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Abstract

Household-based and intermediary-based asset pricing models disagree about the elas-
ticity of the allocations to intermediaries. Household-based models (e.g., Lucas (1978);
Campbell and Cochrane (1999); Bansal and Yaron (2004)) focus on households’ risk-return
trade-offs, implying that the allocation to intermediaries is so elastic that renders the inter-
mediaries’ portfolio behavior irrelevant. In contrast, intermediary-based models (e.g., He and
Krishnamurthy (2013); Koijen and Yogo (2019); Haddad and Muir (2021)) emphasize house-
holds’ inelastic allocations, leading to drastically different pricing predictions. We shed light
on this discrepancy by examining households’ allocations to intermediaries and estimating
their price elasticity in the 13F data of institutional holdings. In a variance decomposition
exercise, we find that households primarily respond to intermediaries’ excess demand for
stocks by rebalancing their direct stock holdings, while their allocation to intermediaries ex-
acerbates the demand pressure by about 10%. Consistent with theory, allocations to some
intermediary types, such as mutual funds and investment advisors, exhibit a negative and
significant relationship with the price of their portfolio assets. However, the elasticity of
these allocations is not large enough to have a first-order impact on the aggregate demand
elasticity for assets. Our results support the central premise of intermediary-based asset
pricing models: households do not reallocate enough to eliminate mispricings induced by

intermediary-level frictions.
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1 Introduction

The empirical asset pricing literature points to the importance of intermediary level fric-
tions, such as balance-sheet constraints (Adrian et al., 2014; He et al., 2017), arbitrage limita-
tions (Shleifer and Vishny, 1997; Brunnermeier and Pedersen, 2009), and investment mandates
(Gabaix and Koijen, 2022), for asset returns, both at the cross-section and time-series. These
observations led to the development of intermediary-based asset pricing models (He and Krish-
namurthy, 2013). Yet, it is empirically challenging to rule out the possibility that intermediary-
level variables are correlated with some macroeconomic-variables, so that the prices might still
be efficient from the perspective of the representative investor under a correct specification of
the preferences, beliefs, and endowment processes. In other words, households are the end
owners of the assets, so they might still reallocate enough funds across the intermediaries to
eliminate any mispricing induced by the frictions at the intermediary level.

As such, these two views depart in their implication for how actively households rebalance
in response to non-fundamental price movements. The representative-investor view posits that
household-level allocations are so elastic that renders the intermediary demand irrelevant. How-
ever, the intermediary view requires some inaction or market segmentation to make households’
demand for assets inelastic. In this case, the aggregate demand elasticity is primarily set by
the intermediaries, and would primarily depend on the size of arbitrage capital available to ac-
tively managed funds, investment mandates, and constraints faced by intermediaries. Certainly

reality can be between these two extremes as well.

Two-layer Demand System Estimation

We contribute to this discussion by decomposing the aggregate demand elasticity into a direct
component, which is the sum of the demand elasticity of the direct owners of assets, including
the institutional holdings and households’ direct holdings, and an indirect component, which
captures the elasticity of the allocations to the institutional investors. Figures 1 and 2 clarify
what different asset pricing models imply about the direct and indirect elasticities.
As suggested by Figures 1 and 2, the main distinction between household-based and intermediary-

based asset pricing models is in their assumption about the indirect elasticity, that is, how elastic
the capital flows to intermediaries are with respect to price movements. To understand this dis-

tinction, consider institution ¢ that holds asset n. Instituition i’s demand for this asset can



Asset
Markets

Direct Elasticit%

Indirect Elasticity

Asset
Markets

Direct Elasticity/‘

V\Direct Elasticity

Direct Direct
Household Household Intermediaries
Holdings Holdings
Indirect
Household
Holdings

Figure 1: Classic Asset Pricing View Figure 2: Demand System Asset Pricing View

be written as Q;(n) = A;w;¢(n)/Pi(n), where A;; is the assets under management (AUM)
of institution 4, w;¢(n) is the portfolio weight of asset n, and P;(n) is the share price. The

elasticity of institution ¢’s demand is the derivative of log demand with respect to log price:

. (n) — _alog(Q%t(n)) 1 _ 810g("417t) B 8log(wz,t(n)) (1)
T = D log(Pry(n)) dlog(P(n))  dlog(P(n))
Indirect;qasticity Direct elasticity
(household-level) (intermediary-level)

This single equation nicely highlights the tension between household and intermediary-based
models. In many households-based models, the indirect elasticity is so large that renders the
intermediary-level elsaticity irrelevant. In these models, intermediaries are just veils through
which households act. However, the most extreme intermediary-focused models assume that
assets under management are exogenous to prices—i.e. dlog(A;;)/0log(P;(n)) =0 (e.g. Koijen
and Yogo (2019)). In this world, investors have really entrusted capital to intermediaries, and
while flows may be a function of past returns, they are not a function of current prices or
valuation ratios of the fund’s assets. In these models, frictions at the intermediary level are not
undone by investors.

The purpose of this paper is to empirically disentangle the direct and indirect elasticity com-
ponents of the aggregate asset demand. The relative contribution of these two terms is informa-
tive about whether households’ reallocations undo the mispricings caused by intermediary-level
frictions.

To this end, we develop a model featuring a representative investor who invests in some risky
assets either directly, or indirectly through some intermediaries. The representative investor

also has access to some outside funds (e.g., bonds) available to transfer to her direct or indirect



holdings.

There are four types of reallocations in the model, which cancel out in the aggregate under
the assumption that the asset supply is fixed: Intermediaries’ rebalancing of their portfolios,
the representative investor’s rebalancing of her direct risky investments, the investor’s transfers
of funds in and out of her direct risky investments, and lastly, the investor’s adjustments of her
allocations to the intermediaries. Putting it differently, if intermediaries have an excess demand
for an asset, the investor has to respond either by adjusting her direct holdings (via rebalancing
her portfolio of risky assets or rebalancing across risky assets and outside assets), or by reducing
her allocation to the intermediaries. We develop a reallocation identity that formalizes this idea
and analyze the investors’ response to such purchase (or selling) pressures by estimating the
contribution of each term in a variance decomposition exercise.

We find that about 90% of the intermediary-level demand pressure is absorbed by rebal-
ancings within the direct holdings, whereas the adjustments in the intermediated investments
exacerbate the demand pressure by about 10%. The mutual fund flows account for 7% out of
this 10%, consistent with the empirical evidence on the positive flow-performance relationship
(Chevalier and Ellison, 1997; Lou, 2012)): An increase in the intermediary-level demand for
an asset drives up its price, which attracts investors’ flow. As such, the latent demand for
intermediaries’ equity is likely to be correlated with the prices, warranting an IV strategy to
estimate the price elasticity of the capital allocations to intermediaries.

We assume that the capital allocation to each intermediary has an exponential-linear rela-
tionship with a weighted average of the log market equity and some exogenous characteristics of
the portfolio assets, inspired by Koijen and Yogo (2019) (Henceforth, KY). In essence, we treat
each intermediary as a basket of assets, thereby inheriting the characteristics of its portfolio
assets. The assets are weighted by some proxy weights that resemble the portfolio weights. We
do not use the portfolio weights for two reasons: First, it is due to the concern that the portfo-
lio weights are endogenous and respond to price movements, complicating both our theoretical
derivations and empirical analysis. Second, it is intuitive since households might not perfectly
know or track the intermediaries’ holdings. For instance, households understand energy funds
primarily invest in energy companies, but they might not exactly know the portfolio weights.
We use four different weighting schemes to demonstrate the robustness of our results.

We estimate the price elasticity of the capital flows to each intermediary type (Banks, Mutual

funds, Investment advisors, etc) via a pooled regression of the intermediaries’ log share onto



the fund characteristics. Our coefficient of interest is the one in front of the average log market
equity of the portfolio companies, which we denote by me;(t). To instrument for nie;(t), a
candidate is to use a weighted average of the price instruments employed by KY. However, it
is not a suitable candidate since KY assumes that the allocation of funds among intermediaries
is exogenous, while we relax this assumption.

To resolve this issue, we construct an instrument for nie;(t) based on the following two-
step procedure: For each intermediary, we assume that funds are allocated among the other
intermediaries proportional to the number of assets in their investment space, as defined in
KY, and those intermediaries allocate their funds to stocks in their investment space based on
the book value of their holdings.! This first stage yields an instrument for stocks’ log market
capitalization that does not depend on the allocation of funds across intermediaries. In fact, the
only source of variation among the instrumented market-to-book values across stocks is the set
of investment spaces that they belong to and the book equity of other stocks in those investment
spaces. In the second stage, the instrumented variable for mie;(t) is constructed as the book
equity-weighted average of the instruments for stocks’ log market capitalization. Note that this
instrument exploits intermediary-level frictions (i.e., the fact that all firms are not included in
the investment space of all intermediaries) for identification. We confirm that KY’s elasticity
estimates would be quite similar when our IV is employed.

We find a positive and significant price elasticity (as defined in Equation 1) for the capital
allocation to most intermediary types, including Mutual Funds and Investment Advisors. This
result is robust across different choices of proxy weights. The results further reveal that the
capital flows to mutual funds have the largest price elasticity, consistent with the notion that
the transaction costs are the lowest for this intermediary type.

However, the price elasticities are not large enough to have a first-order impact on the ag-
gregate demand elasticity. Our estimates indicate that the contribution of the indirect elasticity
term (the term associated with cross-intermediary reallocations) is one to two orders of magni-
tude smaller than the direct elasticity term. As such, we conclude that the aggregate demand
elasticity is primarily set at the intermediary level, and households’ contribution to the aggre-
gate demand elasticity is primarily through their direct holdings. This result is consistent with

theories and earlier evidence on households’ sluggish portfolio behavior (Ameriks and Zeldes,

! An intermediary’s investment space is defined as the set of stocks that the intermediary has held with a
positive weight over the past 36 months.



2004; Dulffie, 2010; Abel et al., 2013; Giglio et al., 2021).

We also use the elasticity estimates to shed light on the transaction costs associated with the
adjustments in the allocations to different intermediary types. Specifically, we consider mean-
variance preferences for the representative investor and a quadratic adjustment cost for the
investor’s direct and indirect allocations. Theoretically, we find the transaction cost is inversely
related to the price elasticity of the investor’s allocation to an intermediary. Empirically, our
estimates imply that households require a 1.1%-2.4% increase in the expected return for a
mutual fund to increase their allocation by more than 1%. The corresponding range of values
for investment advisers is between 3.7%-9.5%.

Our two-layer estimation methodology contributes to the fast-growing literature of demand-
based asset pricing by modifying the methodology to estimate the aggregate demand elasticity.
KY estimates the intermediary-level term in (1) as they assume an exogenous allocation of
funds to intermediaries. This assumption biases their estimation of the aggregate demand
elasticity downward, provided households have a downward-sloping demand. We find that the
bias is statistically significant, but economically small. Another related study is Darmouni et al.
(2022), which develops a two-layer demand system to study the role of capital flows in and out of
institutional investors in the fragility of the corporate bond market. Thus, the focus is different
from our study.

Furthermore, our study contributes to the literature on intermediary asset pricing by directly
examining the magnitude of the “undoing effect” by households in response to intermediary-
level frictions. Haddad and Muir (2021) develops and tests a theoretical framework with both
direct and indirect holdings, where there is a quadratic cost is associated with direct holdings.
Their model motivates a role for the risk-bearing capacity of intermediaries in the formation
of equilibrium asset prices. In our model, households face a quadratic adjustment cost for
both direct and indirect holdings. The adjustment costs determine the price elasticities of the
direct and indirect allocations. Our method uncovers that cross-intermediary reallocations are
at least one order of magnitude less responsive to non-fundamental price movements compared
to intermediary-level reallocations. Thus, it is natural that frictions that impact intermediaries’
portfolio behavior have a first-order impact on asset prices since allocations to intermediaries
exhibit a weak response to price movements.

The rest of the paper is organized as follows. Section 2 presents our theoretical framework.

Section 3 describes our methodology to estimate the aggregate demand elasticity. Section 4



explains the data sets used in our analysis. Section 5 provides the results. Section 6 reviews
the variation in the elasticity estimates in the literature and discusses how our results compare.

Section 7 concludes.

2 A Two-Layer Asset Demand Model

2.1 Setup
Consider an economy with infinite periods, ¢t = 1,2,.... There are N risky assets, indexed by
n =1,...,N, and an outside asset, indexed by n = 0. The outside asset has a deterministic

one-period return of Ry(t) at t. The excess return of the risky assets is normally distributed
given the available information at time ¢, with a mean of u(t) € RY and a covariance matrix
of Q(t) € RV*N, We consider a representative investor that invests in the risky assets either
directly or indirectly through some intermediaries, indexed by ¢ = 1,...,I. In the case of 13F
data, this representative investor represents the aggregate demand of some end investors, such
as households and non-13F institutions (which, overall, we refer to as “households”, following
KY), that might provide capital to the 13F institutions.

Let W (t) be the wealth of the representative investor at time ¢, which is invested in the assets
either directly or indirectly through the intermediaries. A;(t) represents the dollar value of the
investment through intermediary ¢ at period ¢. To be consistent with our empirical analysis, let
Ap(t) represent the value of the investor’s direct investment in risky assets. Qp0(t) denotes the
value of the investor’s investment in the outside asset that is not through the intermediaries.

Therefore,
I

W(t) = Quot) + Am(t) + > Ai(t). (2)

=1

Define ay(t) = %I((tt)) and o;(t) = ’;‘V‘Eg , which respectively represent the fraction of direct
holdings and the fraction of indirect investment through intermediary ¢ at time ¢.

We represent the vector of the portfolio weights of risky assets for the representative investor
and intermediaries, by wp(t) € Ryx1 and w;(t) € Ryx1, @ = 1,..., I, respectively. Let P,(t)
be the unit price of risky asset n at period ¢. The unit price of the outside asset is normalized to
one. We assume that risky assets have a fixed supply, which we normalize to one. The investor
directly holds Qp ,(t) units of asset n, and likewise, @Q;,(t) represents the quantity of asset

n held by intermediary ¢ at period t. p,(t) and g¢;n(t) represent the natural logarithm of the



prices and quantities.

Define X (t) € Ryx1 as the risky portion of the effective portfolio held by the investor:

I
X(t) = ag(t)wy(t) + Z o (H)w; (). (3)

Since the investor is the ultimate holder of the assets, the portfolio weights in X () are equal

to the market portfolio weights:

X, (t) = . n=1,...,N. (4)

Note that the investor can adjust her effective portfolio by adjusting her direct holdings
(i.e., Qun(t), n=1,...,N), or her allocation to intermediaries (i.e., ;(t), i = 1,...,I). In the
extreme case that the investor makes no adjustment at period t, the portfolio weights in her
direct holdings only change due to price movements. Specifically, the portfolio weights in this
benchmark case are:

 Qualt— 1P, (t)
AR

N
;AU =D Qualt—1)Pu(t), n=1,...,N. (5)
n=1

Thus, we can define the investor’s reallocation in her direct holdings as:
Awg(t) :== wy(t) — w(t). (6)

Likewise, if the investor makes no adjustment in her allocation to intermediary ¢ at period
t, the value of assets held by intermediary ¢ only changes due to price movements between ¢ — 1
and t:
N
AJ(t) = Qiolt — )1+ Ro(t = 1)) + > Qin(t — DPu(t), i=1,...,1. (7)

n=1
Note that intermediary ¢ might update its portfolio at period ¢, however, this rebalancing
would not impact the value under its management when there is no capital flow from the

investor. With these expressions, we obtain the passive benchmark for «a;(t):

_ A(t) Ad(t)
C Quot—1)(1+ Ro(t— 1))+ A% (1) + 0, A% W(t)

oy ()

In the equation above, we use the fact that Qmo(t — 1)(1 + Ro(t — 1)) + A% () + Zle Ad(t)



is simply the sum of the market value of the assets at period ¢, which is equal to the investor’s
wealth.? The adjustment in the allocation to intermediary i is defined as Aa(t) := a;(t) —ad(2).
Aag(t) is defined similarly.

Lastly, let Aw;(t) represent the adjustment in portfolio weights by intermediary i:

_ Qi,n(t - 1)Pn(t)
A

n=1...,N

Aw;(t) == wi(t) —wd(t), i=1,...,1.

2.2 A Reallocation Identity

The reallocations, as defined above, only result in transfers of ownership between the investor
and intermediaries or among intermediaries. Consequently, these transfers should offset each
other in the aggregate when there is no change in the asset supply. This section demonstrates
this concept formally in our model and employs this fact to obtain an identity for reallocations,
which we use in our empirical analysis to understand the magnitude of each type of allocation
adjustment. To derive this identity, we first establish that if we define X0(¢) as the effective
portfolio prior to the reallocations (but after the price movements), it indeed equates to the

vector of market portfolio weights, thereby being equal to X (¢):

Equation 11 states that the effective benchmark portfolio is also the market portfolio since

even in the benchmark case, the sum of direct and indirect investment in an asset should

2To see this, note that:

Quo(t —1)(1 + Ro(t — 1)) + Ay (¢ +ZA° = Quo(t—1)(1+ Ro(t — 1)) +ZQHnt—1)P()

n=1

+ Z{Qi,o(t — D1+ Ro(t = 1) + > Qim(t — 1) Pu(t)}

i=1 n=1

= (1+ Ro(t — 1))Qo(t — 1) + ZQHntfl +ZQM — )] Pa(t) = W(1),

=1

where Qo(t — 1) = Qu,o(t — 1) + 21{:1 Qio(t —1).



be its market value. By subtracting (11) from (3), we obtain the following identity for the

reallocations:
1 1
0= o) Awi(t) + > Aci(t)w;(t) + ol () Awy(t) + Aagt)wa(t) . (12)
=1 = R_ealloggtiqn in Reallocation between
Within-intermediary ~ Cross-intermediary direct holdings the Oms;(;ge%;l d risky

reallocation reallocation

Equation 12 states that there are four types of reallocations, which cancel out in the aggre-
gate: Within-intermediary reallocations, cross-intermediary reallocations by the investor, the
investor’s portfolio rebalancing in her direct holdings, and the investor’s reallocation between
the outside asset and the risky assets.

The intuition behind Equation 12 is as follows: When intermediaries collectively apply
buying (selling) pressure on asset n, the investor must counterbalance this pressure either by
adjusting her direct holdings (either by rebalancing the direct holdings, or by transferring funds
between the risky and outside assets) or by reducing (increasing) her allocation to intermediaries
that invest in asset n. In our empirical section, we utilize this identity to examine how households

respond to asset demand shocks caused by intermediary-level rebalancings.

2.3 Optimal Reallocation

Next, we discuss what determines the magnitude of the investor’s reallocations. To this end,
we assume that the investor has mean-variance preferences over the excess return of her in-
vestment. Moreover, we assume that the investor faces a quadratic adjustment cost for both
direct and indirect holdings. These adjustment costs represent the economic forces that result
in households’ sluggish portfolio behavior (e.g., See Ameriks and Zeldes (2004); Giglio et al.
(2021)), such as inattention (Duffie, 2010) or inertia (Gabaix and Koijen, 2022). We employ
this framework in Section 5.3 to understand how large the adjustment costs should be to justify

our empirical results.

%a&(’ o) Aa?, where ¢; > 0. The a? in the denominator

The quadratic cost for intermediary 7 is
of the quadratic cost implies that the marginal cost of the adjustment linearly increases with the
percentage change in the position, instead of its absolute change. For instance, if the investor
decides to increase her allocation to intermediary ¢ by 1%, the marginal cost associated with

this adjustment is ¢;. Likewise, the quadratic adjustment cost in the direct holding of asset n is

%W(QH(t)wH,n(t) — a%(t)w%,n(t))? Note that agwi () = I;[}L((;)) Qm n(t) is the fraction



of the investor’s wealth invested in asset n. Thus, the marginal cost of adjustment linearly
increases with the percentage change in the fraction of wealth invested directly in this asset.?

In particular, the effective portfolio at period ¢ is the solution to the following optimization

problem:
1 N1 e I
X() u(t) — =4 X (t S CHR A (t 72
Aai,grlﬁi}waH ( ) M( ) 27 ( Z::l 2a0 an( )( aH( )an 5 2

n

(13)
The first-order conditions imply that the following relationships hold for the investor’s real-

locations in relation to the effective portfolio:

o = ) () 920X (1) (1)
() wia(t) — ol Buwl o
= IZ%(Q)M% Hg)) 1) () = 00X 1) (15)

Note that in the equations above, u(t) — v(t)Q(t)X (t) captures the distance between the
effective portfolio and the first-best portfolio, i.e, X* = 7y~ 1Q~1(t)u(t). e, is a vector that its
n’th element is one, and the other elements are zero. Equation 14 indicates that the size of
reallocations in the indirect holdings depends not only on the deviation of the effective portfolio
from the first-best portfolio, but also on the adjustment costs. For instance, if we find that
the size of cross-intermediary reallocations is small, we cannot distinguish whether it is due
to high transaction costs or high satisfaction of the investor in her effective portfolio after the
intermediaries’ reallocations. To distinguish these two channels, in our empirical section, we
estimate the ¢;’s by exploiting Equation 14.

Note that this setting nests some special cases that have been analyzed before. In most
household-based models (e.g., Lucas (1978)), the adjustment costs are assumed to be zero, which
implies that the investor has a large price elasticity in her direct and indirect investments. The
setting in Koijen and Yogo (2019) corresponds to the extreme case that ¢; = co, meaning that
the investor does not adjust her indirect holdings in response to price movements. Haddad and
Muir (2021) considers a positive cost for direct investment and zero cost for indirect investment.

We analyze the price elasticity of different types of reallocations to discern which setting yields

3The cost structure here is different from Haddad and Muir (2021), as it considers a quadratic cost of direct
holding and no cost of indirect holding. However, we consider a quadratic adjustment cost for both direct and
indirect holdings.

10



a more realistic response from households.

2.4 Aggregate Demand Elasticity

This section characterizes the aggregate demand elasticity. We drop the time index to simplify

the notation. Note that the demand elasticity for asset n with unit price P, is given by 7, =

—%11(; gg ?3:?, where QP denotes the aggregate demand of asset n. Since QF = X]g:v, we have:
__0logQ,? _1_8logX,? (16)
= dlog P, opn

Therefore, the aggregate demand elasticity for asset n with respect to its price given the vector

of prices can be derived as follows:

Equation 17 provides the four components that determine the elasticity of the aggregate demand
for asset n. The first term inside the braces corresponds to the intermediaries’ reaction to price
movements. The three other terms correspond to the price elasticity of three types of allocation
adjustments by the investor: The rebalancing of the direct allocation to risky assets (the second
term), the reallocation between the outside asset and risky assets (the third term), and lastly,
the adjustments in the allocation to the intermediaries (the fourth term).

The estimation method in Koijen and Yogo (2019) covers the first two terms. Gabaix et al.
(2023) finds that the aggregate household demand for equity has a low price elasticity, implying
that the third term is small. Our analysis complements the previous studies by estimating the

last term, which we refer to as the “cross-intermediary reallocation” term.

3 Estimating the Demand Elasticity

We assume that the allocation to an intermediary depends on the characteristics of the assets
in its portfolio. Specifically, we use K = 120 exogenous observable characteristics that are
independent of the market prices, such as book equity and EBITDA.? Let xn 1 (t) be the value
of characteristic k for asset n at period t. Moreover, let x,, o(t) = me,(t) represent the logarithm

of the market value of asset n, which corresponds to p,(t) in our model. The latent demand

4Table A.1 in Appendix provides the list of these variables, which are based on Jensen et al. (2023).
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for intermediary ¢ is denoted by ¢€;(t), and its mean is normalized to one. We assume that the

fraction of wealth invested through intermediary i has the following exponential-linear form:®

K N
ai(t) = exp <Z Bik (Z yi,n(t)xk,n(t)» 6(t), i=1,...,1. (19)
k=0 n=1

In this demand specification, the investor considers each intermediary as a basket of assets. That
is, the investment in an intermediary depends on some weighted average of the characteristics of
its portfolio assets, where 3; 5, reflects the sensitivity of the investor’s allocation to intermediary
i to its value of characteristic k. In our empirical analysis, we estimate 3; ;, for each intermediary
type (Banks, Insurance companies, Mutual Funds, etc.) to account for the fact the allocation
adjustment costs vary across these types.

To compute the intermediary-level characteristic values, we use some “proxy weights,” de-
noted by v;,(t). We do not use the portfolio weights for two reasons: First, if the portfolio

weights were used, g;‘i would depend on how intermediary ¢’s portfolio weights change in re-

sponse to price movements (i.e 8wi), which would complicate our derivations. Second, it is

€ Gpo
intuitive that the investor does not perfectly know or track the intermediaries’ portfolio weights.
However, she understands which assets are relatively more represented in each intermediary’s
portfolio. For instance, the investor understands a fund specializing in the energy sector almost

entirely invests in energy companies, but might not exactly know the portfolio weight of each

company. In our analysis, we use four weighting schemes for v; ,,(t):

e log weights: We run a regression of logw;(t) on our exogenous asset characteristics in a
regression that pools the intermediaries in each investor category (e.g., Banks, Insurance,
Mutual Funds) for each period. Then, we apply the exponential function to the estimated

value of the log portfolio weight for intermediary i to compute v; ().

e linear weights: Similar to the previous weighting scheme, with the difference that we
directly regress w;(t) on the characteristics and use the estimated portfolio weight to

compute v; ,(t).

5This functional form is close to the demand specification in KY (See Equation 11). The key difference is
that we do not consider the denominator term to simplify the derivations. Considering the denominator term
would reduce our elasticity estimates. The equation below clarifies this point:
x

0 7] 0] 0
a—x+yz—a—ploga——a—plogw—i—a—plog(a@—&—y)<—a—plogac. (18)

Thus, our estimates can be considered as upper bounds.

12



e book weights: v;,(t) is equal to the book equity of asset n at period ¢ divided by

the sum of the book equity values of intermediary i’s portfolio assets at period t, i.e.,

BE,(t
Vin(t) = s BEn,(t)ﬂ{(w)m,(t)>o}'

e equal weights: In this case, all assets in the portfolio receive the same weight, i.e.,

A . 1
Vin (t) TN Hwi o (1)>0}

Note that in all these specifications, v;,(t) = 0 if w; ,,(t) = 0.

Given Equation 19, we have:

Do (1)
Opn(t)

= BioVin(t)a;(t). (20)

Therefore, we can derive the cross-intermediary reallocation term in the aggregate demand

elasticity (Equation 17) as below:

I , !
_ );1 Zz; 221:2?) wi7n(t) = _)él Zz; /Bi,OVi,n(t)ai(t)wivn(t)‘ (21)

To estimate this term in data, we need to estimate 3;o’s in Equation 19. An approach is to

run an OLS estimation for the following linear model of the log allocation to intermediary ::

K
log ;i (t) = [int.] + Bionie;(t) + Z Bi kTr, (1) + log €;(t), (22)
k=1

where

N
miei(t) = Y vin(t)men(t)
=l (23)

N
Ty,i(t) = ZVi,n(t)xk,n(t), k=1,...,K.
n=1

The necessary identification assumption for this approach is that the latent demand is un-

correlated with the market prices, after accounting for the other factors.
E[Ei(t)|7ﬁ€i(t), Zi‘l’i(t), - ,.f}(’z‘(t)] =1 (24)

As pointed out by KY, the latent demand is likely to be correlated with the prices, which

threatens the identification. Moreover, the latent demand and the proxy weights could be
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correlated. For instance, investors might select funds based on whether they are specialized in
firms from a certain industry or with a certain set of characteristics.

Here, we propose an IV strategy to estimate the /3; os. This methodology helps us understand
how the investor responds to price changes not caused by their own preference shocks, which is
what 3; o captures. A plausibly exogenous source of variation in the prices is the changes in the
investment universes.® Note that in this model, the investment universes of the intermediaries
impose some restrictions, which have important pricing implications. For instance, in the ex-
treme case that no fund holds the shares of a certain stock, that stock is only available through
direct investment, which can be costly. Therefore, the inclusion of that stock in a fund would
reduce the cost of investment in this stock, thereby pushing up its price.

Our goal is to exploit such exogenous variations in the intermediaries’ investment universe

to estimate the price elasticities. To this end, we construct the following instrumental variable:

mie;(t Z Vin(t)me; (1), (25)

where mie; ,(t) is a proxy of the logarithm of market capitalization that is orthogonal to the
allocation of funds across the intermediaries. Specifically,

t)BE,(t) N; (1)

miein(t log{%; N 1]1 /() BEy () 22 Nir(t)

ME(t)}. (26)

In Equation 26, I;,,(¢) is an indicator function that is one when stock n is in the investment
universe of intermediary j at period t. M E(t) is the overall market capitalization in the sample.
Putting in words, nie; »(t) is obtained from the following two-step procedure: First, suppose
all funds are distributed among the other I — 1 intermediaries proportional to their number of
assets in their investment universe. Then, those intermediaries allocate their funds to firms in
their investment universe based on their book value. Therefore, different firms receive different
instrumented market-to-book equity (nie;(t) — be,(t)) based on the number of investment
universes they belong to, and the book value of the other stocks in those investment universes.
This procedure obtains our price instruments for the stocks. The book-equity-weighted average

of these price instruments is our instrument for the funds’ unit value.”

5We follow KY in the definition of investment universes. KY shows that the intermediaries’ investment uni-
verse is far from covering all available stocks. For instance, the number of stocks held by the median intermediary
was 67 in 2015-2017.

"The results are similar across different choices of the stock-level price instrument (nie; (t)), such as dis-
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Therefore, the identification assumption in our IV specification is:

E[ei(t)]m?ei(t), jl,i(t)y N ,:Z'Kﬂ'(t)] =1. (27)

Note that the identification assumption under the IV specification is that the latent demand
for investor 7 is uncorrelated with the investment universe of the other investors. In fact, once we
control for book equities, the only source of cross-sectional variation in the instrumented market
capitalization among stocks is the differences in the set of intermediaries that they belong to
their investment universe. This variation is plausibly exogenous since investment universes are
set based on mandates or investment style, and they are highly persistent. Thus, the shocks to
latent demand are unlikely to affect the investment universes.

Our instrumental variable is different from the one employed by KY, primarily in the first
stage of the construction of the stock-level IVs. KY assumes that the AUMs are exogenous,
so they distribute each intermediary’s AUM among its portfolio stocks. However, we relax this
assumption in our analysis. Table 1 compares the elasticity estimates for KY’s model with their

and our choice of instruments. We see the estimates are quite close.

Variable of Interest: Average Elasticity
Equal-Weighted Value-Weighted

KY Instrument 0.426*** 0.420***
(0.012) (0.008)

Our Instrument 0.373*** 0.342%**
(0.007) (0.006)

Observations 805684 805684

Note: *p<0.1; **p<0.05; ***p<0.01

Table 1: Average Elasticity Estimate in KY. This table compares the average elasticity
estimates, across quarters and assets, in KY’s model with their choice and our choice of IV.

A potential concern is that the instrument variable proposed here is weak for our estimation
purposes. We address this concern by examining the t-statistics of the first-stage regressions,
and demonstrating that the t-statistics well exceed the critical value suggested by Stock and

Yogo (2002). The results, along with the estimation results obtained with this empirical strategy,

tributing M E(t) to intermediaries equally or proportionate to the overall book equity of their holdings.
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are provided in the empirical section.

4 Data

Like KY, we use the 13F holdings data. The 13F data has long position holdings of institutions
in the US. We use the same categories as KY—namely banks, insurance companies, investment
advisors (which includes hedge funds), mutual funds, pension funds, and other. We follow
their algorithm to correct institution type into these categories. The 13F data does not cover
the complete holdings for every stock as KY document, so we label the residual holdings as
“households’ direct holdings.” Importantly, these are not delegated investments through mutual
funds or hedge funds. Thus, following K'Y, these households are placed at the intermediary level.

We also use characteristic data from Jensen et al. (2021). We take 120 stock characteristics
that are not a function of prices, as shown in Table A.1, which we combine with the log of market
equity. For the 120 characteristics, we use the inverse hyperbolic sine of each characteristic. We
would take the log, but there are many characteristics with negative values or values around zero.
For large values of z, sinh™!(z) ~ log(x) + log(2), so this is an approximate log transformation
for large positive values. For values of z close to zero, the sinh™!(z) ~ 2. When we refer to the
KY covariates, we mean the log of market equity, and the inverse hyperbolic sine of book equity
(be), beta (beta_60m), operating profitability to book equity (ope_be), asset growth (at_grl),

and dividends to assets (divl2m_at = divl2m — at).

5 Results

The results can be summarized in a single sentence: Cross-intermediary reallocations are small
and exhibit low sensitivity to prices, implying their minimal contribution to the aggregate
demand elasticity. In this section, we initially utilize the reallocation identity (Equation 12) to
conduct a variance decomposition analysis, which sheds light on how intermediary-level demand
pressures are absorbed by households. Subsequently, we estimate and find a low price elasticity
for cross-intermediary reallocations. Nonetheless, there exists significant variation in the price
elasticity of the allocations to different intermediary types, consistent with the notion that

transaction costs vary across these types.
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5.1 How do Households Respond to Demand Pressure from Intermediaries?

We can move the within-intermediary reallocation term in Equation 12 to the left-hand side to

obtain the following decomposition identity:

I
- g (t)Aw;(t E A (Hw;(t) + oy () Awg (t) + Aag(twg(t) . (28)
=1 _ Rebalancing in Reallocation between
Within-intermediary Cross-intermediary direct holdings the outs;S:e?Snd risky
reallocation reallocation

The intuition for the equation above is as follows: If asset n is collectively demanded more
by the intermediaries by tilting their portfolio weights toward this asset, the households can
respond in two ways: They can absorb the demand by selling their direct holding of asset n
and use the funds to purchase more of the outside asset or another risky asset. Or, they can
withdraw funds from the intermediaries with a positive position in asset n to mitigate their
excess demand.®

By taking the covariance of both sides with the left-hand side, we obtain:

COV (=300, a2(H) Aw;n(t), Y1y Acvi(t)win(t))
VAR(S ) ad(t) Aw; p (1))
COV (= Lisy () Awin(t), oy () Awin(t) | COV (= Tiy () Awin(t), A (ywin(t)
VAR(Y [, af(t) Awip(t)) VAR(Y; ad(t)Aw;,(t))

1=

(29)
The first term in Equation 29 reflects the fraction of intermediaries’ net demand that is ab-
sorbed by cross-intermediary reallocations. Likewise, the second and third terms show the
fraction absorbed through adjustments in the direct holdings, either through rebalancings of
direct holdings or reallocation between the outside asset and risky assets. Table 2 provides our
estimates of these terms (in percentages) when we consider all periods and all assets in our
data.
Table 2 reveals that approximately 90% of intermediaries’ excess demand is absorbed through
the rebalancing of direct holdings. In contrast, cross-intermediary reallocations actually exac-
erbate the demand pressure. This observation aligns with the return-chasing behavior of the

capital flows, as documented in the empirical literature (e.g., See Chevalier and Ellison (1997),

8Recall that a;’s are the fraction of the total wealth managed by intermediary ¢, however, the data on the

overall wealth is not available. We address this issue by multiplying all o’s and Aa’s in Equation 28 by VX((;),
_ 0 ()= AO
where A(t) = Au(t) + Zle A;(t). For instance, af(t) is replaced by % and Aa;(t) is replaced by %,

where AY(t) is defined in Equation 7. This transformation is innocuous since it simply multiplies all o’s and Aa’s
by a scalar.
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Across Intermediary  Direct Holdings (Rebalancing)

(1) (2)

Variance Component -9.95%* 89.66***

(3.35) (2.62)
Observations 802484 802484
Note: *p<0.1; **p<0.05; **p<0.01

Table 2: Variance Decomposition. This table provides the contribution (in percentage) of
the cross-intermediary reallocation term and the term associated with the rebalancing of direct
holdings in Equation 29. The residual is the term corresponding to the reallocation between
the outside and risky assets.

Banks Insurance Companies  Investment Advisors ~ Mutual Funds  Pension Funds Other Direct Holdings

(1) 2 () (4) (5) (6) ()
Variance Component  -0.30*** -0.34*** -2.07* S7.14% 0.80 -0.91%* 89.66***
(0.10) (0.04) (0.25) (1.50) (2.49) (0.14) (2.62)
Observations 802484 802484 802484 802484 802484 802484 802484
Note: *p<0.1; **p<0.05; ***p<0.01

Table 3: Variance Decomposition By Intermediary Type. This table decomposes the
cross-intermediary reallocation term in Equation 29 by the intermediary type. The residual is
the term corresponding to the reallocation between the outside and risky assets.

Lou (2012)).? An excess demand for asset n drives up its price, attracting capital flow toward
intermediaries holding substantial positions in this asset. To shed light further on this obser-
vation, we decompose the cross-intermediary reallocation term based on intermediary types in
Table 3. In line with this mechanism, we see that capital flows to mutual funds account for
most of the positive relationship between the capital flows to intermediaries and their excess
demand.

From the estimates presented in Table 2, we can infer that around 20% of the intermedi-
ary sector’s excess demand is absorbed through the transfers of funds from the outside asset.
Therefore, the rebalancing of direct holdings plays the most significant role in counterbalancing
the purchasing or selling pressure exerted by intermediaries.

Overall, these observations imply that the capital flows are not orthogonal to within-
intermediary portfolio adjustments. In particular, within-intermediary portfolio adjustments
not only impact the prices, but also the latent demand for those intermediaries. As such, we
employ the IV technique described in Section 3 to estimate the price elasticity of the allocations

to intermediaries. The next section provides the results.

9This result is robust across time, as shown in Figure A.1.
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5.2 Elasticity of Allocations to Intermediaries

First, we show that our empirical strategy does not suffer from the weak instrument bias. A
standard methodology in the literature is to examine the t-statistics in the first-stage regressions,
namely, the regression of the log market equities onto their instrumented value, and compare
the results against the critical value proposed by Stock and Yogo (2002). Figure 3 provides the
minimum t-statistics for each year. The minimum t-statistics well exceed the critical value of
4.05 for rejecting the null hypothesis of weak instrument at the five percent confidence level.

Table 4 provides a similar result for the intermediary-level instruments.

Minimum t Statistic

= I = = N
~ o N o N o
v o v o w o
L

o
=}
L

N
n

1T — Level Term
Stock and Yogo Critical Value

o
=}

1980 1985 1990 1995 2000 2005 2010 2015 2020
Date

Figure 3: First-stage minimum t-statistic on the instrumented log market equity
This plot shows the minimum t-statics of the first-stage regression of log-market equity on its
instrumented value across intermediaries. The flat line displays the critical value to reject the
null hypothesis of weak instrument at five percent level confidence (Stock and Yogo, 2002).

Table 5 provides the estimates of the price-elasticity (8;0) of the allocation to each inter-
mediary type. The estimates are obtained from estimating the coefficients in Equation 22 with
the IV specification. We see that the allocation to intermediaries is indeed negatively related
to the prices, in contrast to what the results in Section 5.1 might suggest. This result is robust
across intermediary types and the choice of weighting scheme for the proxy weights. The price
elasticity is the largest for mutual funds, consistent with the idea that the adjustment cost is
the lowest for this type. Moreover, the results are mixed for Insurance companies and Pension

funds, in line with the inflexibility of the allocations to these types of intermediaries. In Section
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Banks Insurance  Advisors  Mutual Funds  Pension Other

log weights 21.650 18.820 13.740 15.760 27.010 7.230
linear weights  15.550 15.140 19.620 21.710 22.280 13.410
book weights  22.740 15.500 15.560 16.280 19.230 8.270
equal weights  15.330 8.280 15.130 16.590 15.200 7.340

Table 4: First Stage t Statistics for Intermediaries. This table provides the minimum
t-statistic of the first-stage regression of the log-AUM on its instrumented value for each inter-
mediary group. The t-statistics in each row correspond to a weighting scheme introduced in
Section 3 for the proxy weights. All values are above the threshold values provided by Stock
and Yogo (2002).

Dependent variable: log(a)

Banks Insurance Advisors Mutual Funds Pension Other
(1) (2) (3) (4) (5) (6)
Log —2.168** 0.785 —0.890*** —3.087*** —0.766 —1.661*
(1.103) (2.022) (0.311) (0.792) (1.975) (0.919)
Linear —-0.722 0.646 —0.631*** —2.459*** —2.214** —0.981***
(0.447) (0.558) (0.125) (0.275) (1.004) (0.312)
Book —0.456 —1.098 —1.531*** —4.705%** —3.050***  —1.012***
(0.444) (0.784) (0.202) (0.574) (0.920) (0.341)
Equal —0.626 —3.664** —1.614*** —5.484*** 2.080** —1.838***
(0.572) (1.581) (0.231) (0.623) (0.826) (0.510)
Observations 20912 5608 218894 93910 4792 38788
Note: *p<0.1; **p<0.05; **p<0.01

Table 5: Price-elasticity of the allocation to intermediaries This tables provides the IV
estimates of 3; o in Equation 22 for each intermediary type. The regression pools all periods
and all intermediaries for each intermediary type. The standard errors are double clustered by
intermediary and quarter.

5.3, we use these elasticity estimates to compute the adjustment cost for each intermediary
type.

Now, we compute the contribution of the cross-intermediary reallocation term to the ag-
gregate demand elasticity by plugging in these estimates in Equation 21. Table 6 presents the

weighted average elasticity of this term across stocks for each intermediary type. We see that the
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Average Intermediary FElasticity Effects (Times 100)

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

Banks Insurance Advisors Mutual Funds Pension Other Combined
Log 0.0146***  -0.0032***  0.0258"*** 0.2741*** 0.0126*** 0.0216*** 0.3455%**
(0.0033) (0.0005) (0.0024) (0.0376) (0.0022) (0.0030) (0.0460)
Linear 0.0114**  -0.0057***  0.0512*** 0.4082%** 0.0382%** 0.0319*** 0.5351%**
(0.0020) (0.0006) (0.0034) (0.0316) (0.0042) (0.0036) (0.0413)
Book 0.0076*** 0.0103*** 0.1611%* 0.9294*** 0.0721%* 0.1440** 1.3245%**
(0.0021) (0.0019) (0.0174) (0.1293) (0.0130) (0.0576) (0.1713)
Equal 0.0038*** 0.0197*** 0.1205%** 0.4072%** -0.0109*** 0.2184** 0.7588***
(0.0005) (0.0018) (0.0103) (0.0497) (0.0013) (0.1033) (0.1181)
Observations 805684 805684 805684 805684 805684 805684 805684
Note: *p<0.1; **p<0.05; **p<0.01

Table 6: The contribution of the cross-intermediary reallocation term to the aggre-
gate elasticity. This table presents the overall price elasticity of allocations to each interme-
diary type, along with the combined effect. The reported numbers are 100 times larger than
the estimated values. The combined effect provides an estimate for the contribution of the
cross-intermediary reallocation term in Equation 17 to the aggregate demand elasticity.

estimated combined contribution to the aggregate demand elasticity is between 0.003 — 0.013,
depending on the choice of weighting scheme. These numbers are at least one order of magni-
tude smaller than the demand elasticity estimates in KY (See Table 1). The majority of this
contribution is through adjustments in the allocations to mutual funds. Figure 4 displays the
weighted average elasticity of the cross-intermediary reallocation term over time for different
weighting schemes and different intermediary types.

Our results indicate that households’ adjustments in the allocation to intermediaries play
a weak role in the aggregate demand elasticity. It is an important observation since it implies
that if intermediaries face some frictions that cause them to exert some buying or selling pres-
sure on some assets, the pressure is unlikely to be undone by households’ reallocations across
intermediaries. It is in contrast with household-based asset pricing models that assign a weak

role to intermediary-level portfolio decisions in the formation of equilibrium prices.

5.3 Adjustment costs

We can use the elasticity estimates in this section to shed light on the adjustment costs investors
face in their allocations to intermediaries. In particular, Equation 14 shows how the adjustment
cost impacts the sensitivity of the allocations to an intermediary with respect to expected return

movements:
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O _
8#; = a;C; 1wi,n. (30)

In our empirical analysis, we estimate the price elasticity of ;. To estimate ¢;, we can apply

the chain rule to the left-hand side and employ Equation 20:

804,» . 8041' %
Opin B Opn" Opn

= ¢ 1B ovinai, (31)

where ¢ = gT: is the pass-through rate between the price change and the change in the expected

return (Davis et al., 2022). By taking a summation of the right-hand sides in (30) and (31) over

n, we derive the following equation for the transaction cost, assuming that w; o is small:

ci ~ 5;()180- (32)

Equation 32 nicely relates the adjustment cost to the price-elasticity of the allocation to
intermediary ¢. In line with intuition, there is a negative relationship between the adjustment
cost and price elasticity. Recall that ¢; is the marginal adjustment cost when the allocation is
changed by 1%. That means the expected return of investing in intermediary i should increase
by ¢; to make investors increase their allocation by at least 1%.

Table 7 presents the estimates of the adjustment cost for different intermediary types. We
see that the adjustment cost for mutual funds is estimated to be between 1.1%-2.4%. It implies
that for a 1% increase in the allocation to a mutual fund, the expected return of the fund should
increase by at least 2.4%, based on our most conservative estimate. We drop the estimates for

Insurance companies and Pension funds due to the mixed results observed in Table 5.

6 Variation in the elasticity estimates across models

We found that the contribution of the cross-intermediary reallocation term to the aggregate
demand elasticity ranges between 0.003-0.013 (See Table 6). In this section, we provide the
estimates of the aggregate demand elasticity from various elasticity models and argue that the
variation in these elasticity estimates across models is at least one order of magnitude larger
than the elasticity of the cross-intermediary reallocation term.

The KY model is close to a standard isoelastic demand model, where portfolio weights have
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Transaction Costs

Banks  Advisors Mutual Funds  Other

Log 0.028 0.067 0.019 0.036
Linear  0.083 0.095 0.024 0.061
Book 0.132 0.039 0.013 0.059
Equal 0.096 0.037 0.011 0.033

Table 7: Adjustment Costs for Allocations to Intermediaries This table presents the
estimates of the adjustment cost for the adjustment of the allocation to each intermediary type.
The numbers can be interpreted as the minimum increase in the expected return required to
increase the allocation to an intermediary by 1%.

the following functional form:

win(t) = exp(0in,1(t) + 0i2(t) log(MEn(t)))

= O +(0una () (ME(1))22") +0 - log(MEn(1)), (33)
intercept v
term %ereé t}a?r%n
where exp(0;n,1(t)) = 0in1(t) captures the exogenous covariates and latent demand (error

term). With this specification, the elasticity of an investor is simply 1 — g; 2(¢).10 This isoleastic
demand can be estimated by regressing the log of portfolio weights on the instrumented log
of market equity and exogenous controls. We do this, using a KY instrument and the 120
exogenous controls. Note that the covariates constraints imposed by the KY GMM estimation
method is not imposed. The first row in Table 8 shows that value-weighted elasticity across
time periods, which is 0.41. This is quite similar to the model results from above. In other
words, the KY elasticity results are quite robust to include many more controls, estimating a
model with a more simple two-staged least-squares, and using only a simple isoleastic demand
model.

Davis (2021) also considers a model where demand is linear is characteristics, the log of

9Tn the KY specification, the elasticity of an investor is actually 1 — g;2(t)(1 — ws,»(t)). This (1 — win(t))
term comes from an adding up constraint for portfolio weights. Quantitatively, since portfolio weights tend to
be small, this makes little difference.
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Model Covariates Elasticity Level Log

Isoelastic  All 0.414%+* 0.586***
(0.045) (0.045)

Linear Only Level 0.221*** 0.779***
(0.006) (0.006)

Linear Level & KY 0.275%** 0.725***
(0.006) (0.006)

Linear Level, KY, & Log  0.424*** 0.754***  -0.178***
(0.016)  (0.006)  (0.011)

Linear All 0.646***  0.747**  -0.393***
(0.030)  (0.005)  (0.026)

Observations 805684 805684 805684
Note: *p<0.1; **p<0.05; **p<0.01

Table 8: Elasticity Across Models This table shows the elasticity estimates for the cross-
intermediary reallocation term across models. There are results for both isoleastic and linear
demand models, with covariates shown. KY covariates represent the covariates used in Koijen
and Yogo (2019) use in their model. All covariates include all the 120 controls as discussed in
the text (See Table A.1). The elasticity is one minus the log and level effects.

market equity, and market-portfolio weights:

ME,(t
Win(t) = Bino(t) + Bin(t)—3 73— () + Bi2(t) log(M Ey (1)), (34)
N—— (t)
intercept S~ — log
term level term
term

where (;,0(t) includes the error term (latent demand) and all the exogenous controls. Note
that if 5, 1(t) = 1 and S;,,0(t) = Bi2(t) = 0, this corresponds to a market-indexer with an
elasticity of zero. If 3;1(t) < 1 and B;2(t) < 0, then aggregate market demand for every
asset is downward sloping and there is a unique equilibrium price. This demand function can
be derived using log demand or mean-variance demand, similar to KY (see Davis, 2021). We
briefly summarize some of the benefits and downsides of this demand function. The benefits

are the following:

1. This demand function can hold short positions. Isoelastic demand of course can only

accommodate long-only positions.
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2. This demand function aggregates well. In other words, the demand function of many
investors in aggregate has the same functional form as the individual investors. This
is not true of isoelastic demand. This matters for estimating demand functions of the

aggregate household and for institutions that are composed of many individual funds (e.g.

BlackRock).

3. This linear demand function has a great deal of flexibility, with the level term fitting the
degree to which an investor is a market-indexer and the log market equity term captures

the sensitivity of investors to prices.

The downside of the model is that the elasticity will be very high for small positions. To

see this, note that the elasticity of an investor with this demand function is given by:

B Mg + Bialt)

wm(t)

(35)

In aggregate, this means that the assets with small market-portfolio weights tend to have higher
elasticity values. While there is some evidence that small stocks may have more elastic demand
(Haddad et al., 2022), linear demand can at times make this effect too extreme. Since we look
at value-weighted elasticity values in this section and for most of the paper, this right-skewed
elasticity distribution is completely offset by using value-weighted averages.'!

This demand function is estimated by regressing portfolio weights (not log portfolio weights)
on characteristics and the two instrumented endogenous terms (level and log price term). The
KY instrument is in logs, and thus it is natural to use the KY instrument and the exponentiated
KY instrument as the two instruments. The minimum F' statistic for these two instruments
across pooled samples and all periods is above the Stock and Yogo (2002) critical value.!?

The second row of table 8 shows the value-weighted elasticity across time when demand is
estimated with only the level term. There are no other covariates used in this regression. This
yields an average elasticity of 0.22. The third row shows the elasticity with the linear model
only estimated with a linear term and the covariates used by KY, which increases the elasticity
to 0.28. The next row uses the same specification except it also includes the log term, which
increases the elasticity further to 0.42. This specification provides a similar elasticity to the

isoelastic model and the KY model shown above. The prior specifications with this linear model

UEqual-weighted averages result in much higher elasticity values, as can be seen in Davis (2021).
12This critical value for two instruments and two endogenous covariates is 7.03, as can be seen in Table 5.2 of
Stock and Yogo (2002).
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miss obvious controls, while this model has a reasonable set of controls. Finally, the last row
includes all 120 controls, which increases the elasticity further to 0.65.

The take-away from this section is that estimates of the aggregate market elasticity for
individual assets vary from around 0.4 to 0.65 simply by using different functional forms and
different controls. This increase in the average elasticity of 0.25 is much larger than the cross-
intermediary effects, which range from 0.003 to 0.013. This is especially true when compared to
the large variation in microeconomic elasticity values across different studies, as highlighted by
Gabaix and Koijen (2022). In conclusion, the cross-intermediary elasticity term is very small

to variation across demand models.

7 Conclusion

Both from a policy and investment perspective, it is crucial to understand the role of households
and intermediaries in financial markets. Existing asset pricing models assume different alloca-
tions of the roles, which have resulted in drastic differences in their implications. For instance,
how large is the impact of an asset purchase program on the prices? Different models have
vastly different answers based on whose response is more salient in the “aggregate market’s”
response: Households or intermediaries. Our analyses are intended to shed light on this debate.

Do households undo? The answer to this question is what divides existing models; specifi-
cally, it separates household-based asset pricing models (Merton, 1973; Lucas, 1978; Campbell
and Cochrane, 1999; Bansal and Yaron, 2004; Barro, 2006; Gabaix, 2012) from the more recent
intermediary-based models (He and Krishnamurthy, 2013; Koijen and Yogo, 2019; Haddad and
Muir, 2021; Gabaix and Koijen, 2022). The central premise of the former class of models is that
enough rebalancing would take place to eliminate any mispricing induced by intermediary-level
frictions. Thus, intermediary-level frictions, such as balance-sheet constraints and investment
mandates, do not have a first-order effect on the prices.

In this paper, we directly test this central assumption by examining how sensitive cross-
intermediary reallocations are with respect to non-fundamental price movements. We do this by
developing and estimating a model in which a representative investor invests in some risky assets
both directly and indirectly through some intermediaries. Then, we decompose the aggregate de-
mand elasticity into a direct component, which captures the elasticity of the within-intermediary

reallocations and the elasticity of the direct holdings, and an indirect component, which rep-
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resents the elasticity of the allocations to intermediaries. Consistent with intermediary-based
models, we find that the indirect elasticity component is substantially smaller than the direct
component, meaning that intermediaries’ portfolio behavior has a first-order impact on the
aggregate demand elasticity.

Thus, we conclude that intermediary-level frictions play a first-order role in price movements

since allocations to intermediaries exhibit a weak response to price dislocations.
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Appendix A: Additional Figures and Tables
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Table A.1: Exogenous Variable Names This shows the 120 exogenous characteristic variables
used in the demand estimation (Equation 19). The variables are obtained from Jensen et al.
(2021).
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Figure A.1: The decomposition of households’ response to intermediaries’ excess
demand. This figure decomposes the vector of intermediaris’ excess demand at each period
into three terms: The rebalancing of direct holdings (orange line), adjustments in the allocations
to intermediaries (blue line), and transfers between the risky assets and outside assets. The
terms add up to 100%. The last term is the residual.
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