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We develop an asset pricing model with flexible heterogeneity in asset
demand across investors, designed to match institutional and house-
hold holdings. A portfolio choice model implies characteristics-based
demand when returns have a factor structure and expected returns
and factor loadings depend on the assets’ own characteristics. We pro-
pose an instrumental variables estimator for the characteristics-based
demand system to address the endogeneity of demand and asset prices.
Using US stock market data, we illustrate how the model could be used
to understand the role of institutions in asset market movements, vol-
atility, and predictability.

I. Introduction

Modern asset pricing models are built on asset demand, derived from op-
timal portfolio choice and market clearing. However, the common prac-
tice is to ignore institutional or household holdings data in estimating
these models, even though these data are direct observations of asset de-
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mand. The predominant methodology for estimating asset pricing mod-
els, based on simplifying assumptions, uses portfolio returns alone or the
joint moments of returns and aggregate or individual consumption. Al-
though institutional holdings data have been used in the empirical asset
pricing literature, an equilibrium model that simultaneously matches as-
set demand and imposes market clearing does not exist.

We develop an asset pricing model from the optimal portfolio choice of
investors that have heterogeneous beliefs and face short-sale constraints.
The investor’s first-order condition is a constrained Euler equation that
relates the intertemporal marginal rate of substitution to asset returns
(Lucas 1978). An approximate solution to the portfolio choice problem
is the mean-variance portfolio (Markowitz 1952), where the optimal port-
folio varies across investors because of heterogeneous beliefs. Following
the empirical asset pricing literature (e.g., Fama and French 1993), we as-
sume that returns have a factor structure and that expected returns and
factor loadings depend on the assets’ own characteristics. Under this as-
sumption, the optimal portfolio simplifies to a characteristics-based de-
mand function that depends on observed characteristics (e.g., market eqg-
uity, book equity, profitability, investment, dividends, and market beta)
and latent demand (i.e., characteristics unobserved by the econometri-
cian). We estimate the optimal portfolio on stock market data to show the
empirical relevance of the assumptions under which the optimal portfolio
simplifies to characteristics-based demand.

Characteristics-based demand allows for flexible heterogeneity in as-
set demand across investors and matches institutional and household
holdings, including zero holdings and index strategies. We allow the co-
efficients on characteristics to vary across investors so that the aggregate
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demand elasticity varies across assets that are held by different sets of
investors. Characteristics-based demand allows for more flexible cross-
elasticities across assets than traditional models based on simplifying as-
sumptions that imply homogeneous asset demand across investors (To-
bin 1958). In that sense, our approach is related to an older literature on
macroeconomic models of asset demand (Brainard and Tobin 1968; To-
bin 1969) and differentiated product demand systems (Lancaster 1966;
Rosen 1974), but a contribution is to derive asset demand from optimal
portfolio choice in the tradition of modern asset pricing theory. We show
that the equilibrium price vector is uniquely determined by market clear-
ing across institutions and households, under a simple condition that de-
mand is downward sloping for all investors.

We illustrate demand system asset pricing using US stock market and
institutional holdings data, based on Securities and Exchange Commis-
sion Form 13F. The 13F data contain quarterly stock holdings of institu-
tions that manage more than $100 million since 1980. The types of 13F in-
stitutions are banks, insurance companies, investmentadvisors (including
hedge funds), mutual funds, pension funds, and other 13F institutions
(i.e., endowments, foundations, and nonfinancial corporations). These
institutions collectively manage 68 percent of the US stock market, with
the remaining 32 percent attributed to direct household holdings and
non-13F institutions.

To identify the characteristics-based demand system, we start with the
traditional assumption in asset pricing that shares outstanding and char-
acteristics other than price are exogenous, determined by an exogenous
endowment process. To relax the traditional assumption that investors
are atomistic and that demand shocks are uncorrelated across investors,
we propose an instrumental variables estimator to address the endogene-
ity of latent demand and asset prices. Our identifying strategy is moti-
vated by an observation that institutions hold a small set of stocks and that
the set of stocks that they have held in the recent past (e.g., over the past
3 years) hardly changes over time. This observation is consistent with the
fact that many institutions are subject to an investment mandate (i.e., a
predetermined rule exogenous to current demand shocks) that limits
their investment universe (i.e., the set of stocks that they are allowed to
hold). An asset that is included in the investment universe of more inves-
tors, especially if those investors are large, has a larger exogenous com-
ponent of demand. With downward-sloping demand, a larger exogenous
component of demand generates higher prices that are unrelated to la-
tent demand. A potential threat to identification is that we cannot mea-
sure the investment universe perfectly, but future research could improve
on our framework through new data or methodology that leads to better
measurement of the investment universe. For example, the secular trend
from active to passive asset management, especially the growth of exchange-
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traded funds, could simplify the measurement of the investment universe
for alarge share of institutions in the future.

After estimating the characteristics-based demand system, we illustrate
the empirical relevance of our approach through four asset pricing appli-
cations. First, we estimate the price impact of demand shocks for all insti-
tutionsandstocks, which arises from imperfectly elasticaggregate demand.
We find that the price impact for the average institution has decreased
from 1980 to 2017, especially for the least liquid stocks at the 90th percen-
tile of the distribution. This means that the cross-sectional distribution of
price impact has significantly compressed over this period. For example,
the price impact for the average investment advisor with a 10 percent de-
mand shock on the least liquid stocks has decreased from 0.64 percentin
1980 to 0.22 percent in 2017.

Second, we use demand system asset pricing to decompose the cross-
sectional variance of stock returns into supply- and demand-side effects.
The supply-side effects are changesin shares outstanding, changesin char-
acteristics, and the dividend yield. These three effects together explain only
12 percent of the cross-sectional variance of stock returns. The demand-side
effects are changes in assets under management, the coefficients on char-
acteristics, and latent demand. Of these three effects, changes in latent de-
mand are the mostimportant, explaining 81 percent of the cross-sectional
variance of stock returns. Thus, stock returns are mostly explained by de-
mand shocks that are unrelated to changes in observed characteristics
(i.e., “excess volatility” according to Shiller [1981]). These moments es-
tablish a new set of targets for a growing literature on asset pricing models
with institutional investors, just as the variance decomposition of Camp-
bell (1991) has been a useful guide for consumption-based asset pricing.'

Third, we use a similar variance decomposition to examine whether
larger institutions explain a disproportionate share of the stock market
volatility in 2008. We find that the 30 largest institutions, which man-
age about a third of the stock market, explain only 4 percent of the
cross-sectional variance of stock returns. Smaller institutions, which also
manage abouta third of the stock market, explain 41 percent of the cross-
sectional variance of stock returns. Direct household holdings and non-
13F institutions, which account for the remaining third of the stock mar-
ket, explain 47 percent of the cross-sectional variance of stock returns.
The largest institutions explain a relatively small share of stock market
volatility because they tend to be diversified buy-and-hold investors that
hold more liquid stocks with a smaller price impact.

Fourth, we use demand system asset pricing to predict cross-sectional
variation in stock returns. The model implies mean reversion in stock

' See Dasgupta, Prat, and Verardo (2011), Basak and Pavlova (2013), He and Krishna-
murthy (2013), Vayanos and Woolley (2013), and Vayanos (2016).



DEMAND SYSTEM APPROACH TO ASSET PRICING 1479

prices if latent demand is mean reverting. Under the assumption that la-
tent demand reverts to its unconditional mean in the long run, we esti-
mate a long-run expected return for each stock. We then test whether
our estimate of the long-run expected return predicts the cross section
of stock returns through a Fama-MacBeth (1973) regression of monthly
excess returns onto lagged characteristics, including all characteristics in
the Fama-French (2015) five-factor model and momentum. We find that
our estimate of the long-run expected return uncovers a new source of
predictability from mean reversion in latent demand. Expected monthly
returns increase by 0.18 percent per one standard deviation in the long-
run expected return with a ¢statistic of 4.80.

The remainder of the paper is organized as follows. Section II derives
characteristics-based demand from optimal portfolio choice. Section III de-
scribes the stock market and institutional holdings data. Section IV explains
our identifying assumptions and presents estimates of the characteristics-
based demand system. Section V presents the empirical findings on the role
of institutions in stock market movements, volatility, and predictability. Sec-
tion VI discusses several extensions and open issues for future research.
Section VII presents conclusions.

II.  Asset Pricing Model

We develop an asset pricing model from the optimal portfolio choice of
investors that have heterogeneous beliefs and face short-sale constraints.
The optimal portfolio varies across investors because of heterogeneous
beliefs, and the portfolio weights are nonnegative because of short-sale
constraints. Following the empirical asset pricing literature, we assume
that returns have a factor structure and that expected returns and factor
loadings depend on the assets’ own characteristics. Under this assump-
tion, we derive the main result that the optimal portfolio simplifies to
characteristics-based demand, in which the portfolio weights depend on
the assets’ own characteristics.

A.  Financial Assets

There are N financial assets indexed by n = 1,..., N. Let S(n) be the
number of shares outstanding of asset n at date . Let P,(n) and D,(n) be
the price and dividend per share for asset n at date ¢. Then ME(n) =
P,(n)S,(n) is market equity at date ¢ and R,(n) = [P(n) + D,(n)]/Pi—i(n)
is the gross return from date ¢ — 1 to ¢ Let lowercase letters denote
the logarithm of the corresponding uppercase variables. That is, s,(n) =
log(S,(n)), p(n) = log(P(n)), me,(n) = log(ME,(n)), and n(n) =
log(R.(n)). We denote the N-dimensional vectors corresponding to these
variables in bold as s, = log(S,), p, = log(P,), and r, = log(R,). We de-
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note avector of ones as 1, avector of zeros as 0, an identity matrix as I, and
a diagonal matrix as diag(-) (e.g., diag(1l) = I).

In addition to price and shares outstanding, the assets are differenti-
ated along K characteristics. In the case of stocks, for example, these
characteristics could include various measures of fundamentals such as
dividends, book equity, profitability, and investment. We denote charac-
teristic k of asset n at date tas x,,(n). We stack these characteristics in an
N x K matrix as x,, whose nth row is x,(n)’ and (n, k)th element is x, (7).
To simplify notation, we follow the convention that the Kth characteristic
is a constant (i.e., xx,(n) = 1). Following the literature on asset pricing
in endowment economies (Lucas 1978), we assume that shares outstand-
ing, dividends, and other characteristics are exogenous. That is, only as-
set prices are endogenously determined in the model. Shares outstand-
ing and characteristics could be endogenized in a production economy,
as we discuss in Section VI.

B.  Optimal Portfolio Choice

The financial assets are held by Jinvestors, indexed by ¢ = 1, ..., 1. Each
investor allocates wealth A;, at date ¢ across assets in its investment uni-
verse NV, {1, ..., N} and an outside asset. The investment universe is
a subset of assets that the investor is allowed to hold, which in practice
is determined by an investment mandate. For example, the investment
universe of an index fund is the set of assets that compose the index. We
denote the number of assets in the investment universe as |[\,|. The out-
side asset represents all wealth outside the N assets that are the subject
of our study.

Letw;, be an |\, |-dimensional vector of portfolio weights that investor
i chooses at date £* The investor chooses the portfolio weights at each
date to maximize expected log utility over terminal wealth at date 7

max E;,[log(A; )],

where [, denotes investor #’s expectation at date > The intertemporal
budget constraint is

Ai,H—l = Ai,L(RHl(O) + w/i,l(RH-l - R,+1(0)1)), (1)

where R,.;(0) is the gross return on the outside asset. The investor also
faces short-sale constraints:

* Our notation presupposes that positions in redundant assets (with collinear payoffs)
have been eliminated through aggregation so that the covariance matrix of log excess re-
turns is invertible.

* We assume log utility for expositional purposes because the multiperiod portfolio
choice problem reduces to a one-period problem in which hedging demand is absent
(Samuelson 1969).
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wi, >0, (2)

1'w;, < 1. (3)

The Lagrangian for the portfolio choice problem is
-1
Li,t = [Ei,t log(A7T) + E[A:’,swi,s + )\i,s(l - llwi,v)} > (4)

where A;, > 0 and \;, > 0 are the Lagrange multipliers on the short-sale
constraints (2) and (3) at date t. We denote the conditional mean and co-
variance of log excess returns, relative to the outside asset, as
o3,
2 b

Zi,/ = [Ei,l[(rﬁ-l - 7’z+1(0)1 - lEi,L[rH—l - 7?+1(0)1])(1'z+1 - 7’;+1(0)1)/],
where 07, is a vector of the diagonal elements of X, Without loss of gen-
erality, we group the assets into those for which the short-sale constraint
is not binding versus binding as

Wiy = [Ei,l[rHl - 7’z+1(0)1] +

[ ()
Wit
wi,t = )
0
C
.u'i,t>
Rie = B (5)
(2)
| Mi
Y 5
Ei,t =
2.1) $(22)
| 2 Z

Lemma 1, proved in online appendix A, describes the solution to the
portfolio choice problem.

LemmA 1. The first-order condition for the portfolio choice problem
is the constrained Euler equation:

it

A/? t+ - /
Ei,l|:( Ar 1) R1+1:| =1- (I - lwi,L)(Ai,L - >\i,L1)' (6)
An approximate solution to the portfolio choice problem is
wll & S0 - )\ 1] (7)
where N\, is given by equation (Ab) in appendix A.*

* Equation (7) is based on an approximation of expected log utility around mean-variance
utility. Therefore, we could justify eq. (7) as an exact solution if we started with mean-variance
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Lemma 1 summarizes the known relation between Euler equations in
asset pricing (6) and optimal portfolio choice (7). The right side of equa-
tion (6) simplifies to 1 when the investor is unconstrained (i.e., A;, = 0
and \;, = 0). Under this frictionless benchmark, we impose rational ex-

pectations to obtain
4 ,+1> - }
E, ’ R.i| =L

The literature on consumption-based asset pricing tests this moment
condition on both aggregate and household consumption data (Mankiw
and Zeldes 1991; Brav, Constantinides, and Geczy 2002; Vissing-Jgrgensen
2002). This test does not require household holdings data under the null
that investors are unconstrained and have rational expectations.

C. Characteristics-Based Demand

Motivated by the intertemporal capital asset pricing model (Merton 1973)
and arbitrage pricing theory (Ross 1976), a large literature has searched
for a low-dimensional factor structure in returns. A notable contribution
to this literature is the three-factor model of Fama and French (1993), in
which the factors are excess market returns, small minus big portfolio re-
turns, and high minus low book-to-market portfolio returns. The three-
factor model suggests that expected returns and factor loadings are well
captured by three characteristics: market beta, market equity (i.e., a
measure of size), and book-to-market equity (i.e., a measure of value).
A more recent five-factor model of Fama and French (2015) augments
this model with two additional factors, which are robust minus weak
profitability portfolio returns and conservative minus aggressive invest-
ment portfolio returns. Thus, profitability and investment are two addi-
tional characteristics that are relevant for expected returns and factor
loadings. We let x,(n) denote a vector of observed characteristics of asset
n at date ¢, which includes log book equity, profitability, investment, and
market beta.

Under heterogeneous beliefs, different investors could form different
expectations about returns based on the same observed characteristics.
Furthermore, investor ¢ could form expectations about returns based on
characteristics of asset n at date ¢ that are unobserved by the econome-
trician, which we denote as log(e;,(n)). We stack investor ¢'s information
set for asset n at date ¢ as

utility, following a long tradition in portfolio choice (Markowitz 1952). Another common
justification is that eq. (7) is an exact solution in the continuous-time limit (Campbell and
Viceira 2002, 28-29).
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me,(n)
x;,(n) = x,(n) ,
log(e;(n))

which consists of log market equity, other observed characteristics, and
unobserved characteristics. We then form an Mth-order polynomial of
these characteristics through a Efz;’:l(K + 2)"—dimensional vector:

X;,(n)

Yiu(n) = | vec(Xi(n)Xi.(n))

Motivated by our previous discussion of the empirical asset pricing liter-
ature, we assume that returns have a one-factor structure and that expected
returns and factor loadings depend on the assets’ own characteristics.”

AssumpTION 1. The covariance matrix of log excess returns is X, =
I,.I;, + v,.I whereT';,is a vector of factor loadings and v;, > 0 is idiosyn-
cratic variance. Expected excess returns and factor loadings are polyno-
mial functions of characteristics:

pi(n) = Yi,z(”)/q)v?,t + ¢
Fi,f(”) = Y,»,[(n)"l’i,, + i,

where ®,, and ¥, are vectors and ¢,, and ¥, are scalars that are constant
across assets.

The key content of assumption 1 is that an asset’s own characteristics
are sufficient for its factor loadings, which also implies that they are suf-
ficient for the variance of the optimal portfolio. The following proposi-
tion, proved in appendix A, shows that the optimal portfolio simplifies to
a polynomial function of characteristics under assumption 1.

ProrosiTiON 1. Under assumption 1, the optimal portfolio weight
(7) on each asset n for which the short-sale constraint is not binding is

wy,(n) = y,,(n)TL, + m;, (8)
where

(CI)i,/ - \Ili,lKi,l);
9)

1
— (¢i,l - )\i,z - ‘pi,tKi,l)

it

i

> We could relax the one-factor assumption and generalize to a multifactor case, but the
resulting expressions are less intuitive and less preferable for expositional purposes.
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are constant across assets. The expressions for A;, and «;, are given by
equations (Ab) and (A6) in appendix A.

The investor ultimately cares about the trade-off between risk (i.e., the
covariance matrix) and expected return. Under assumption 1, however,
the investor indirectly cares about characteristics because they are suffi-
cient for the covariance matrix and expected returns. As we show in ap-
pendix A, the scalars \;, and «;, ultimately depend on the characteristics
of all assets. However, the key content of equation (8) is that the vec-
tor II,, and scalar =,, are constant across assets. Therefore, variation in
characteristics y;,(n) across assets is the only source of variation in the
portfolio weights.

The expression for the coefficients on characteristics (9) has an intui-
tive interpretation. Because «;, is a scalar, the investor’s demand for char-
acteristics is simply a linear combination of the vectors on expected re-
turns ®,, and factor loadings ¥;,. That is, the investor prefers assets with
characteristics that are associated with higher expected returns or smaller
factor loadings (i.e., less risk).

In appendix A, we show that a particular coefficient restriction implies
that equation (8) is an Mth-order polynomial expansion of the exponen-
tial function. As a matter of specification, amodel of portfolio weights that
is exponential linear in characteristics is parsimonious and pairs nicely
with the fact that portfolio weights appear lognormal in the 13F data.
Thus, we have the following corollary to proposition 1.

CoroLLARY 1. Arestricted version of the optimal portfolio (8) under
assumption 1 is characteristics-based demand:

w;,(n)
w;,(0)

= 6,,(n)
) (10)
= CXp{ﬁo,i,zmen(H) + EBk,i,txk,t(n) + BK,i,z}fi,z(n)~

We refer to equation (10) as characteristics-based demand because the
portfolio weights depend on log market equity, other observed character-
istics, and unobserved characteristics. An important question is whether
the distributional assumptions and parametric restrictions under which
the optimal portfolio simplifies to characteristics-based demand are em-
pirically relevant. In appendix B, we confirm that a benchmark imple-
mentation that uses the usual statistical formulas for sample mean and co-
variance leads to poor estimates of the mean-variance portfolio because of
sampling error over many parameters. We also confirm thata more robust
approach to estimating the mean-variance portfolio exploits the factor
structure in returns (MacKinlay and Pastor 2000) and the fact that ex-
pected returns and factor loadings are well captured by a few character-
istics (Brandt, Santa-Clara, and Valkanov 2009).
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Equation (10) and the budget constraint imply that investor #’s port-
folio weight on asset n € N, at date tis

5,’,(71)
wy(n) = ———5—- 11
N ( ) 1 + Ema\/ﬂai,,(m) ( )
The portfolio weight on the outside asset is
1
w;,(0) (12)

- 1 + Eme’\/,k,éivl(m) .

Although there are |[N;,| + 1 assets including the outside asset, there are
only |N;,| degrees of freedom because of the budget constraint.

Price per share enters demand only through market equity because
the number of shares outstanding is not economically meaningful. We
follow the notational convention that the Kth characteristic is a constant
(i.e., xg,(n) = 1) so that B¢, is the intercept. We refer to €,,(n) as latent de-
mand, which captures investor ¢'s demand for unobserved (by the econo-
metrician) characteristics of asset n. As we discuss in Section III, we do
not observe short positions in our empirical application. Therefore, we
restrict €;,(n) > 0 so that the portfolio weights are nonnegative.

We normalize the mean of latent demand ¢,,(n) to one for each inves-
tor, so that the intercept Bx;, in equation (10) is identified. Then the in-
tercept Bx;,and latent demand ¢,,(n) play different roles in equation (10).
On the one hand, Bg,, determines demand for all assets in the invest-
ment universe relative to the outside asset. In equation (12), the portfolio
weight on the outside asset is decreasing in Bx;,. On the other hand, cross-
sectional variation in ¢,,(n) captures relative demand across assets in the
investment universe. Thus, average latent demand for an asset across in-
vestors, weighted by assets under management, could be constructed as
an asset-level measure of sentiment. Dispersion in latent demand for an
asset across investors could be constructed as an asset-level measure of
disagreement.

Characteristics-based demand easily captures an index fund. If 3,,, =
1, Briy =0 for k=1,...,K — 1, and ¢,(n) = 1 for all assets ne N,
equation (11) simplifies to

ME, (n)

w;,(n) = exp{—Bri} + > v ME,(m) '

(13)

This investor is an index fund whose portfolio weights are proportional
to market equity, and the intercept ;. determines the weight on the
outside asset (e.g., cash).
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D. Demand Elasticities

In equation (10), the coefficients on characteristics are indexed by ¢ and
therefore varyacrossinvestors. In particular, investors have heterogeneous
demand elasticities. Letq,, = log(A,-le-’,) — p. be the vector of log shares
held by investor 7, defined only over the subvector of strictly positive port-
folio weights. The elasticity of individual demand is

oq; . _
-t — - g, diag(w,) G, (14)
op,
where G;, = diag(w;,) — w;,w},. Demand elasticity is decreasing in 3, .
Returning to our example in equation (13), an index fund with 8,,, = 1

has inelastic demand.

Letq, = log(EleAi,,w,;,,) — p, be the vector of log shares held across all
investors, summed only over the subvectors of strictly positive portfolio
weights. The elasticity of aggregate demand is

0q, _ o 3 -1
peci I—>B0.AH "G, (15)
P: =

whereH, = E,I-zlAi,,diag(wi,,). The diagonal elements of matrices (14) and
(15) are strictly positive when y;, < 1 for all investors. Thus, the follow-
ing assumption is sufficient for both individual and aggregate demand to
be downward sloping.

AssuMPTION 2. The coefficient on log market equity satisfies 8y;, < 1
for all investors.

In most asset pricing models, demand is downward sloping for vari-
ous reasons including risk aversion, hedging motives (Merton 1973), and
price impact (Wilson 1979; Kyle 1989). As we show next, assumption 2
isalso sufficient for aunique equilibrium. Therefore, we maintain assump-
tion 2 for convenience in our implementation of characteristics-based
demand.

E.  Market Clearing

We complete the asset pricing model with market clearing for each as-
set n:

ME,(n) = iA,-,[w,-,,(n). (16)

That is, the market value of shares outstanding must equal the wealth-
weighted sum of portfolio weights across all investors. In equation (16) and
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throughout the paper, we follow the notational convention that w;,(n) = 0
for any asset that is not in investor 7's investment universe (i.e., n & N,).
If asset demand were homogeneous, market clearing (16) implies that all
investors hold the market portfolio in equilibrium, just as in the capital as-
set pricing model (Sharpe 1964; Lintner 1965). In contrast, characteristics-
based demand allows for flexible heterogeneity in asset demand across
investors and matches institutional and household holdings.

We rewrite market clearing (16) in logarithms and vector notation as

p = p) = log(Saw(p)) ~ s an

i=1

In this equation and the remainder of this section, we drop time sub-
scripts to simplify notation. Assumption 2 is sufficient for a unique price
vector that solves equation (17). That is, the equilibrium price vector is
well defined regardless of the distribution of characteristics, wealth, and
latent demand.

ProrosiTION 2. Underassumption 2, f(p) has a unique fixed pointin
a convex compactdefined in appendix A. Furthermore, f(p) has a unique
fixed point in R" if all assets have at least one investor with 8y, € (—1, 1).

The proof of proposition 2 in appendix A verifies the sufficient condi-
tions for existence and uniqueness under the Brouwer fixed-point theo-
rem. We emphasize that assumption 2 is a sufficient condition and that a
unique equilibrium could exist even when 8,; > 1 for some investors. The
stronger result for uniqueness in R" requires that all assets have at least
one investor whose coefficient on log market equity is strictly greater than
—1. This would be the case, for example, if there were index funds with
relatively inelastic demand that hold each asset. Although proposition 2
guarantees a unique equilibrium, we still need an algorithm for comput-
ing the equilibrium price vector in applications. Appendix C describes an
efficient algorithm for computing the equilibrium in any counterfactual
experiment, which we have developed for the asset pricing applications
in Section V.

Of course, characteristics-based demand can be used for policy exper-
iments only under the null that it is a structural model of asset demand
that is policy invariant. The Lucas (1976) critique applies under the alter-
native that the coefficients on characteristics and latentdemand ultimately
capture beliefs or constraints that change with policy. Furthermore, we
cannot answer welfare questions without taking an explicit stance on pref-
erences, beliefs, and constraints. However, this may not matter for most
asset pricing applications in which price (rather than welfare) is the pri-
mary object of interest. The remainder of the paper proceeds under the
assumption that characteristics-based demand is a structural model of as-
set demand that is motivated by corollary 1.
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III.  Stock Market and Institutional Holdings Data
A.  Stock Characteristics

The data on stock prices, dividends, returns, and shares outstanding are
from the Center for Research in Security Prices (CRSP) Monthly Stock
Database. We restrict our sample to ordinary common shares (i.e., share
codes 10, 11, 12, and 18) that trade on the New York Stock Exchange, the
American Stock Exchange, and Nasdaq (i.e., exchange codes 1, 2, and 3).
We further restrict our sample to stocks with nonmissing price and shares
outstanding. Accounting data are from the Compustat North America
Fundamentals Annual and Quarterly Databases. We merge the CRSP data
with the most recent Compustat data as of at least 6 months and no more
than 18 months prior to the trading date. The lag of at least 6 months en-
sures that the accounting data were public on the trading date.

In addition to log market equity, the characteristics in our specifica-
tion include log book equity, profitability, investment, dividends to book
equity, and market beta. Our choice of book equity, profitability, and in-
vestment is motivated by the Fama-French five-factor model that is known
to describe the cross section of stock returns. Dividends and market beta
have a long tradition in empirical asset pricing as measures of fundamen-
tals and systematic risk, respectively. Our specification is based on a par-
simonious and relevant set of characteristics for explaining expected re-
turns and factor loadings, motivated by assumption 1. We are concerned
about collinearity between characteristics and overfitting if we consider a
larger model with more characteristics. We stay away from return variables
because they could violate our identifying assumption that characteris-
tics other than price are exogenous to latent demand, as we discuss in
Section IV. In addition, Hou, Xue, and Zhang (2015) find that character-
istics that are already in our specification absorb the explanatory power
of some return variables (e.g., profitability absorbs momentum and book-
to-market equity absorbs long-term reversal).

Our construction of these characteristics follows Fama and French
(2015), which we briefly summarize here. Profitability is the ratio of op-
erating profits to book equity.’ Investment is the annual log growth rate of
assets. Dividends to book equity is the ratio of annual dividends per split-
adjusted share times shares outstanding to book equity. We estimate mar-
ket beta from a regression of monthly excess returns, over the 1-month
Treasury-bill rate, onto excess market returns using a 60-month moving
window (with at least 24 months of nonmissing returns). At each date,
we winsorize profitability, investment, and market beta at the 2.5th and

® Operating profits are annual revenues minus the sum of cost of goods sold; selling,
general, and administrative expenses; and interest and related expenses.
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97.5th percentiles to reduce the impact of outliers. Since dividends are
positive, we winsorize dividends to book equity at the 97.5th percentile.

Following Fama and French (1992), our analysis focuses on ordinary
common shares that are not foreign or a real estate investment trust (i.e.,
share code 10 or 11) and have nonmissing characteristics and returns. In
our terminology, these are the stocks that make up the investment uni-
verse. The outside asset includes the complement set of stocks, which ei-
ther are foreign (i.e., share code 12), are real estate investment trusts
(i.e., share code 18), or have missing characteristics or returns.

B.  Institutional Stock Holdings

The data on institutional common stock holdings are from the Thomson
Reuters Institutional Holdings Database (s34 file), which are compiled
from the quarterly filings of Securities and Exchange Commission Form
13F.” All institutional investment managers that exercise investment dis-
cretion on accounts holding Section 13(f) securities, exceeding $100 mil-
lion in total market value, must file the form. Form 13F reports only long
positions and not short positions. We also do not know the cash and bond
positions of institutions because these assets are not 13(f) securities.

We group institutions into six types: banks, insurance companies, in-
vestment advisors, mutual funds, pension funds, and other 13F institu-
tions. An investment advisor is a registered company under Securities
and Exchange Commission Form ADV. Investment advisors include many
hedge funds, and we separate investment advisors that are mutual funds
into a different group. The group of other 13F institutions includes en-
dowments, foundations, and nonfinancial corporations. Appendix D con-
tains details of how we construct the institution type.

We merge the institutional holdings data with the CRSP-Compustat
data by CUSIP number and drop any holdings that do not match (i.e.,
13(f) securities whose share codes are not 10, 11, 12, or 18). We compute
the dollar holding for each stock that an institution holds as price times
shares held. Assets under management is the sum of dollar holdings for
each institution. We compute the portfolio weights as the ratio of dollar
holdings to assets under management.

We define the investment universe for each institution at each date as
stocks that are currently held or ever held in the previous 11 quarters.

7 Since June 2013, we use the new version of the data posted on June 11, 2018, that cor-
rects a missing data issue (Wharton Research Data Services 2016). Unfortunately, the new
version has missing data between March 2011 and March 2013 because of migration to a
new data feed (Wharton Research Data Services 2018). Therefore, we use the previous ver-
sion of the data on the WRDS SFTP archive prior to June 2013, consistent with Ben-David
etal. (2017).
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TABLE 1
PERSISTENCE OF THE SET OF STOCKS HELD

PREVIOUS QUARTERS
AUM PERCENTILE 1 2 3 4 5 6 7 8 9 10 11
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Note.—This table reports the percentage of stocks held in the current quarter that were
ever held in the previous one to 11 quarters. Each cell is a pooled median across time and

all institutions in the given assets under management (AUM) percentile. The quarterly
sample period is from 1980:1 to 2017:4.

Thus, the investment universe includes a zero holding whenever a stock
that was held in the previous 11 quarters is no longer in the portfolio. To
motivate our choice of 11 quarters, table 1 reports the percentage of stocks
held in the current quarter that were ever held in the previous one to
11 quarters. For the median institution in assets under management
(AUM), 85 percent of stocks that are currently held were also held in the
previous quarter. This percentage increases slowly to 94 percentat 11 quar-
ters, so going beyond 11 quarters does not substantively change our mea-
sure of the investment universe.

Market clearing (16) requires that shares outstanding equal the sum of
shares held across all investors. For each stock, we define the shares held
by the household sector as the difference between shares outstanding
and the sum of shares held by 13F institutions.®* The household sector
represents direct household holdings and smaller institutions that are
not required to file Form 13F. We also include as part of the household
sector any institution with less than $10 million in assets under manage-
ment, no stocks in the investment universe, or no outside assets.

Table 2 summarizes the 13F institutions in our sample from 1980 to
2017. In the beginning of the sample, 544 institutions managed 35 per-
cent of the stock market. This number grows steadily to 3,655 institutions
that managed 68 percent of the stock market by the end of the sample.
From 2015 to 2017, the median institution managed $302 million, while

% In a small number of cases, the sum of shares reported by 13F institutions exceeds
shares outstanding because of shorting or reporting errors (Lewellen 2011). In these cases,
we proportionally scale down the reported holdings of all 13F institutions to ensure that
the sum equals shares outstanding.
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larger institutions at the 90th percentile managed $5,204 million. Most
institutions hold concentrated portfolios. From 2015 to 2017, the median
institution held 67 stocks, while the more diversified institutions at the
90th percentile held 454 stocks. Table D1 in appendix D contains a more
detailed breakdown of table 2 by institution type.

IV. Estimating the Characteristics-Based
Demand System

Equation (10) can be interpreted as a nonlinear regression model that
relates the cross section of portfolio weights to characteristics. A lower co-
efficient on log market equity means that demand is more elastic. For ex-
ample, an investor that tilts its portfolio toward value stocks would have a
low coefficient on log market equity and a high coefficient on log book
equity. The goal of this section is to identify the coefficients on character-
istics in equation (10) for each investor at each date. We drop time sub-
scripts throughout this section to simplify notation and to emphasize that
estimation is on the cross section of assets. We impose the coefficient re-
striction $y; <1 to ensure that demand is downward sloping and that
equilibrium is unique (see proposition 2).

A, Identifying Assumptions
1. Exogenous Characteristics

Our starting point is the identifying assumption that is implied by the lit-
erature on asset pricing in endowment economies (Lucas 1978):

Ele:(n)|me(n),x(n)] = 1. (18)

Equation (10) could be estimated by nonlinear least squares under this
moment condition, which describes most of the empirical literature on
household portfolio choice and cross-border capital flows in international
finance. Following this literature, we retain the assumption that shares out-
standing and characteristics other than price are exogenous, determined
by an exogenous endowment process.

The usual justification for the exogeneity of prices (or market equity)
in moment condition (18) is that the investor is atomistic so that demand
shocks have negligible price impact. However, even if individual investors
are atomistic, correlated demand shocks could have price impact in the
aggregate, so moment condition (18) rules out any factor structure in la-
tent demand. Because these assumptions are unlikely to hold for institu-
tions or households, we develop an alternative identification strategy based
on weaker assumptions.
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2. Investment Mandates and the Wealth Distribution

Let [;(n) be an indicator function that is equal to one if asset n is in in-
vestor 7's investment universe (i.e., n € N;). We can trivially rewrite equa-
tion (10) for any asset as

wi(n) li(n) exp{Bo’ime(n) + Kz_lﬁk,,;xk(n) + ﬁk,}el(n) if neN;

k=1

L(n) = 0 if n & M.

This notation emphasizes that an investor does not hold an asset for two
possible reasons. The first reason is that the investor is not allowed to
hold the asset because it is not in its investment universe (i.e., [;(n) = 0).
For example, an index fund cannot hold assets that are outside the index.
The second reason is that the investor chooses not to hold an asset even
though it could (i.e., e;,(n) = 0). For example, an index fund may choose
not to hold an asset in the index that is perceived to be overvalued. Thus,
[:(n) is exogenous under the maintained assumption that the investment
universe is exogenous, while €;(n) is endogenous through the portfolio
choice problem.

In practice, the investment universe is defined by an investment man-
date, which is a predetermined rule on the set of investable assets. For
example, the investment mandate of a technology fund limits the invest-
ment universe to technology stocks. The key economic property of an in-
vestment mandate is thatitis a predetermined rule that is plausibly exog-
enous to current demand shocks. Appendix E contains some examples of
mutual funds for which the prospectus clearly states the investment man-
date. Other types of institutions such as insurance companies, pension
funds, and hedge funds also use investment mandates even though they
are usually not publicly disclosed (Sharpe 1981; van Binsbergen, Brandt,
and Koijen 2008; Blake et al. 2013).

In addition to the investment universe, we maintain the assumption
that the wealth distribution across other investors is predetermined and
exogenous to current demand shocks. While this assumption ultimately
appeals to a static view of portfolio choice, it has some empirical content.
Hortacsu and Syverson (2004) find significant variation in assets under
management across similar mutual funds that remains unexplained by
differences in fees (or expected returns).

3. Instrumental Variables

We describe how to construct a valid instrument for log market equity in
an ideal scenario in which the investment universe is perfectly measured.
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In the following section, we will come back to the issue of measuring the
investment universe in practice.

In estimating investor 7’s asset demand, the instrument for log market
equity of asset n is

e (n) = log (34— ). (19)

a1+ > 0(m)
This instrument depends only on the investment universe of other inves-
tors and the wealth distribution, which are exogenous under our identi-
fying assumptions. The instrument can be interpreted as the counterfac-
tual market equity, at the market clearing price, if other investors were to
hold an equal-weighted portfolio within their investment universe.’ For
example, technology funds hold an equal-weighted portfolio of technol-
ogy stocks, health care funds hold an equal-weighted portfolio of health
care stocks, and so on.

The instrument exploits variation in the investment universe across in-
vestors and the size of potential investors across assets. An asset that is
included in the investment universe of more investors, especially if those
investors are large, has a larger exogenous component of demand. For
example, a stock that is included in the S&P 500 index has a larger exog-
enous component of demand coming from S&P 500 index funds (Harris
and Gurel 1986; Shleifer 1986). With downward-sloping demand, alarger
exogenous component of demand generates higher prices that are un-
related to latent demand. Our identification comes from cross-sectional
variation in the investment universe and not from time-series variation
in assets moving in and out of the investment universe.

The instrument allows us to weaken moment condition (18) to

Ele;(n)|me,(n),x(n)] = 1. (20)

This moment condition does not impose any assumptions on the corre-
lation of latent demand across investors or over time. Given the presence
of zero holdings in the data, latent demand has a positive mass at zero.

9 To check the robustness of our results, we have tried an alternative instrument based
on book equity weights:

N - I;(n)BE(n)
me;(n) = log <§A/ W)mz(m)

This instrument has an advantage that the cross-sectional distribution is closer to normal.
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However, a conditional mean of one in moment condition (20) is a nor-
malization that is fully consistent with the presence of zero holdings."

B.  Implementation Issues
1. Measuring the Investment Universe

With the exception of some mutual funds for which the investment man-
date is clearly stated (see app. E), most institutions do not publicly dis-
close investment mandates. We must therefore measure the investment
universe on the basis of observed holdings. As we described in Section III,
we measure the investment universe as stocks that are currently held or
ever held in the previous 11 quarters.

The ideal scenario for arguing the exogeneity of the measured invest-
ment universe is the case in which it did not change over time. A time-
invariant investment universe lends credibility to our identifying assump-
tion that it is predetermined and exogenous to current demand shocks.
Table 1 shows that the investment universe is not very far from the ideal
scenario, especially for larger institutions. For a larger institution at the
90th percentile in assets under management, 97 percent of stocks that
are currently held were also held in the previous 11 quarters. This means
that at least 97 percent of stocks in the investment universe this quarter
were also part of the investment universe in the previous quarter. Thus,
the potential threat to identification is isolated to the 3 percent of stocks
that newly entered the investment universe. The fact that the set of stocks
held hardly changes over time is consistent with the presence of invest-
ment mandates.

On the basis of this fact, we refine the instrument to be more robust to
the potential threat to identification. In constructing the instrument (19),
we exclude the household sector and aggregate only over institutions with
little variation in the investment universe, for which at least 95 percent
of stocks thatare currently held were also held in the previous 11 quarters.
On the basis of table 1, most (especially larger) institutions have little var-
iation in the investment universe, so we are excluding only those institu-
tions for which our identifying assumption is most challenged.

Although we have tried to make the best case for identification, we want
to summarize our remaining concerns with the hope that future research
could make further progress. By definition, the investment universe is a

' In particular, the probability that latent demand is zero depends on characteristics,
which is consistent with the portfolio choice model in Sec. II. To see this, we can rewrite
moment condition (18) as

Eles(n)|ie: (), x(n)] = Pr(e,(n) = O[ifie,(n), x(m) Ele,(n) 15, (n), x(n), €(n) = 0]

+ Pr(e;(n) > 0|me;(n), x(n))E[e;(n)|me,(n), x(n), e,(n) > 0] = 1.
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broader set of stocks than those that are held in the recent past. There-
fore, we are concerned that our definition of the investment universe
may miss some stocks that could be held but have not been held in the re-
cent past. Any correlation between this mismeasurement and latent de-
mand through correlated demand shocks across investors could threaten
identification.

Future research could improve on our framework through new data
or methodology that leads to better measurement of the investment uni-
verse. For example, exchange-traded funds have been historically small
in our sample, so we cannot reliably construct the instrument on the ba-
sis of only exchange-traded funds. However, exchange-traded funds have
been growing and now account for 21 percent of domestic equity mutual
funds and exchange-traded funds combined (Board of Governors of the
Federal Reserve System 2017). The secular trend from active to passive
management and the growth of exchange-traded funds could simplify
the measurement of the investment universe for a large share of institu-
tions in the future.

2. Pooled Estimation

Table 2 shows that many institutions have concentrated portfolios, so the
cross section of an institution’s holdings may not be large enough to ac-
curately estimate equation (10). We estimate the coefficients by institu-
tion whenever there are more than 1,000 strictly positive holdings in the
crosssection. Forinstitutions with fewer than 1,000 holdings, we pool them
with similar institutions in order to estimate their coefficients. As we pre-
viously described, we group institutions by type and quantiles of assets
under management conditional on type. While the cutoff of 1,000 is arbi-
trary, a lower cutoff of 500 causes convergence problems for our estima-
tor in some cases. We set the total number of groups at each date to target
2,000 strictly positive holdings on average per group.

3. Weak Instruments

Cross-sectional variation in the instrument (19) is primarily driven by var-
iation in the investment universe across investors. Put differently, the in-
strument would have no variation if the investment universe were identi-
cal across investors. Fortunately, from an identification perspective, table 2
shows that the investment universe is typically a small set of stocks. From
2015 to 2017, the median institution had only 112 stocks in the investment
universe, and even institutions at the 90th percentile had only 748 stocks.

A way to quantify the strength of the instrument is through a first-stage
regression of log market equity onto the instrument and other character-
istics. We estimate the first-stage regression for each institution at each
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date. Figure 1 reports the minimum first-stage #statistic across institutions
ateach date. Thatis, all institutions have a first-stage #statistic thatis above
the lower bound in the figure. For all institutions throughout the sample
period, the firststage #statistic is well above the critical value of 4.05 for
rejecting the null of weak instruments at the 5 percent level (Stock and
Yogo 2005, table 5.2)."

C. Estimation on a Hypothetical Index Fund

We test the validity of our estimator for characteristics-based demand
(10) on a hypothetical index fund. We start with the portfolio weights of
the Vanguard Group (manager number 90457), which has a fully diversi-
fied portfolio, and replace them with exact market weights. That is, we
construct an index fund that is the same size and has the same investment
universe as the Vanguard Group, whose portfolio weights are given by

w;(n)

w(0) = exp{me(n) + B«.} 1)

exp{[me(n) — be(n)] + be(n) + Bk},

where be (7) is log book equity. We then estimate characteristics-based de-
mand (10) by generalized method of moments (GMM) under moment
condition (20). If our estimator is valid, we should recover a coefficient
of one on log market equity and zero on the other characteristics. Equiv-
alently, we should recover a coefficient of one on both log market-to-book
equity and log book equity on the basis of the alternative normalization
(21).

Figure 2 reports the estimated coefficients for the hypothetical index
fund. As expected, we recover a coefficient of one on both log market-to-
book equity and log book equity and zero on the other characteristics,
except for small deviations because of estimation error.

D. Estimated Demand System

Figure 3 summarizes the coefficients for characteristics-based demand
(10), estimated by GMM under moment condition (20). We report the
cross-sectional mean of the estimated coefficients by institution type,
weighted by assets under management. For ease of interpretation, figure 3

' Under the null of weak instruments, the probability that the minimum first-stage ¢statistic
is above the critical value is at most 5 percent, which attains only if the #statistics are perfectly
positively correlated across institutions.
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307 Minimum across institutions
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FiG. 1.—First-stage tstatistic on the instrument for log market equity. This figure reports
the minimum first-stage #statistic across institutions at each date. The critical value for re-
jecting the null of weak instruments is 4.05 (Stock and Yogo 2005, table 5.2). The quarterly
sample period is from 1980:1 to 2017:4.

is on the same scale as figure 2 and reports the coefficients on log market-
to-book equity (8, and log book equity §,; + (., instead of 3,; and £, .

A lower coefficient on log market-to-book equity implies a higher de-
mand elasticity (14). Thus, figure 3 shows that mutual funds have less elas-
tic demand than other types of institutions or households for most of the
sample period. Banks, insurance companies, and pension funds have be-
come less elastic from 1980 to 2017, while households have become more
elastic during the same period. In 2017, banks, insurance companies, mu-
tual funds, and pension funds have less elastic demand than investment
advisors and households. This finding is consistent with the view that large
institutions cannot deviate too far from market weights because of bench-
marking or price impact.

The coefficient on log book equity captures demand for size. Especially
in the second half of the sample period, banks and insurance companies
tilt their portfolio more toward larger stocks than other types of institu-
tions. In contrast, investment advisors tilt their portfolio toward smaller
stocks. Table D1 of appendix D shows that the largest investment advisors
are an order of magnitude smaller than other types of large institutions.
Therefore, our findings are consistent with the fact that the size of insti-
tutions is positively related to the average size of stocks in their portfolio
(Blume and Keim 2012).
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Fic. 2.—Coefficients on characteristics for an index fund. Characteristics-based de-

mand (10) is estimated for a hypothetical index fund, which is the same size and has the
same investment universe as the Vanguard Group, at each date by GMM under moment
condition (20). The quarterly sample period is from 1997:1 to 2017:4.

On average, investment advisors tilt their portfolio more toward stocks
with lower market-to-book equity, higher profitability, lower investment,
and lower market beta than households. As we discussed in Section II,
these characteristics enter the Fama-French five-factor model and are
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Fic. 3.—Coefficients on characteristics. Characteristics-based demand (10) is estimated

for each institution at each date by GMM under moment condition (20). This figure re-
ports the cross-sectional mean of the estimated coefficients by institution type, weighted
by assets under management. The quarterly sample period is from 1980:1 to 2017:4.

known to generate positive abnormal returns relative to the capital asset
pricing model. Therefore, this finding is consistent with the view that
some institutions are “smart money” investors. The coefficient on market
beta for institutions tends to fall in recessions, which means that the
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demand for market risk is procyclical. For example, the coefficient on
market beta for investment advisors is especially low in 1982:3, 2001:3,
and 2009:1. Finally, households tilt their portfolio more toward higher-
dividend stocks than institutions. Among institutions, banks tilt their port-
folio more toward higher-dividend stocks than other types of institutions.

Given the estimated coefficients, we recover estimates of latent demand
byequation (10). Figure 4 reports the cross-sectional standard deviation of
log latent demand by institution type, weighted by assets under manage-
ment. A higherstandard deviation implies more extreme portfolio weights
that are tilted away from observed characteristics. For most of the sample
period, households have less variation in latent demand than institutions.
The only exception is during the financial crisis, when the standard devi-
ation of latent demand for households peaked in 2008:2.

In appendix F, we show that our benchmark estimates differ from those
estimated by alternative estimators. We show the importance of the in-
strument by considering a restricted least squares estimator that is biased
if latent demand and asset prices are jointly endogenous. We also show
the importance of estimating in levels with zero holdings by considering
estimation of equation (10) in logarithms, which is less efficient and po-
tentially biased.

Standard deviation
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Fic. 4.—Standard deviation of latent demand. Characteristics-based demand (10) is
estimated for each institution at each date by GMM under moment condition (20). This
figure reports the cross-sectional standard deviation of log latent demand by institution
type, weighted by assets under management. The quarterly sample period is from 1980:1 to
2017:4.
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V. Asset Pricing Applications

Let A, be an Fdimensional vector of investors’ wealth, whose ith element
is A;.. Let B, be a (K + 1) x I matrix of coefficients on characteristics,
whose (k, i)th element is §;-1,,. Let ¢, be an N x [ matrix of latent de-
mand, whose (7, 7)th element is ¢,,(n). Market clearing (17) defines an
implicit function for log price:

P = g(st> X, At,B[,E;). (22)

Thatis, asset prices are fully determined by shares outstanding, character-
istics, the wealth distribution, the coefficients on characteristics, and la-
tent demand.

We use equation (22) in four asset pricing applications. First, we use
the model to estimate the price impactof demand shocks forall institutions
and stocks. Second, we use the model to decompose the cross-sectional var-
iance of stock returns into supply-and demand-side effects. Third, we use a
similar variance decomposition to see whether larger institutions explain
a disproportionate share of the stock market volatility in 2008. Finally, we
use the model to predict cross-sectional variation in stock returns.

A.  Price Impact of Demand Shocks

If the aggregate demand for stocks is downward sloping, demand shocks
could have persistent effects on prices. For example, an empirical liter-
ature documents the price impact of demand shocks that arise from index
additions and deletions (see Wurgler and Zhuravskaya [2002] for a re-
view). The estimated demand system in Section IV allows us to estimate
the price impact of demand shocks for all stocks, not just for those that
are added or deleted from an index.
We define the coliquidity matrix for investor 7 as
—1
ow;, AH ow;, /
opr ' dlog(e;,)

op, L -
P [1—>4 H,
0log(e;,) E "

(23)

-1

I
I- ZA]',!BO,],[H;IG]'J A,;,,H;IGL,.
j=1

The (n, m)th element of this matrix is the elasticity of asset price n with
respect to investor ¢’s latent demand for asset m.'* The coliquidity matrix

'* Kondor and Vayanos (2014) propose a liquidity measure that is a monotonic transfor-
mation of our measure:

E lfg'(&)n))} 71 o) ™ {ir-wom|(s.+ %)] -1 l'
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measures the price impact of idiosyncratic shocks to an investor’s latent
demand. The matrixinside the inverse in equation (23) is the aggregate de-
mand elasticity (15), which implies a larger price impact for assets that are
held by less elastic investors. The nth diagonal element of the matrix out-
side the inverse in equation (23) is A;,w;,(n)[1 — w,(n)]/[Z/-14;,w;,(n)].
This expression implies a larger price impact for investors whose hold-
ings are large relative to other investors that hold the asset.

We estimate the price impact for each stock and institution through the
diagonal elements of matrix (23) and then average by institution type. Fig-
ure 5 summarizes the cross-sectional distribution of price impact across
stocks for the average bank, insurance company, investment advisor, mu-
tual fund, and pension fund. Average price impact has decreased from
1980 to 2017, especially for the least liquid stocks at the 90th percentile
of the distribution. This means that the cross-sectional distribution of price
impact has significantly compressed over this period. For example, the
price impactfor the average investment advisor with a 10 percentdemand
shock on theleastliquid stocks (atthe 90th percentile) has decreased from
0.64 percent in 1980:2 to 0.22 percent in 2017:2.

Summing equation (23) across all investors, we define the aggregate
coliquidity matrix as

-1

1
) - (I _EBO,i,lAi,LHlle,l) EAi,LHflGi,/- (24)
i=1

i=1

E

8log €is

The aggregate coliquidity matrix measures the price impact of systematic
shocks to latent demand across all investors. The nth diagonal element of
the matrix outside the inverse in equation (24) is a holdings-weighted av-
erage of 1 — w;,(n) across investors. This implies a larger price impact for
assets that are smaller shares of investors’ wealth, which are effectively as-
sets with a lower market cap.

We estimate the aggregate price impact for each stock through the di-
agonal elements of matrix (24). Figure 6 summarizes the cross-sectional
distribution of aggregate price impact across stocks and how that distri-
bution has changed over time. Aggregate price impact for the median
stock has generally decreased from 1980 to 2017. The price impact of
a 10 percent aggregate demand shock for the median stock was 26 per-
centin 2017:2. Aggregate price impact is countercyclical around the low-
frequency trend, peaking during recessions in 1980:1, 1982:1,1991:1, and
2009:1.

B.  Variance Decomposition of Stock Returns

Following Fama and MacBeth (1973), a large literature asks to what ex-
tent characteristics explain the cross-sectional variance of stock returns.
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F16. 5.—Price impact across stocks and institutions. Price impact for each stock and in-
stitution is estimated through the diagonal elements of matrix (23) and then averaged by
institution type. This figure summarizes the cross-sectional distribution of price impact
across stocks for the average bank, insurance company, investment advisor, mutual fund,
and pension fund. The quarterly sample period is from 1980:1 to 2017:4.
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F16. 6.—Aggregate price impact across stocks. Aggregate price impact for each stock is
estimated through the diagonal elements of matrix (24). This figure summarizes the cross-
sectional distribution of aggregate price impact across stocks. The quarterly sample period
is from 1980:1 to 2017:4.

A more recent literature asks whether institutional demand explains the
significant variation in stock returns that remains unexplained by char-
acteristics (Nofsinger and Sias 1999; Gompers and Metrick 2001). We in-
troduce a variance decomposition of stock returns that offers a precise
answer to this question.

We start with the definition of log returns:

T = P — P T Virss

where v..; = log(1 + exp{di+1 — p.11}). We then decompose the capital
gain as

P — P = AP;+1(S) + APL+1(X) + AP1+1(A) + APH—I(B) + AP1+1(5)a

where

Ap,1(s) = g(si1, X1, Ay, Bry€) — g(si, X1, Ay, By €0),

Ap,i(x) = g(Se1, Xie1, Ay, Bis €) — g(si41, X0, A, By €),

Ap,i(A) = g(si1, X1, Arr, Biy €) — g(Sie1, X1, Ay, Biy €1),
Ap 1 (B) = g(Sis1,Xes1, Arit, Bisr, €) — 8(Sivt, Xiv1, Avir, B, €1),
Apii(€) = g(Si1, X1, Avr, Bists €41) — &(Siv1, Xiv1, Aty Bivr, €)-
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We compute each of these counterfactual price vectors through the algo-
rithm in appendix C. We then decompose the cross-sectional variance of
log returns as

Var(r;+1) = Cov(Ap,;(s), ri+1) + Cov(Ap,.;(X), 141) + Cov(Vvisy, rpsy)
+ Cov(Ap,.1(A), 11+1) + Cov(Ap,.1(B), rs1) (25)

+ Cov(Ap,,(€), 1) -

According to equation (25), variation in asset returns must be ex-
plained by supply- or demand-side effects. The first three terms represent
the supply-side effects due to changes in shares outstanding, changes in
characteristics, and the dividend yield. The last three terms represent the
demand-side effects due to changes in assets under management, the co-
efficients on characteristics, and latent demand.

Table 3 presents the variance decomposition of annual stock returns,
pooled over 1981-2017. Because characteristics are updated in June for
many stocks whose fiscal years end in December, we use annual stock re-
turns at the end of June to give characteristics the best chance of explain-
ing stock returns. On the supply side, shares outstanding explain 2.1 per-
cent, and characteristics explain 9.7 percent of the cross-sectional variance
of stock returns. Dividend yield explains only 0.4 percent, which means
that capital gain drives most of the cross-sectional variance of stock returns.

TABLE 3
VARIANCE DECOMPOSITION OF STOCK RETURNS

% of Variance

Supply:
Shares outstanding 2.1
(.2)
Stock characteristics 9.7
(:3)
Dividend yield 4
(.0)
Demand:
Assets under management 2.3
(1)
Coefficients on characteristics 4.7
(.2)
Latent demand: extensive margin 23.3
(.3)
Latent demand: intensive margin 57.5
(:4)
Observations 134,328

NoTEe.—The cross-sectional variance of annual stock returns is de-
composed into supply- and demand-side effects. Heteroskedasticity-
robust standard errors are reported in parentheses. The annual sam-
ple period is from 1981 to 2017.
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On the demand side, assets under management explain 2.3 percent,
and the coefficients on characteristics explain 4.7 percent of the cross-
sectional variance of stock returns. Latent demand is clearly the most im-
portant, explaining most of the cross-sectional variance of stock returns.
The extensive margin of latent demand that captures changes in the set
of stocks held explains 23.3 percent. The intensive margin of latent de-
mand that captures changes in portfolio weights within the set of stocks
held explains 57.5 percent. Thus, stock returns are mostly explained by
demand shocks that are unrelated to changes in observed characteristics.
This finding is consistent with the fact that cross-sectional regressions of
stock returns on characteristics have low explanatory power (Fama and
French 2008; Asness, Frazzini, and Pedersen 2013).

Our variance decomposition establishes a new set of targets for a grow-
ing literature on asset pricing models with institutional investors (seen. 1).
Because stock prices are a nonlinear function of latent demand, our vari-
ance decomposition quantifies the importance of changes in the distribu-
tion of latent demand for the cross section of stock returns. Stock returns
depend on changes in average latent demand across investors, weighted
by assets under management, which captures changes in sentiment. In ad-
dition, stock returns depend on changes in the dispersion of latent de-
mand across investors, which captures changes in disagreement. The im-
portance of latent demand in our variance decomposition highlights the
importance of sentiment and disagreement for explaining the cross sec-
tion of stock returns.

C. Stock Market Volatility in 2008

In the aftermath of the financial crisis, various regulators have expressed
concerns that large investment managers could amplify volatility in bad
times (Office of Financial Research 2013; Haldane 2014). The underly-
ing intuition is that even small shocks could translate to large price move-
ments through the sheer size of their balance sheets. Going against this
intuition, however, is the fact that large institutions tend to be diversified
buy-and-hold investors that hold more liquid stocks. We use demand sys-
tem asset pricing to better understand the relative contributions of insti-
tutions and households in explaining the stock market volatility in 2008.
We modify the variance decomposition (25) as

Var(r1) = Cov(Ap,(s) + Ap,1(X) + Vi1, Tii1)

1
+ D Cov(Ap,;i(Ai) + Ap,.1(Bi) + Ap,iy(€:), Tiir).

i=1

The first term is the total supply-side effect due to changes in shares out-
standing, changes in characteristics, and the dividend yield. The second



1508 JOURNAL OF POLITICAL ECONOMY

term is the sum of the demand-side effects across all investors due to changes
in assets under management, the coefficients on characteristics, and latent
demand. In our implementation of the variance decomposition, we first
order the 30 largest institutions by their assets under management at the
end of 2007, then smaller institutions, and then households.

Table 4 presents the variance decomposition of stock returns in 2008.
The supply-side effects explain 8.1 percent of the cross-sectional variance

TABLE 4
VARIANCE DECOMPOSITION OF STOCK RETURNS IN 2008
AUM AUM  Change in % of
Ranking Institution ($Billions) AUM (%)  Variance

Supply: shares outstanding, stock

characteristics and dividend yield 8.1 (1.0)
1 Barclays Bank 699 —41 3 (1)
2 Fidelity Management & Research 577 —63 9 (.2)
3 State Street Corp. 547 -37 3 (.0)
4 Vanguard Group 486 —41 4 (.0)
5 AXA Financial 309 =70 3 (1)
6 Capital World Investors 309 —44 1 (1)
7 Wellington Management Co. 272 —51 4 (1)
8 Capital Research Global Investors 270 —53 1 (1)
9 T. Rowe Price Assoc. 233 —44 -2 (1)
10 Goldman Sachs & Co. 182 —59 1 (1)
11 Northern Trust Corp. 180 —46 1 (.0)
12 Bank of America Corp. 159 =50 0 (1)
13 J-P. Morgan Chase & Co. 153 —51 d (1)
14 Deutsche Bank 136 —86 3 (1)
15 Franklin Resources 135 —60 2 (1)
16 College Retire Equities 135 —55 .0 (.0)
17 Janus Capital Management 134 —53 3 (1)
18 MSDW & Co. 133 45 1 (1)
19 Amvescap London 110 —42 0 (1)
20 Dodge & Co. 93 —65 .0 (.0)
21 UBS Global Asset Management 90 —63 0 (1)
22 Davis Selected Advisers 87 —54 .0 (.0)
23 Neuberger Berman 86 -73 0 (1)
24 Blackrock Investment Management 86 —69 .0 (.0)
25 Oppenheimer Funds 83 —64 2 (1)
26 Wells Fargo & Norwest Corp. 75 —56 d (1)
27 MFS Investment Management 73 —44 .0 (.0)
28 Putnam Investment Management 73 -76 1 (1)
29 Marsico Capital Management 73 —56 .0 (.0)
30 Lord, Abbett & Co. 72 —61 3 (1)

Subtotal: 30 largest institutions 6,050 —48 4.4
Smaller institutions 6,127 —53 40.7 (2.3)
Households 6,322 —47 46.9 (2.6)

Total 18,499 —49 100.0
Note.—The cross-sectional variance of annual stock returns in 2008 is decomposed into

supply- and demand-side effects. This table reports the total demand-side effect for each
institution due to changes in assets under management (AUM), the coefficients on char-
acteristics, and latent demand. The 30 largest institutions are ranked by AUM in 2007:4.
Heteroskedasticity-robust standard errors are reported in parentheses.
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of stock returns, which means that the demand-side effects explain the re-
mainder of the variance. Barclays Bank (now part of Blackrock) was the
largestinstitution in 2007:4, managing $699 billion. Its assets fell by 41 per-
cent from 2007:4 to 2008:4. During this period, its contribution to the
cross-sectional variance of stock returns was 0.3 percent. Summing across
the 30 largest institutions, their overall contribution to the cross-sectional
variance of stock returns was 4.4 percent. Smaller institutions explain
40.7 percent, and households explain 46.9 percent of the cross-sectional
variance of stock returns. The three groups of investors each managed
about a third of the stock market, and their assets fell by nearly identical
shares in 2008. However, the relative contribution of the 30 largest insti-
tutions to stock market volatility was much smaller than that of smaller
institutions and households. In unreported results, we find that the var-
iance decomposition in table 4 is remarkably stable over time and is not
particular to the financial crisis.

This finding is driven by two important aspects of larger institutions.
First, larger institutions are diversified buy-and-hold investors. Therefore,
their latent demand is more stable over time than that of smaller institu-
tions and households. Second, larger institutions hold more liquid stocks
with higher aggregate demand elasticity, for which demand shocks have
less price impact.

D.  Predictability of Stock Returns

We approximate p, = g(sT, xr, Ar, Br, €r) to afirst order around the con-
ditional expectation of its arguments at date ¢. Then the conditional ex-
pectation of the long-run capital gain is

Elpr — p) ~ g(E[ss), Eixs], Ei[A], E[B+], E[es]) — p-

This equation implies that asset returns are predictable if any of its de-
terminants are predictable.

Because of the importance of latent demand in table 3, we isolate
mean reversion in latent demand as a potential source of predictability in
stock returns. We assume that latent demand reverts to its unconditional
mean of one in the long run and that all other determinants of stock re-
turns are random walks. That is, we assume that

[Et[pT - P/] = g(st, X, A, Bt’ 1) ~ Po

where we compute the counterfactual price vector through the algorithm
in appendix C. Thus, we have an estimate of the long-run expected return
for each stock based on mean reversion in latent demand. Intuitively,
stocks with high latent demand, a stock-level measure of sentiment, trade
at high prices and have low expected returns in the future.
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To test whether our estimate of the long-run expected return predicts
the cross section of stock returns, we run a Fama-MacBeth regression of
monthly excess returns, over the 1-month T-bill rate, onto lagged charac-
teristics. That is, we estimate a cross-sectional regression of excess returns
onto lagged characteristics and then average the estimated coefficients
in the time series over our sample period from June 1980 to December
2017. To control for known sources of predictability, we control for all
characteristics in the Fama-French five-factor model (i.e., log market eq-
uity, book-to-market equity, profitability, investment, and market beta)
and momentum (i.e., 1 1-month return, skipping the mostrecent month).
We use data that were public in month ¢ to predict stock returns in month
t + 1. For example, our estimate of the long-run expected return in June
uses the accounting data for the prior December and the 13F filing for
March to leave an adequate window for reporting delays.

Table 5 shows that expected monthly returns increase by 0.18 per-
cent per one standard deviation in the long-run expected return with a
tstatistic of 4.80. Our estimate of the long-run expected return uncovers
anew source of predictability from mean reversion in latent demand that
is similar in magnitude to other characteristics that are known to predict
stock returns. To check the robustness of our results, we rerun the Fama-
MacBeth regression excluding microcaps, defined as stocks whose mar-
ket equity is below the 20th percentile for NYSE stocks (Fama and French
2008). We continue to find predictability with a statistically significant co-
efficient of 0.11 percent. The smaller coefficient, however, implies that

TABLE 5
RELATION BETWEEN STOCK RETURNS AND CHARACTERISTICS
Characteristic All Stocks Excluding Microcaps
Expected return 18 1
(.04) (.04)
Log market equity —.25 —.15
(.08) (.08)
Book-to-market equity .04 .06
(.04) (.05)
Profitability .30 .29
(.06) (.06)
Investment —.38 —-.21
(.03) (.03)
Market beta .08 .01
(.08) (.10)
Momentum .24 .37
(.08) (.10)
NoTe.—Monthly excess returns, over the 1-month T-bill rate, are re-

gressed onto lagged characteristics. This table reports the time-series mean
and standard errors of the estimated coefficients. Microcaps are stocks
whose market equity is below the 20th percentile for NYSE stocks. The
monthly sample period is from June 1980 to December 2017.
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the high returns due to mean reversion in latent demand are more prom-
inent for smaller stocks.

VI. Extensions and Open Issues

We briefly discuss potential extensions and open issues that are beyond
the scope of this paper, which we leave for future research.

A, Endogenizing Supply and the Wealth Distribution

We have assumed that shares outstanding and asset characteristics are
exogenous. However, we could endogenize the supply side of demand sys-
tem asset pricing, just as asset pricing in endowment economies has been
extended to production economies.'> Once we endogenize corporate pol-
icies such as investment and capital structure, we could answer a broad set
of questions at the intersection of asset pricing and corporate finance. For
example, how do the portfolio decisions of institutions affect real invest-
ment at the business cycle frequency and growth at lower frequencies?

We have also assumed that the wealth distribution is exogenous or,
more fundamentally, that net capital flows between institutions are exog-
enous. By modeling how households allocate wealth across institutions
(e.g., Hortacsu and Syverson 2004; Shin 2014), we could have a more re-
alistic demand system to better understand the relative importance of
substitution across institutions versus substitution across assets within an
institution.

B.  Other Holdings Data

The 13F data do not contain short positions, so we do not know short in-
terest at the institution level. However, data on aggregate short interest
for each stock are available. Therefore, we could construct an aggregate
shortinterest sector and model it as one of the investors that enter market
clearing (16). While this approach is less ideal than having short positions
at the institution level, it could guide us on whether short interest matters
for our empirical results.

Using the 13F data, we can compute only aggregate household hold-
ings as the residual of institutional holdings. In countries such as Sweden
with complete household holdings data (Calvet, Campbell, and Sodini
2007), asset demand for households could be estimated at a more disag-
gregated level. We could then see whether households have correlated

¥ Recent work on incorporating institutional investors in production economies in-
cludes Gertler and Karadi (2011), Adrian and Boyarchenko (2013), Brunnermeier and
Sannikov (2014), and Coimbra and Rey (2017).
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demand shocks especially in bad times, which would explain why the stan-
dard deviation of latent demand increased significantly for households
during the financial crisis (see fig. 4).

In principle, estimation of the characteristics-based demand system
would improve if we could incorporate other asset classes such as cash
and fixed income. Unfortunately, US data on institutional bond holdings
are incomplete because only insurance companies and mutual funds are
required to file their holdings. In addition, the bond holdings data (e.g.,
Thomson Reuters eMAXX) are not easy to merge with the 13F data. Se-
curities Holdings Statistics of the European Central Bank contain the com-
plete institutional holdings across all asset classes in the euro area (Koijen
etal. 2017). These data could be used to estimate a characteristics-based
demand system for both equities and fixed income in the euro area.

VII. Conclusion

Traditional asset pricing models make strong assumptions that are not
suitable for modeling the asset demand of institutional investors. First,
assumptions about preferences, beliefs, and constraints imply asset de-
mand with little heterogeneity across investors. Second, these models as-
sume that investors have no price impact because they are atomistic and
their demand shocks are uncorrelated. A more recent literature allows for
some heterogeneity in asset demand by modeling institutional investors
explicitly (see n. 1). However, it has not been clear how to operationalize
these models to take full advantage of institutional holdings data. Our
contribution is to develop an asset pricing model with flexible heteroge-
neity in asset demand that matches institutional and household holdings.
We also propose an instrumental variable estimator for the characteristics-
based demand system to address the endogeneity of demand and asset
prices.

Demand system asset pricing could answer a broad set of questions re-
lated to the role of institutions in asset markets, which are difficult to an-
swer with reduced-form regressions or event studies. For example, how do
large-scale asset purchases affect asset prices through substitution effects
in institutional holdings? How would regulatory reform of banks and in-
surance companies affect asset prices and real investment? How does the
secular shift from defined-benefit to defined-contribution plans affect as-
set prices, as capital moves from pension funds to mutual funds and insur-
ance companies? Which institutions drive asset pricing anomalies? We
hope that our framework is useful for answering these types of questions.
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