,j; (B} = BER)
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for h = 0,...,H. This restriction has exactly two free return-demand parameters, (Cy ;;, C1j,-;).

If continuation risk is added in the same one-step form, the system becomes

lPh = Cl,u( ﬁ~h+1) + Cl,J,—J (“h :8~h+1) Cl JJ‘Qh+1 CI,L Z+1’

o _ ) ) :d _ :'d (=0 _ =0 o
¥y =Cj- (—‘h :3~h+1) +Cjj (“h ﬁ~h+1) CI,J JQh+1 Cl,u h+1>
so the variance-augmented one-step model has four free parameters: (Cy,;;,C1j,—;, C Ljjs ¢ 1j—j)-

Example 3: two-step recovery. Suppose S = 2, so that investors look two periods ahead. A fully
unrestricted two-step system would allow separate matrices C; and Ca,
Crjj Crj-j Crjj Coj-j

C = ’ , )
Cij-j Cuijj Crj-j Cojj

For parsimony, and because the data cannot separately pin down four own/other coefficients at two

horizons, Table 8 imposes the restricted two-step shape

Gy, =0Cy,

so the estimated two-step model is summarized by three free return-demand parameters:

(C1,jj,C1,j,-j»90).
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The implied flow equations are

‘PZ =Cljj (“ ﬁ‘:ZH) +Cyj-j(E) - BE},,) +0C1 (‘—‘h+1 ﬁ‘—‘h+2) +6C1j-j(Ef, — BEh)

¥, =Ci- ’(H ﬁ:‘h+l) +C1,j(E) - BB}, ) +6C1 ) ('—‘h+1 ﬁ'—‘h+2) +6C1 ;i (B, — BEha)-

If continuation risk is added with the same two-step shape, C, = 6C}, then the model has five free

parameters:

(C1,jj,C1,j,-j»0,C1,jj, Cij—j)-

Example 4: geometric continuation in the C coefficients. Extending the two-step restriction to
an arbitrary horizon, the most persistent specification in Table 8 imposes a geometric decay on the

return-sensitivity matrices,

C, =6"cy, s=1,....8,

and, when continuation risk is included, the same low-dimensional restriction on the risk
coeflicients,

C,=6"'C,, s=1,....8.

In the same own/other basis, this implies

d s— 1 =0 ~ 0
¥y = Z g CI,J/ (~h+s 1 5~h+s) +Cj-j (~h+s 1 ﬁ~h+s) - Cl,ugms Cl,/, Qh+s] ’

s=1

S
‘PZ = Z 55—1 [Cl’j’_] (:Z+s 1~ E“Z+s) + Cl’jj (E‘Z+s—1 - “h+s) Cl»]a Qh+s Cl’]JQ;)HS] :

s=1
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Without continuation risk, the geometric model therefore has three free parameters:

(C1,jj.C1,j-j»0).

With continuation risk, it has five:

(C1,jj,C1,j,-j»0,C1j, Cij—j)-

These four examples correspond exactly to the rows of Table 8 in the empirical result in Section 6.4:
naive static M1, one-step C, two-step C, and geometric C, each with and without the continuation-
risk augmentation. For the two-step and geometric specifications, the shape parameter ¢ is estimated
by one-dimensional minimum distance: conditional on a candidate 9, the own and average-other
coeflicients are obtained by least squares, and ¢ is then chosen to minimize the distance between

model-implied and estimated impulse responses. '

6.4 Empirical recovery results

We now implement these restrictions using the same weekly data studied in Section 5. Our
main specification uses the overlapping 2007-2018 sample, so that both FIT and OFI discipline the
same latent demand system on the same stock-weeks; the longer unbalanced OFI sample serves as
a robustness check. Because both measures are already scaled by lagged shares outstanding, they
are in the same units as the outside-demand shock z; in the model.

The identified weekly demand shock is the surprise component of flow. In the baseline

12 Appendix A writes down the estimation objective and the corresponding sequence of estimation steps used for
the weekly recovery tables.
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specification, for each measure we estimate a pooled stock-demeaned AR(4),

4 4
Zig = Z GeZig—¢ + Z Ketip—¢ + Eigs (38)
f:l 521

where z;; is either weekly FIT or weekly OFI and r;; is the weekly log return. The residual ¢;; is
our estimated demand shock. We then estimate horizon-by-horizon local projections using weekly

Fama-MacBeth cross-sectional regressions:

d d T d
Tigeh = Oy p + W ei,+1;, Xis + Ui rihs 39)
= o [0} —T o
Toigeh = @y + Wioei,+I') Xi, + Ui oo
h
d | =d T d
Z Fighj =y + Ep&ir + 0,X:+ Viths (40)
j=0
h
o =0 AT o
Z Foiej =y + 55800+ 0, Xig + V7,
J=0
for h =0,...,8, where Z_; ;4 and h- r_i1+; denote the cross-sectional average across all stocks
’ j—O It]

other than 7 in week ¢. The control vector Xi,t contains foud lags of flows and returns:

_ T
Xi,l‘ = (Zi,l—la e 7Zi,l—47 ri,l—17 o ari,l—4) .

Including these lags in every horizon-/ projection aligns the local projections with the same
information set used in the AR(4) forecasting equation, so that &;, is interpreted as the innovation
in weekly demand relative to that baseline forecast. The AR(4) baseline is chosen to match the
specification used in the rest of the weekly empirical section and to provide a flexible reduced-form

forecast at roughly a one-month horizon.
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Measure M;; M; MJTJ.I
4278 -0.0012 0.234
(0.258) (0.0001) (0.014)

2.544  -0.0006  0.393
(0.083) (0.0000) (0.013)

Pooled overla 2.587  -0.0007  0.387
P (0.040) (0.0000) (0.006)

FIT

OFI

Table 7. Weekly Multiplier Matrix in Own/Other Form.
The table reports the contemporaneous own and average-other price responses to the weekly surprise shock on the
common 2007-2018 FIT-OFI overlap sample. For each measure, the shock is the residual from the stock-demeaned
AR(4) in (38). The pooled overlap row aggregates the same own/other multiplier object and therefore matches the
naive benchmark used in Table 8. Standard errors are Newey-West across weekly Fama-MacBeth coefficient series for
the FIT and OFI rows and are delta-method transforms of the overlap benchmark reported in Table 8.

This own-versus-average-other split is motivated by the identification logic in Haddad, He,
Huebner, Kondor, and Loualiche (2025a). Cross-sectional designs are informative about relative
own-versus-cross effects, but time-series variation is needed to discipline substitution. We

therefore estimate a symmetric low-dimensional system directly in the own/other basis. For the

contemporaneous multiplier, the maintained restriction is

M M
M;-i M;;

~
~

where the off-diagonal element is the average spillover to other stocks from a unit shock to stock j.

Table 7 reports these reduced-form objects on the common 2007-2018 FIT-OFI overlap
sample. The pooled overlap row is the apples-to-apples benchmark for Table 8: its diagonal
multiplier is about 2.59, so the corresponding naive inverse benchmark is about 0.39. We call these
“naive” because they shut down all continuation terms and equate the structural elasticity with the
contemporaneous inverse multiplier alone.

To recover structural demand, we treat FIT and OFI as proxy measures for a common latent

50



demand disturbance and estimate a single low-dimensional set of return-demand coefficients from
their joint own/other impulse responses. Pooling is important here, not merely convenient. On
overlapping stock-weeks the two surprise shocks are only weakly aligned: their correlation is 0.046,
FIT explains only about 0.2% of OFI surprise variation, and the two measures agree in sign only
about 52% of the time. FIT is therefore a narrow and noisy proxy for the underlying disturbance,
whereas OFI is broader but less transparently interpretable.

For this reason, we do not interpret the FIT-only and OFI-only recoveries as competing structural
estimates. Because each proxy loads on the common disturbance with a different signal-to-noise
ratio, separate recoveries can differ simply due to proxy-specific attenuation rather than instability
in the underlying demand system. The pooled estimator fits a single set of coefficients to both sets
of impulse responses jointly, weighting each proxy by its relative precision. Disagreement across
the shock-specific estimates is therefore informative about proxy quality, not about the structural
parameters themselves.

Table 8 reports the pooled recovery results on the common 2007-2018 FIT-OFI sample.'? The
first row is the naive static benchmark based on M~! alone. In own/other form it delivers a diagonal
elasticity of only about 0.39, because it effectively assumes away all future expected-return and
continuation-risk effects. Every dynamic recovery then implies a much larger structural diagonal
elasticity.

The one-step C-only specification already raises the diagonal coefficient sharply, to about 4.25,
and adding continuation-risk moments increases it further to about 6.16. This is exactly the direction
predicted by the theory: once the shock is allowed to worsen future risk-bearing conditions, more
of the observed price response must be attributed to a stronger expected-return elasticity. The

same pattern holds for the more persistent parameterizations. The two-step specification gives

13 Appendix Table A.1 repeats the same recovery exercise on the longer unbalanced samples as a robustness check.
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Spec Cijj Cij-j Shape Cl,jj Cij-j

0387  0.0001
) . -1 - - B
Naive static M (0.006) (< 0.0001)

Oneosten € onl 4254 > -0.0001
ne-step C only (0.798) (< 0.0001) - B )

6.162 < 0.0001 11.128  0.0023
(1.300)  (0.0001) T (12.336) (0.0008)

Tworsien C onl 5318 -0.0001  0.333
WOSIEp L OMY (1.028)  (0.0001)  (0.277) - -

5837 >-0.0001 0485 13295 0.0018
(1.263)  (0.0001) (0.282) (10.319) (0.0008)

Geometric C oy 3360 -0.0001 0229
cometrnic L oY (1.182)  (0.0001)  (0.329) - -

5599 > -0.0001 0492 13.446  0.0017
(1.365)  (0.0001) (0.320) (8.722) (0.0008)

One-step C + var.

Two-step C + var.

Geometric C + var.

Table 8. Structural Recovery from Weekly Own/Other Impulse Responses.
The table reports pooled structural coefficients recovered from the weekly own and average-other impulse responses on
the common 20072018 FIT-OFI overlap sample. “Naive static M~!” is the benchmark that ignores all continuation
terms beyond the contemporaneous multiplier. The remaining rows estimate dynamic return-based C-systems: one-
step, two-step, and geometric restrictions, each with and without continuation-risk moments based on idiosyncratic-
volatility impulse responses. The “Shape” column reports the decay parameter, §, for the two-step and geometric
specifications. Standard errors in parentheses are obtained by resampling weeks. Shock-specific FIT and OFI
recoveries are used only as diagnostics, because the two proxy shocks are only weakly correlated on overlapping
stock-weeks. Full-sample robustness results are reported in Appendix Table A.1.
C1,jj = 5.32 without continuation risk and ¢ 1,jj ~ 5.84 with it. The geometric specification gives
Ci,jj ~ 5.36 and CA'L jj = 5.60, respectively. Across all six dynamic specifications, the average
off-diagonal elasticity remains essentially zero.

The weak average-other estimate is consistent with broader evidence that substitution across
individual stocks is limited at the horizons relevant for demand-based price impact. Davis and
Chaudhry (2026) find similarly weak cross-stock substitution once the object of interest is an

asset-level demand shift rather than a broad market-wide reallocation. Our recovery estimates

point in the same direction: the dominant structural margin is own-stock demand, and the average
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Measure  Q;; Qi1

0.0043  -0.00000
(0.0051) (0.00000)

0.0013  -0.00000
(0.0004) (0.00000)

FIT

OFI

Table 9. Weekly Volatility Impulse Responses in Own/Other Form.

The table reports one-week-ahead idiosyncratic-volatility responses to the weekly demand shock in own and average-
other form. These are the volatility moments used in the continuation-risk augmentation of Table 8. Standard errors
are Newey-West across weekly Fama-MacBeth coefficients.

offsetting reallocation into other stocks is close to zero. In our specification, separate parameters
govern own-price and cross-price elasticities within each period’s coefficient matrix, which is
more flexible than logit-style demand, where a single parameter controls both. A single cross-
elasticity parameter may appear overly parsimonious, but the near-zero estimates suggest that it
is a reasonable approximation for individual stocks. Using a single parameter for the own-price
elasticity is standard in the literature; Haddad et al. (2025a), for example, discuss relaxing this
restriction.

Table 9 reports the volatility moments that discipline the continuation-risk augmentation of
Table 8. The key fact is that the own one-week-ahead idiosyncratic-volatility response is positive
for both FIT and OFI, and statistically significant for OFI, whereas the average-other response is
close to zero. This pattern is exactly the one needed for the variance-augmented models to push the
recovered diagonal elasticity upward: if the same shock that raises prices also worsens near-term
risk-bearing conditions in the shocked stock, then the observed price response must be reconciled
with a larger underlying expected-return elasticity. This covariance/risk effect has been emphasized
by He et al. (2025), and empirically we find this matters substantially.

Two features of these estimates deserve emphasis. First, every dynamic specification delivers an

own-price elasticity far above the naive inverse-multiplier benchmark, which is the central prediction
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of a forward-looking demand system. Second, within each pair of models, adding continuation-risk
moments raises the diagonal coefficient rather than lowering it. The richer dynamic restrictions
therefore sharpen the same conclusion rather than overturning it: the weekly data point to a
structural own-price elasticity in the neighborhood of five or more, with little evidence of average
cross-stock substitution in the own/other basis.

These results clarify what the data can and cannot reveal. A single stock-level shock is not
enough to identify a fully unrestricted elasticity matrix with rich substitution. But the weekly data
do pin down a disciplined low-dimensional object: a common diagonal structural elasticity that is
much larger than M~!, an off-diagonal elasticity that is close to zero in average-other form, and an
economically meaningful increase in the diagonal coefficient once continuation risk is allowed to

move with the shock.

6.5 Interpretation

Proposition 7 shows why the log-linear rewrite is useful. The same coefficients that describe
structural demand in Section 2 and determine equilibrium multipliers in Section 4 are also the
objects recovered from reduced-form dynamics. Nothing conceptually new has to be introduced
for the recovery section. One only needs enough support in the shock process and enough variation
in the price impulse responses to invert the system.

The proposition also highlights a practical limitation. A single contemporaneous multiplier
does not generally identify the demand system. Recovery requires the path of price responses
together with the path of flow responses. Persistent instruments are therefore not a nuisance. They

are exactly what makes the forward-looking demand coefficients recoverable.
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7 Conclusion

This paper studies how to recover and use demand elasticities in dynamic asset markets. Because
a price movement today must be accompanied by some path of future expected dividends, returns,
or risk, there is no single context-free elasticity: the object recovered by any DSAP design depends
on the process generating the price movement. This raises a practical question for counterfactual
analysis: if the elasticity is estimated from a shock with one set of attributes (say, a persistent and
systematic flow), it may not apply to a counterfactual involving a shock with different persistence,
risk profile, or transmission into future prices. For many DSAP applications, the relevant object
is therefore the instrumented elasticity associated with the identifying shock, not the structural
own-price coefficient that holds all future expected prices, returns, and risk fixed.

We formalize this distinction within a unified log-linear demand system. The instrumented
elasticity is a shock-specific weighted combination of structural demand coefficients, and under
a weak price-mediated exclusion restriction its inverse is the price multiplier for that shock. In
a benchmark equilibrium, we derive comparative statics showing that price multipliers are larger
when risk is higher, flows are more persistent, shocks load on more systematic directions, and flows
are more surprising. The empirical evidence supports all four predictions.

The same framework addresses the recovery problem. Persistent shocks are not a nuisance;
they are informative, because the path of price and flow responses contains precisely the variation
needed to identify forward-looking demand coefficients. Under standard invertibility conditions,
the structural demand system can be recovered from reduced-form impulse responses. In weekly
data, the quantitative gap is large: the naive inverse-multiplier benchmark, which ignores all
forward-looking terms and treats the contemporaneous price response as sufficient, implies an
own-price elasticity of about 0.3 to 0.4, whereas the recovered structural elasticity is about 4.3 to

6.2. The low naive estimate reflects the persistence of the identifying shock, not intrinsically weak

55



demand: once the path of future expected returns and risk is accounted for, investors are far more
responsive to price changes than the reduced-form multiplier alone would suggest. With the right
dynamic structure, these structural objects can be recovered and applied to counterfactuals whose

shock attributes differ from those of the original identifying variation.
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Appendix

A Additional Weekly Recovery Results

For the weekly recovery tables, estimation proceeds in two steps. First, we estimate the empirical
own and average-other impulse responses, collected in a vector 7z, from the local projections in (39)
and (40), and when continuation risk is included we append the corresponding volatility moments.
Second, for a given parameter vector 6, we compute the model-implied moments m(6) under the

relevant restriction from Section 6. The reported estimates solve the minimum-distance problem
f € arg min (i — m(0)) "W (i — m(8)),

where W is a diagonal weighting matrix based on the relative sample precision of the FIT and
OFI moment blocks. In the naive static and one-step specifications, the model is linear in 6,
so the estimator reduces to least squares. In the two-step and geometric specifications, ¢ is the
only nonlinear parameter: conditional on a candidate ¢, the remaining own and average-other
coeflicients are estimated by least squares, and then ¢ is chosen by a one-dimensional search over
the minimum-distance objective. Standard errors in the main text and appendix are obtained by

resampling weeks and re-estimating the full procedure.

B Proofs for Instrumented Elasticity Results

Proof of Proposition 1. By linearized market clearing (16),
q: = —Az.

Differentiating with respect to z; gives

dq,
dz/
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Spec Cijj Cij-j Shape Cl,jj Cij-j

0346 0.0001
) . -1 - - B
Naive static M (0.003) (< 0.0001)

Onesten C o 4414 <0.0001
ne-step C only (0.742)  (0.0001) - ) )

5482 < 0.0001 2.195  0.0041
(0.999)  (0.0001) T (35.669) (0.0036)
4996  -0.0001  0.384

Two-step C only (0.821)  (0.0001)  (0.264) B -

5152 > -0.0001 0447 11495  0.0033
(0.932)  (0.0001) (0.275) (31.897) (0.0032)

Geometric C oty 037 -0.0001 0274 B B
cometric L oY 0.863)  (0.0001)  (0.300)

4995 <0.0001 0.630 22.661  0.0037
(0.922)  (0.0001)  (0.343) (31.279) (0.0030)

One-step C + var.

Two-step C + var.

Geometric C + var.

Table A.1. Full-Sample Robustness for Weekly Structural Recovery.

The table repeats Table 8 on the longer unbalanced weekly samples rather than the common 2007-2018 overlap sample.
This appendix table is intended as a robustness check because FIT and OFI do not span the same stock-weeks outside
the overlap period. Standard errors in parentheses are obtained by resampling weeks.

By definition, the price multiplier matrix is

dp;
M = —.
t (Zl‘) dz;r
Assumption (i) implies that M;(z;) is invertible, so substituting these two expressions into (13)

yields
da:

dZ,T Mz(Zt)_l = AMt(Zt)_l-

Ei(zy) = -

This proves (20).

Now define the aggregate demand elasticity matrix

Sr(Zz) = A‘l&(zt).
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Using (20),
St(Zt) = A_lAMt(Zt)_l = Mr(Zt)_l,

which proves (21). Price-mediated exogeneity is the additional interpretation condition ensuring
that the matrix in (13) is the IE of interest rather than a mixture of price-mediated and direct

characteristic effects. [

C Proofs for Benchmark CARA Results

Proof of Proposition 2. Because (26) implies
Ag = pAT = (1= Bp)AG,
and A§ is invertible while 1 — B8p > 0, the matrix A§ — pA is invertible. Define
C c\!
M= (4§ - paS) A
Since E;[z;+1] = pzs, the process p; = Mz, satisfies
Agpt - AlcEt [Pre1] = (ASM - pAch) 7 = Az,

so it is an equilibrium.
To prove uniqueness, let p; be any other equilibrium satisfying the same no-bubble restriction

and define u, = p; — Mz,. Subtracting the equilibrium condition for Mz, from that for p, yields
Aguz - AICEt[”Hl] = 0.

Using (26), this becomes
ur = BE[us1].

Iterating forward gives
= BBy (U] forall j > 1.
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Because both p; and Mz, satisfy the no-bubble restriction,

lim B/E, [us;] = 0.

Jj—oo
Taking limits in the iterated equation therefore gives u;, = 0 almost surely for all ¢, so p; = Mz,. [

Proof of Proposition 3. From (30),

M:l’yﬁ

Diag(P)~'=.
0

Taking the (j,7) entry gives
o YB Zjj
ji= 5
1- ,Bp Pj

Holding fixed (y,8,p,P) and all off-diagonal covariance terms, the own-price multiplier therefore

increases one-for-one with X, ;. [
Proof of Proposition 6. Equation (30) scales with (1—8p)~!, which is increasing in p on [0,1). [

Proof of Proposition 4. If v is a unit eigenvector of Diag(P)~'X with eigenvalue A, then by (30),

My = b Diag(P)™'Zv = ﬂ/lv.
1-pBp 1-pBp
Hence the magnitude of the directional price response is increasing in A. [

Proof of Proposition 5. From (29), p, = Mz, = M(pz;—1 + &), so

Ei-1lpi] = Mpzi1 and pr —Ei1lpi] = Me;.

D Equivalent representations

This appendix uses a more generic functional notation to show how to move between alternative

representations of the same demand system. The purpose is purely algebraic: it records the
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equivalence mappings behind the main text. We start with the representation in terms of price and

dividends:

4 = 4P (P By [prs1 ] Be[dit 1L Be [ prsal  Bildisals . 5 f).

From the Campbell-Shiller approximation, we obtain

Feel =K+ ppret + (1 = p)dis1 — pr.

To simplify the notation, we set k = 0. Results extend trivially to the case where x # 0. We will

also omit the demand shifter f; for brevity.

Equivalence between (p,d) and (p,r). Solving for expected dividends at horizon & we obtain:

E/[714n] + Bt [Pr4n-1] = PE;[Pran]

Et[dz+h] = 1— 0

We can use the expression above to eliminate expected dividends from the demand system:

4 = 47" (pi, B[ prst L, Be[ren1 1L Be [ praal, B [rsals - . )

E/[ri1] + pr — pEi[pi41] E/[res2] + Bi[pre1] = pEi[pis2]
:q(p’d)(pt,Ez[le]a s 1Pt_pp (LPr JEi[preal, A llpfp PP

)

where we omitted the constant « for brevity. This implies that the structural demand elasticities of

one representation are connected to the structural demand elasticities of another representation:

N d J d ,d d
dq"" 1 3¢ 00" _ 04" _p 0¢"" 1 9"
OE:[rs4+1] 1 — p OB, [ds1] ’ OE:[pr+nl OB/ [prsn] 1-p 0Eildisn] 1-p 0E:[disns1] ’
for h > 1, and

1 t 3
= + .
op; Op: 1 — p OE;[d41]

We can perform the reverse operation, that is, recover the (p,d) representation from the (p,r)

representation. We start again from the Campbell-Shiller approximation:

Ei[rien] = PEi[pran] + (1 = p)Bi[disn] — B [pran-1].
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We can then use the expression above to eliminate expected returns from the demand system in

(p.r):

qr = q(p’d) (Pt Be[pra1), Beldis1 ], Be [pra2] Be [dis2], . . )
=qP") (p,, E, [Pi+1], PEs [prs1] + (1 = p)Bi [drs1] = pi. Bi[Prs2]s PEs [Pra2] + (1 = p)Bt [drs2] — Ei[prs1], .. ).

The structural demand elasticities of the (p,d) representation are connected to the structural

demand elasticities of the (p,r) representation:

d s d s s s
dq;" " _ (1-p) dq;"" dq;"" _ 9g"" o dq""  ag""
OE:[dsn] OE; [r14n] ’ OE:[pr+nl OE:[pr+n] OB [risn]  OBi[rivns1] ’
for h > 1, and
.d , ,
99,"" _9q,""  9g,""
Op; p; OE;[r+1] .

Equivalence between (p,d) and (r,d). We now show that the (p,d) representation is equivalent
to the (r,d) representation. We start again from the Campbell-Shiller approximation, but this time

we solve the equation forward and use a no-bubble condition:

(o)

pr= o [(1 = P)Eildis] ~ Eilrins]] .
J=1

Evaluating at horizon & and taking expectations, we obtain:

oo

EBilpunl = D o7V [(1 = p)By[dis)] = Bilriajl] = g (Bilrian ], Beldiana], . ..
Jj=h+1

We can then use the expression above to eliminate expected returns from the demand system in

(p.d):

q: = q(”d) (Belres1], Beldie1 L Ee[rea2] Be[dis2], - . 2)
= "D (g0(Beria1 ) Eeldi], - . ). 801 (Belrsal Er[disal .. ). By [dia], - . ).

Pt B¢ [per1]
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We can then use the expression above to recover the structural demand elasticities of the (r,d)

representation from the structural demand elasticities of the (p,d) representation:

dg;"" ' 9q""  oge, 09" N1 0" oz 0q""
OE; [714] =y OB [prsj] OB:[reen]’ OE; [drsn] =y OE:[pi+j] OB;[dren] OB [drsn]
for h > 1.

We can perform the reverse operation, that is, recover the (p,d) representation from the (r,d)

representation. We start again from the Campbell-Shiller approximation:

E¢[re4n] = pEe[pren] + (1 = p)Ei[drin] = B[ pran-1].

We can then use the expression above to eliminate expected returns from the demand system in
(r.d):

4t = 4P (pr, Bi[pest ], Be[dist ], Be [ praal B [disal, - . )

= C](r’d) (PEt [pz+1] +(1- P)Ez [drs1] - 2" [dt+l],pEt [Pt+2] +(1- P)Et [di+2] — B [pz+1], E;[di+2]. .. .).

We can then use the expression above to recover the structural demand elasticities of the (p,d)

representation from the structural demand elasticities of the (r,d) representation:

d r.d r.d d r.d r,d
9g;"" _, dg; " g 9g;"" —(1-p) 0q/ " 9q"
aEt[PHh] OE[71+1] 6Et[rt+h+l], OE;[di+n] OE[7i+n] 0Et[dt+h].

for h > 1, and
d r.d
dg;"" _ 9g""
op; OE[r+1] .

Conclusion. We have seen that the (p,d) representation is equivalent to the (p,r) representation
and the (r,d) representation. Hence, the (p,r) and (r,d) representations are also equivalent. This
implies that our results on recovering the structural demand elasticities from the data are valid for

all three representations.
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