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Abstract

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

in asset market movements, volatility, and predictability.
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I. Introduction

Modern asset pricing models are built on asset demand, derived from optimal portfolio choice,
and market clearing. However, the common practice is to ignore institutional or household
holdings data in estimating these models, even though these data are direct observations of
asset demand. The predominant methodology for estimating asset pricing models, based on
simplifying assumptions, uses portfolio returns alone or the joint moments of returns and
aggregate or individual consumption. Although institutional holdings data have been used
in the empirical asset pricing literature, an equilibrium model that simultaneously matches
asset 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 portfolio varies across
investors because of heterogeneous beliefs. Following the empirical asset pricing literature
(e.g., Fama and French 1993), we assume that returns have a factor structure and that
expected returns and factor loadings depend only on the assets’ own characteristics. Under
this assumption, we show that the mean-variance portfolio simplifies to a characteristics-
based model in which asset demand depends on observed characteristics (e.g., market equity,
book equity, profitability, investment, dividends, and market beta) and latent demand (i.e.,
characteristics unobserved to the econometrician). We estimate the mean-variance portfolio
on stock market data to show the empirical relevance of the assumptions under which the
mean-variance portfolio simplifies to the characteristics-based model.

The characteristics-based model allows for rich heterogeneity in asset demand across in-
vestors and matches institutional holdings, including zero holdings and index strategies. We
allow the coefficients on characteristics to vary across investors so that the aggregate demand
elasticity varies across assets that are held by different sets of investors. The characteristics-
based model allows for more flexible cross-elasticities across assets than traditional models
that make simplifying assumptions that imply homogeneous asset demand across investors
(Tobin 1958). In that sense, the characteristics-based model resembles an older literature on
macroeconomic models of asset demand (Brainard and Tobin 1968; Tobin 1969) and differ-
entiated product demand systems (Lancaster 1966; Rosen 1974), but the new 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

clearing across institutional investors and households, under a simple condition that demand



is downward sloping for all investors.

Although our contribution is primarily methodological, we illustrate our approach using
U.S. stock market and institutional holdings data, based on Securities and Exchange Com-
mission Form 13F. The 13F data contain quarterly stock holdings of institutions that manage
more than $100 million since 1980. The types of 13F institutions are banks, insurance com-
panies, investment advisors (including hedge funds), mutual funds, pension funds, and other
13F institutions (i.e., endowments, foundations, and nonfinancial corporations). These in-
stitutions collectively manage 63 percent of the U.S. stock market with the remaining 37
percent attributed to direct household holdings and non-13F institutions.

To identify the asset demand system, we start with the traditional assumption in asset
pricing that shares outstanding and characteristics other than price are exogenous, deter-
mined by an exogenous endowment process. To relax the traditional assumption that in-
vestors are atomistic and that demand shocks are uncorrelated across investors, we propose
an instrumental variables estimator to address the endogeneity of latent demand and asset
prices. Our identifying strategy is motivated 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 eight quarters) 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 investors, especially if those investors are large, has a larger exogenous component of
demand. With downward-sloping demand, a larger exogenous component of demand gener-
ates higher prices that are unrelated to latent demand. A potential threat to identification is
that we cannot measure the investment universe perfectly, but future research could improve
upon our framework through new data or methodology that leads to better measurement of
the investment universe.

After estimating the asset demand system, we illustrate our approach to asset pricing
through four applications. First, we estimate the price impact of demand shocks for all
institutions and stocks, which arises from imperfectly elastic aggregate demand. We find
that price impact for the average institution has decreased from 1980 to 2014, 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 impact for the average investment advisor with a 10 percent demand
shock on the least liquid stocks has decreased from 0.87 percent in 1980 to 0.25 percent in
2014.

Second, we use the characteristics-based model to decompose the cross-sectional variance



of stock returns into supply- and demand-side effects. The supply-side effects are changes
in shares outstanding, changes in characteristics, and the dividend yield. These three effects
together explain only 8 percent of the cross-sectional variance of stock returns. The demand-
side effects are changes in assets under management, the coefficients on characteristics, and
latent demand. Changes in assets under management explain 29 percent, but changes in
latent demand are even more important, explaining 59 percent of the cross-sectional variance
of stock returns. Thus, stock returns are mostly explained by demand shocks that are
unrelated to changes in observed characteristics (i.e., “excess volatility” according to Shiller
(1981)). These moments establish a new set of targets for a growing literature on asset
pricing models with institutional investors,! just as the variance decomposition of Campbell
(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
largest 25 institutions, which manage about a third of the stock market, explain only 6
percent of the cross-sectional variance of stock returns. Smaller institutions, which also
manage about a third of the stock market, explain 42 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 market, explain 48 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 smaller price impact.

Fourth, we use the characteristics-based model to predict cross-sectional variation in
stock returns. The model implies mean reversion in stock prices if there is mean reversion
in latent demand. Under the assumption that latent demand reverts to its unconditional
expectation in the long run, we estimate long-run expected return for each stock. To test the
ability of our variable to predict the cross section of stock returns, we run a Fama-MacBeth
(1973) regression of monthly excess returns onto lagged characteristics, controlling for all
characteristics in the Fama-French (2015) five-factor model as well as momentum. We find
that our measure of long-run expected return uncovers a new source of predictability from
mean reversion in latent demand. Expected monthly returns increase by 0.24 percent per
one standard deviation in long-run expected return with a highly significant ¢-statistic above
SIX.

The remainder of the paper is organized as follows. Section II derives the characteristics-

based model from optimal portfolio choice. Section III describes the stock market and

1See Vayanos (2004), Dasgupta, Prat, and Verardo (2011), Basak and Pavlova (2013), He and Krishna-
murthy (2013), and Vayanos and Woolley (2013).



institutional holdings data. Section IV explains our identifying assumptions and presents
estimates of the asset demand system. Section V presents the empirical findings on the role
of institutions in stock market movements, volatility, and predictability. Section VI discusses
several extensions and open issues for future research. Section VII concludes. Appendix A

contains proofs of all results in the main text.

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. We first review the derivation
of the mean-variance portfolio, where the optimal portfolio varies across investors because
of heterogeneous beliefs. We then show that the mean-variance portfolio simplifies to the
characteristics-based model under a common assumption in empirical asset pricing, which is
that returns have a factor structure and that expected returns and factor loadings depend
only on the assets’ own characteristics. Finally, we estimate the mean-variance portfolio
on stock market data to show the empirical relevance of the assumptions under which the

mean-variance portfolio simplifies to the characteristics-based model.

A. Financial Assets

There are N financial assets indexed by n = 1,..., N. Let Si(n) be the number of shares
outstanding of asset n at date t. Let P(n) and D;(n) be the price and dividend per share
for asset n at date . Then ME.(n) = Pi(n)S:(n) is market equity at date ¢, and Ry(n) =
(Pi(n) + Dy(n))/Pi—1(n) is the gross return from date t — 1 to t. Let lowercase letters
denote the logarithm of the corresponding uppercase variables. That is, s;(n) = log(S¢(n)),
pe(n) = log(Pi(n)), mei(n) = log(ME¢(n)), and r:(n) = log(Ri(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 denote a vector of ones as 1, a vector of zeros as 0, an identity matrix
as I, and a diagonal matrix as diag(-) (e.g., diag(1) =1I).

In addition to price and shares outstanding, the assets are differentiated along K char-
acteristics. 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 characteristic k of asset n at date t as z;(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 24 +(n). To simplify no-
tation, 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 outstanding, dividends, and other characteristics are exogenous. That is, only as-



set prices are endogenously determined in the model. Shares outstanding 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 [ investors, indexed by ¢ = 1,...,I. Each investor allocates
wealth A;; at date ¢ across assets in its investment universe ;; C {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 |N;;|. The outside asset represents all wealth outside
the N assets that are the subject of our study. In an ideal data set, the outside asset would
be comprehensive and include cash and bond positions if the subject of study is stocks.
However, such data are not yet publicly available in the United States, as we discuss in
Section III.

Let w;; be an |\ |-dimensional vector of portfolio weights that investor i chooses at
date t.2 The investor chooses the portfolio weights at each date to maximize expected log

utility over terminal wealth at date T":

max E; ;[log(A; 7)),

Wit

where E;; denotes investor i’s expectation at date ¢.> Heterogeneous beliefs imply heteroge-
neous portfolios across investors in equilibrium. The law of motion for the investor’s wealth

1S
Aipr = Aig(Reg1(0) + wi (R, — Rip1(0)1)),

where R;1(0) is the gross return on the outside asset. The investor also faces short-sale

constraints:

Wi,t Z 07 (1)
T'w;, < 1. (2)

Since the portfolio weight on the outside asset is w; +(0) = 1 — 1w, ;, constraint (2) rules out

2Qur notation presupposes that positions in redundant assets (with collinear payoffs) have been eliminated
through aggregation so that the covariance matrix of log excess returns is invertible.

3We assume log utility for expositional purposes because the multi-period portfolio-choice problem reduces
to a one-period problem in which hedging demand is absent (Samuelson 1969).



leverage through the outside asset.
Let A;; > 0 and A;; > 0 be the Lagrange multipliers on the short-sale constraints (1)
and (2) at date t. The Lagrangian for the portfolio-choice problem is

T-1

Liy =E;; [log(Air) + Z(A;SWZ',S +Xis(1—=1'w;5)) ]| - (3)

s=t

We denote the conditional mean and covariance of log excess returns, relative to the outside

asset, as

2
Ot

Hit :Ei,t[rt—l—l - 7“t+1(0)1] + 9

Yip =Eii[(rea1 — 7041(0)1 = Eiyrepr — 7041(0)1]) (regr — re41(0)1)],

where aﬁt is a vector of the diagonal elements of ¥,;. Without loss of generality, we order

and group the assets into those for which the short-sale constraint is not binding versus

binding as
1 1 1,1 1,2
Wi = Wl(%t) Liy = '“z(,t) Y, = E;t ) Zz(,t ) ' (@)
1, 0 ) M, Z(72t) ) i, Z31(721;1) Zz(?t,Q)

The following lemma, proved in 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:

;¢

A; -1 ,
( A,t:l) Rt+1] =1—-(I- 1Wz‘,t)(Ai,t — Aisl). (5)

)

An approximate solution to the portfolio-choice problem is
wiy ~ S0 () = a1)), (6)
where );; is given by equation (A6) in Appendix A.

Lemma 1 summarizes the known relation between Euler equations in asset pricing (5)
and optimal portfolio choice (6). The right side of equation (5) simplifies to 1 when the

investor is unconstrained (i.e., A;; = 0 and A;; = 0). Under this frictionless benchmark, we



impose rational expectations to obtain

A\
1,0
Et (A—;) Rt-i—l] — ]. (7)

)

The literature on consumption-based asset pricing tests this moment condition on both ag-
gregate and household consumption data. An important insight is that a test of equation (7)
does not require household holdings data under the maintained null that investors are un-
constrained and have rational expectations (Mankiw and Zeldes 1991; Brav, Constantinides,
and Geczy 2002; Vissing-Jorgensen 2002).

As we show in Appendix A, equation (6) is based on an approximation of expected log
utility around mean-variance utility. Therefore, we could justify equation (6) as an exact
solution if we started with mean-variance utility, following a long tradition in portfolio choice
(Markowitz 1952). Another common justification is that equation (6) is an exact solution in
the continuous-time limit (Campbell and Viceira 2002, pp. 28-29).

C.  Implementation of the Mean-Variance Portfolio

A benchmark implementation of the mean-variance portfolio would simply use the usual
statistical formulas for sample mean and covariance. However, this approach leads to noto-
riously poor estimates of the mean-variance portfolio because of sampling error over many
parameters (i.e., NV parameters for the mean and N (N +1)/2 parameters for the covariance
matrix). A more robust approach to estimating the mean-variance portfolio exploits the
factor structure in returns (MacKinlay and Pastor 2000) and the fact that expected returns
and factor loadings are well captured by a few characteristics (Brandt, Santa-Clara, and
Valkanov 2009).

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 struc-
ture in returns. A notable contribution to this literature is the three-factor model of Fama
and French (1993), in which the factors are the excess market returns, small minus big (SMB)
portfolio returns, and high minus low (HML) 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 the three-factor model with two additional factors, which are robust minus weak
(RMW) profitability portfolio returns and conservative minus aggressive (CMA) investment

portfolio returns. The five-factor model implies that profitability and investment are two



additional characteristics that are relevant for expected returns and factor loadings.

We design an exercise that illustrates the empirical relevance of this literature for the
estimation of the mean-variance portfolio (6). In each month from December 1979 to Novem-
ber 2014, we estimate the mean-variance portfolio on the universe of S&P 500 stocks and
the 1-month T-bill as the outside asset, subject to short-sale constraints. In the bench-
mark implementation, we estimate the sample mean and covariance of stock returns using a
60-month moving window. The first column of Table 1 reports that the benchmark imple-
mentation achieves monthly returns with a mean of 1.1 percent and a standard deviation of
4.5 percent. The certainty equivalent return under log utility (i.e., exp{E[log(A:+1/A:)]} —1)
is 1.0 percent per month.

Following our discussion above of the empirical asset pricing literature, we can better
estimate the mean-variance portfolio (i.e., achieve a higher certainty equivalent return) by
exploiting the factor structure in returns and the fact that expected returns and factor
loadings are well captured by a few characteristics. In an alternative implementation, we
first estimate expected returns and factor loadings through a pooled ordinary least squares
regression of monthly excess returns, over the 1-month T-bill rate, onto excess market returns

using a 60-month moving window. The regression equation is

rev1(n) = re41(0) = x¢(n)' @ + x¢(n)" W frar + ve41(n),

where f;, is the market factor that is standardized over the 60-month moving window. The
K-dimensional vector ® determines the relation between expected returns and characteris-
tics, and the K-dimensional vector U determines the relation between factor loadings and
characteristics. We standardize the characteristics in the cross section of stocks at each date
to address potential non-stationarity. The vector of expected returns and the covariance

matrix are

Et [rt+1 — Tt41 (0)1] :Xté,
¥ =x,VU'x; + diag(Var(vi41)).

Thus, the dimensionality of the mean-variance portfolio is reduced to only K parameters for
expected returns and K + N parameters for the covariance matrix.

Motivated by the Fama-French five-factor model, the characteristics that we use in the
alternative implementation are log market equity, log book equity, profitability, investment,
dividends to book equity, and market beta. We refer to Section III for a detailed description
of these variables. The second column of Table 1 reports that the alternative implementation

achieves monthly returns with a mean of 1.6 percent and a standard deviation of 6.3 percent.



The certainty equivalent return under log utility is 1.4 percent per month, which is higher
than the 1.0 percent for the benchmark implementation. Our exercise essentially replicates
the known result that exploiting the empirical relation between expected returns, factor
loadings, and characteristics leads to better estimates of the mean-variance portfolio (Brandt,
Santa-Clara, and Valkanov 2009; DeMiguel, Garlappi, and Uppal 2009).

D. Characteristics-Based Model

Under heterogeneous beliefs, different investors could form different expectations about re-
turns based on the same observed characteristics. Furthermore, investor ¢ could form expec-
tations about returns based on characteristics of asset n at date ¢ that are unobserved to
the econometrician, which we denote as log(e;+(n)). We stack the relevant information set

of investor ¢ for asset n at date ¢ as

mey(n)

Xi(n) = x¢(n) ,

log(€;.+(n))

which consists of log market equity, other observed characteristics, and unobserved char-
acteristics. We then form an Mth-order polynomial of these characteristics through a

Z%:1(K + 2)™-dimensional vector:

~

X;+(n)

yii(n) = |vec(X;(n)X;(n)")

Following our discussion above of the empirical asset pricing literature, we assume that
returns have a one-factor structure and that expected returns and factor loadings depend

only on the assets’ own characteristics.

AsSUMPTION 1. The covariance matrix of log excess returns is 3;; = [, + ;41
where I';; is a vector of factor loadings and ~;; > 0 is idiosyncratic variance. Expected

excess returns and factor loadings are polynomial functions of characteristics:

pit(n) =yi:(n)' @1 + ¢is,
Lii(n) =yie(n)' Wy + i,

where ®;, and W, , are vectors and ¢, and v;, are scalars that are constant across assets.

10



The key content of Assumption 1 is that an asset’s characteristics are sufficient for its
factor loadings, which also implies that they are sufficient for the variance of the optimal
portfolio. We could relax the one-factor assumption and generalize to a multi-factor case,
but the resulting expressions are less intuitive and less preferable for expositional purposes.
The following proposition, proved in Appendix A, shows that the mean-variance portfolio

simplifies to a polynomial function of characteristics under Assumption 1.

PROPOSITION 1. Under Assumption 1, the optimal portfolio weight (6) on each asset n

for which the short-sale constraint is not binding is

W; ¢\
w.ii0§ =¥it(n) ¢ + Tig, (8)
where
I L s, -v L (ud =) (9)
Ty (0) | Fg}t”rﬁfﬁ + Vi 7
S (P ! Y (v = )
Tt = it — Nit — Wi )
%,th‘,t(o) FE}BTE? + Vit

and w;+(0) and \;; are given by equations (A5) and (A6) in Appendix A.

In a portfolio-choice model, the investor ultimately cares about the tradeoff between
risk (i.e., the covariance matrix) and expected return. Under Assumption 1, however, the
investor indirectly cares about characteristics because they are sufficient for the covariance
matrix and expected returns. The vector II;; and scalar m;; are functions of characteristics
through three scalars (i.e., w;+(0), A;+, and the term after ¥, ;). However, the key content of
equation (8) is that II;; and m;; are constant across assets. Therefore, the only reason that
the portfolio weights vary across assets in equation (8) is that the vector of characteristics
yi+(n) varies across assets.

Equation (9) for the coefficients on characteristics has an intuitive interpretation. Because
the term after W, is a scalar, the investor’s demand for characteristics is simply a linear
combination of the vectors on expected returns ®;; 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).

Equation (8) is an Mth-order polynomial of characteristics. If we were to view it as an
estimation equation, we would need to impose some coefficient restrictions on 11, ; to reduce

the dimensionality of the estimation problem. In Appendix A, we show that a particular
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coefficient restriction implies that equation (8) is an Mth-order polynomial expansion of
the exponential function. As a matter of specification, a model of portfolio weights that
is exponential-linear in characteristics is parsimonious and pairs nicely with the fact that
portfolio weights appear log-normal in the 13F data. Thus, we have the following corollary

to Proposition 1.

COROLLARY 1. A restricted version of the mean-variance portfolio (8) under Assump-

tion 1 is the characteristics-based model:

w; (n)

w@t(O)

K-1

= 0,+(n) = exp {ﬁo,i,tmet(n) + Z BritTrt(n) + /BK,z‘,t} €it(n). (10)
k=1

Equation (10) and the budget constraint imply that investor ¢’s portfolio weight on asset

n € N;; at date ¢ is

_ 61‘7,5 (n)
1 + ZWEM,t 6i7t(m) '

(11)

w; (n)

The portfolio weight on the outside asset is

1
B 1 + Zme./\/’i,t 5i7t(m> '

w;+(0) (12)
Although there are |N; | + 1 assets including the outside asset, there are only |N;,| degrees
of freedom because of the budget constraint.

We refer to equation (10) as the characteristics-based model because the portfolio weights
depend on log market equity, other observed characteristics, and unobserved characteristics.
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., zx((n) = 1) so that S, is the intercept. We refer to
€i1(n) as latent demand, which captures investor i’s demand for unobserved (to 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 positive.

We normalize the mean of latent demand ¢;,(n) to one so that the intercept fx ;. in
equation (10) is identified. Then the intercept Sx;; and latent demand €;,(n) play different
roles in equation (10). On the one hand, Sk, determines demand for all assets in the
investment universe relative to the outside asset. In equation (12), the portfolio weight on

the outside asset is decreasing in Sk ;¢ On the other hand, cross-sectional variation in €;(n)

12



captures relative demand across assets in the investment universe.

The characteristics-based model can easily capture an index fund. Suppose that 3y ;; = 1,
Brit=0for k=1,...,K — 1, and €;4(n) = 1 for all assets n € N;;. Then equations (11)
and (12) simplify to

B ME;(n)
wi,t(n) _exp{_ﬁK,i,t} + Zmej\[u MEt(m)7 (13)
w@t(o) . eXp{_ﬁK,i,t}

_exp{_ﬁK,i,t} + ZmENi,t MEt(m> .

In this special case, the investor is an index fund whose portfolio weights are proportional to
market equity, and the intercept S, determines the portfolio weight on the outside asset.

Because the characteristics-based model is derived from the mean-variance portfolio, the
substitution effects implied by the model are consistent with optimal portfolio choice. To
illustrate this empirically, we return to the exercise in Table 1. We consider a special case
of equation (10) without latent demand by setting €;,(n) = 1 for all assets n € N;;. We
then estimate the coefficients on characteristics by ordinary least squares to best match the
portfolio weights under the factor-structure approach in the second column. Again, the
characteristics that we use are log market equity, log book equity, profitability, investment,
dividends to book equity, and market beta. The third column of Table 1 reports that
the characteristics-based model achieves the same mean, standard deviation, and certainty
equivalent return (up to rounding at 0.1 percent) as the factor-structure approach. The
correlation in monthly returns between the factor-structure approach and the characteristics-
based model is 0.95.

In summary, Table 1 teaches us two lessons about implementing the mean-variance port-
folio. First, the improvement in certainty equivalent return from the first to the second
column teaches us the importance of exploiting the factor structure in returns and the fact
that expected returns and factor loadings are well captured by a few characteristics. Second,
the negligible difference in certainty equivalent return between the second and third columns
teaches us that an exponential-linear function of characteristics closely captures the mean-
variance portfolio. These results together show that the characteristics-based model is an

implementation of the mean-variance portfolio with good empirical performance.

E. Demand FElasticities

In equation (10), the coefficients on characteristics are indexed by i and, therefore, vary
across investors. In particular, investors have heterogeneous demand elasticities. Let q;+ =

log(A; :w;+)—p: be the vector of log shares held by investor ¢, defined only over the subvector

13



of strictly positive portfolio weights. The elasticity of individual demand is

_ aQi,t
9] of

=1- BO,i,tdiag<Wi,t)_1Gi,ta (14)

where G;; = diag(w; ;) —w;;w; ;. Demand elasticity is decreasing in 3y ;;. Returning to our
example in equation (13), an index fund with fy;; = 1 has inelastic demand.

Let q; = log(Z:iI:1 A;1w; ;) — pt 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

_ Oqy
op;

I
=1I- Z Ai B0 H; Gy, (15)
i=1

where H, = 3°1_, A, ,diag(w, ). The diagonal elements of matrices (14) and (15) are strictly
positive when 3y, < 1 for all investors. Thus, the following assumption is sufficient for both

individual and aggregate demand to be downward sloping.

ASSUMPTION 2. The coefficient on log market equity satisfies 5, < 1 for all investors.

In most asset pricing models, demand is downward sloping for various reasons including
risk aversion, hedging motives (Merton 1973), and price impact (Wilson 1979; Kyle 1989).
As we show next, Assumption 2 is also sufficient for the existence and uniqueness of equilib-
rium. Therefore, we maintain Assumption 2 for convenience in our implementation of the

characteristics-based model.

F.  Market Clearing

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

ME;,(n) = Z A qwig(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 throughout the paper, we follow
the notational convention that w;;(n) = 0 for any asset that is not in investor i’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 asset pricing
model (CAPM) (Sharpe 1964; Lintner 1965). In contrast, the characteristics-based model

14



accommodates rich heterogeneity in asset demand across investors and matches institutional
holdings.

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

p = f(p) =log <Z Aiwi(p)> — 8. (17)

In this equation and the remainder of this section, we drop time subscripts to simplify
notation. Assumption 2 is sufficient for the existence and uniqueness of equilibrium. That
is, the equilibrium price vector is well defined, regardless of the distribution of parameters

and characteristics.

PROPOSITION 2. Under Assumption 2, f(p) has a unique fixed point in RY.

The proof of Proposition 2 in Appendix A proceeds by showing that the function p— f(p)
is globally invertible under Assumption 2. We emphasize that Assumption 2 is a sufficient
condition and that a unique equilibrium could exist even when f,; > 1 for some investors.
Although Proposition 2 guarantees a unique equilibrium, we still need an algorithm for
computing the equilibrium price vector in applications. Appendix B describes an efficient
algorithm for computing the equilibrium in any counterfactual experiment, which we have
developed for the empirical applications in Section V.

Of course, the use of the characteristics-based model for policy experiments is valid only
under the null that it is a structural model that is policy invariant. The Lucas (1976) critique
applies under the alternative that the coefficients on characteristics ultimately capture beliefs
or constraints that change with policy. Furthermore, we cannot answer welfare questions
without taking an explicit stance on preferences, beliefs, and constraints. However, this may
not matter for most asset pricing applications in which price (rather than welfare) is the
primary object of interest. The remainder of the paper proceeds under the assumption that
the characteristics-based model is a structural model of asset demand, which is motivated

by Corollary 1.

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 NYSE, AMEX,

and Nasdaq (i.e., exchange codes 1, 2, and 3). We further restrict our sample to stocks with
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non-missing price and shares outstanding. Accounting data are from the Compustat North
America Fundamentals Annual Database. We merge the CRSP data with the most recent
Compustat data as of at least 6 months and no more than 24 months prior to the trading
date. The lag of at least 6 months ensures that the accounting data were public on the
trading date.

In addition to log market equity, the characteristics in our specification include log book
equity, profitability, investment, dividends to book equity, and market beta. Our choice of
book equity, profitability, and investment 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 fundamentals and systematic risk,
respectively. Our specification is based on a parsimonious and relevant set of characteristics
for explaining expected returns 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 characteristics other than price are exogenous to
latent demand, as we discuss in Section IV. In addition, Hou, Xue, and Zhang (2015)
find that characteristics 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 operating 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
market beta from a regression of monthly excess returns, over the 1-month T-bill rate, onto
excess market returns using a 60-month moving window (with at least 24 months of non-
missing returns). At each date, we winsorize profitability, investment, and market beta at
the 2.5th and 97.5th percentiles to reduce the impact of large 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 non-
missing characteristics and returns. In our terminology, these are the stocks that make up
the investment universe. The outside asset includes the complement set of stocks, which are
either foreign (i.e., share code 12), real estate investment trusts (i.e., share code 18), or have

missing characteristics or returns.

4Operating profits are annual revenues minus the sum of cost of goods sold; selling, general, and admin-
istrative expenses; and interest and related expenses.
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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 discretion on accounts holding Section 13(f) securities, exceeding $100 million 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, investment advisors,
mutual funds, pension funds, and other 13F institutions. An investment advisor is a regis-
tered 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 endowments, foundations, and
nonfinancial corporations. Appendix C contains 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 seven quarters. Thus, the investment universe
includes a zero holding whenever a stock that was held in the previous seven quarters is
no longer in the portfolio. To motivate our choice of seven quarters, Table 2 reports the
percentage of stocks held in the current quarter that were ever held in the previous one to
seven quarters. For the median institution in assets under management, 96 percent of stocks
that are currently held were held in the previous quarter. This percentage increases to 97
percent at four quarters and remains stable at longer horizons, so that going beyond four
quarters does not substantively change our measure 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

5In a small number of cases, the sum of shares reported by 13F institutions exceeds shares outstanding,
which may be due to shorting or reporting errors (Lewellen 2011). In these cases, we scale down the reported
holdings of all 13F institutions to ensure that the sum equals shares outstanding.
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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 management, no stocks in the investment universe,
or no outside assets.

Table 3 summarizes the 13F institutions in our sample from 1980 to 2014. In the be-
ginning of the sample, there were 544 institutions that managed 35 percent of the stock
market. This number grows steadily to 2,832 institutions that managed 63 percent of the
stock market by the end of the sample. From 2010 to 2014, the median institution man-
aged $325 million, while larger institutions at the 90th percentile managed $5,483 million.
Most institutions hold concentrated portfolios. From 2010 to 2014, the median institution
held 67 stocks, while the more diversified institutions at the 90th percentile held 444 stocks.
Table C1 in Appendix C contains a more detailed breakdown of Table 3 by institution type.

IV. Estimating the Asset Demand System

Equation (10) can be interpreted as a nonlinear regression model that relates the cross section
of portfolio weights to characteristics. A lower coefficient on log market equity means that
demand is more elastic. For example, 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 characteristics in equation (10) for
each investor at each date. We drop time subscripts throughout this section to simplify
notation and to emphasize that estimation is on the cross section of assets. We impose
the coefficient restriction By, < 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 literature 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 assump-

tion that shares outstanding and characteristics other than price are exogenous, determined
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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
latent demand. Because these assumptions are unlikely to hold for institutional investors or

households, we develop an alternative identification strategy based on weaker assumptions.

2. Investment Mandates and the Wealth Distribution

Let 1;(n) be an indicator function that is equal to one if asset n is in investor ¢’s investment

universe (i.e., n € N;). We can trivially rewrite equation (10) for any asset as

w;(n) 1;(n) exp {ﬁo,z'me(”) + ZkK:_ll Briwe(n) + BK,Z} ei(n) ifneN
wil0) | Li(n) =0 itng¢ N,

This notation emphasizes that there are two possible reasons that an investor does not hold
an asset. The first reason is that the investor is not allowed to hold the asset because it
is not in its investment universe (i.e., 1;(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., ¢;(n) = 0). For example, an index fund may choose not
to hold an asset in the index that is perceived to be overvalued. Thus, 1;(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 mandate, which is a
predetermined rule on the set of investable assets. For example, the investment mandate of
a technology fund limits the investment universe to technology stocks. The key economic
property of an investment mandate is that it is a predetermined rule that is plausibly ex-
ogenous to current demand shocks. Appendix D contains some examples of mutual funds
for which the prospectus clearly states the investment mandate. 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; 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. Hortagsu and Syverson (2004) find significant variation in assets under
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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
that the investment universe is perfectly measured. In the following section, we will come
back to the issue of measuring the investment universe in practice.

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

18

me;(n) = log (Z A; L;(n) ) . (19)

N
j#i 1+, 1(m)

This instrument depends only on the investment universe of other investors and the wealth
distribution, which are exogenous under our identifying assumptions. The instrument can
be interpreted as the counterfactual 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 technology stocks, health
care funds hold an equal-weighted portfolio of health care stocks, and so on.

The instrument exploits the variation in the investment universe across investors 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 exogenous
component of demand coming from S&P 500 index funds (Harris and Gurel 1986; Shleifer
1986). With downward-sloping demand, a larger exogenous component of demand generates
higher prices that are unrelated 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
E[e;(n)[mei(n), x(n)] = 1. (20)

This moment condition does not impose any assumptions on the correlation 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. However, a conditional mean of one in moment condition (20)

is a normalization that is fully consistent with the presence of zero holdings.%

6In particular, the probability that latent demand is zero depends on characteristics, which is consistent
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B. Implementation Issues
1. Measuring the Investment Universe

With the exception of some mutual funds for which the investment mandate is clearly stated
(see Appendix D), most institutions do not publicly disclose investment mandates. We must
therefore measure the investment universe based on 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 seven quarters.

The ideal scenario for arguing the exogeneity of the measured investment universe is if
it did not change over time. A time-invariant investment universe lends credibility to our
identifying assumption that it is predetermined and exogenous to current demand shocks.
Table 2 shows that the investment universe is not that far from the ideal scenario, especially
for larger institutions. For a larger institution at the 90th percentile in assets under man-
agement, 99 out of every 100 stocks that they currently hold were part of the investment
universe in the previous quarter as well. Thus, the potential threat to identification is iso-
lated to the one stock that newly entered the investment universe. The fact that the set of
stocks held hardly changes over time is consistent with the presence of investment mandates.

We refine the instrument (19) to be more robust to the potential threat to identifica-
tion. Insofar as the investment universe is mis-measured, it is likely to be so for groups
of institutions that have common relative performance evaluation or capital regulation (in
the case of banks and insurance companies). Therefore, we group institutions by type (i.e.,
banks, insurance companies, investment advisors, mutual funds, pension funds, and other
13F institutions) and quantiles of assets under management conditional on type. We then
construct the instrument for investor ¢ by aggregating only over investors that are outside
investor i’s group.

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 broader set of stocks than those that are held
in the recent past. Thus, 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 recent past. Any

correlation between this mis-measurement and latent demand through correlated demand

with the portfolio-choice model in Section II. To see this, we can rewrite moment condition (18) as

Elei(n)|me;(n), x(n)] = Pr(ei(n) = 0[me;(n), x(n)) Ele;(n)|me; (n), x(n), ;(n) = 0]
0
+ Pr(e;(n) > 0jme;(n), x(n))Ele; (n)|me; (n), x(n), e;(n) > 0] = 1.
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shocks across investors could threaten identification. Future research could improve upon
our framework through new data or methodology that leads to better measurement of the

investment universe.

2. Pooled Estimation

Table 3 shows that many institutions have concentrated portfolios, so the cross section of
an institution’s holdings may not be large enough to accurately estimate the coefficients in
equation (10). We estimate the coefficients by institution whenever there are more than
1,000 strictly positive holdings in the cross section. For institutions with fewer than 1,000
holdings, we pool them with similar institutions in order to estimate their coefficients. As we
described above, we group institutions by type and quantiles of assets under management
conditional on type. While the cutoff of 1,000 is arbitrary, a lower cutoff of 500 causes
convergence problems for our estimator 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 variation in the in-
vestment universe across investors. Put differently, the instrument would have no variation
if the investment universe were identical across investors. Fortunately, from an identification
perspective, Table 3 shows that the investment universe is typically a small set of stocks.
From 2010 to 2014, the median institution had only 105 stocks in the investment universe,
and even institutions at the 90th percentile had only 683 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 characteristics. We estimate the first-stage
regression for each institution at each date. Figure 1 reports the minimum first-stage t¢-
statistic across institutions at each date. That is, all institutions have a first-stage t-statistic
that is above the lower bound in the figure. For all institutions throughout the sample
period, the first-stage t-statistic is well above the critical value of 4.05 for rejecting the null
of weak instruments (Stock and Yogo 2005, Table 5.2).

C. Estimation on a Hypothetical Index Fund

We test the validity of our estimator for the characteristics-based model (10) on a hypo-
thetical index fund. We start with the portfolio weights of the Vanguard Group (manager
number 90457), which has a fully diversified portfolio, and replace them with exact mar-

ket weights. That is, we construct an index fund that is the same size and has the same
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investment universe as the Vanguard Group, whose portfolio weights are given by

=exp{me(n) + B}

=exp{(me(n) — be(n)) + be(n) + Bk}, (21)

where be(n) is log book equity. We then estimate the characteristics-based model (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. Equivalently, we should recover a coefficient of one on both log market-to-
book equity and log book equity based on 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 due to estimation error.

D. Estimated Demand System

Figure 3 summarizes the coefficients for the characteristics-based model (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 inter-
pretation, Figure 3 is on the same scale as Figure 2 and reports the coefficients on log
market-to-book equity £y, and log book equity 5y ; + (1, instead of Sy, and 5.

A lower coefficient on log market-to-book equity implies a higher demand elasticity (14).
Thus, Figure 3 shows that mutual funds have less elastic demand than other types of institu-
tions or households for most of the sample period. Banks, insurance companies, and pension
funds have become less elastic from 1980 to 2014, while investment advisors and households
have become more elastic during the same period. In 2014, banks, insurance companies,
mutual 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 benchmarking 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 toward larger stocks
than other types of institutions. In contrast, investment advisors tilt their portfolio toward
smaller stocks. Table C1 of Appendix C 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 institutions is positively related to the average

size of stocks in their portfolio (Blume and Keim 2012).
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On average, institutions tilt their portfolio toward stocks with 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 known to generate positive
abnormal returns relative to the CAPM. 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 demand for market risk is pro-
cyclical. For example, the coefficient on market beta for investment advisors is low in 1982:3,
2001:3, and 2009:1. Finally, households tilt their portfolio toward higher dividend stocks
than institutions. Among institutions, banks tilt their portfolio toward higher dividend
stocks than other types of institutions.

Given the estimated coefficients, we recover estimates of latent demand by equation (10).
Figure 4 reports the cross-sectional standard deviation of log latent demand by institution
type, weighted by assets under management. A higher standard 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 deviation of latent demand
for households peaked in 2008:2.

In Appendix E, we show that our benchmark estimates differ from those estimated by
alternative estimators. We show the importance of the instrument by considering a restricted
least squares estimator that is biased if latent demand and asset prices are jointly endoge-
nous. 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 potentially biased.

V. Asset Pricing Applications

Let A; be an I-dimensional vector of investors’ wealth, whose ith element is A;,. Let ; be
a (K + 1) x I matrix of coeflicients on characteristics, whose (k,7)th element is Sy ;+. Let
¢ be an N x [ matrix of latent demand, whose (n,)th element is €;+(n). Market clearing

(17) defines an implicit function for log price:

Pt = g(staxtaAtaﬁta €t>' (22)

That is, asset prices are fully determined by shares outstanding, characteristics, the wealth
distribution, the coefficients on characteristics, and latent demand.

We use equation (22) in four asset pricing applications. First, we use the model to
estimate the price impact of demand shocks for all institutions and stocks. Second, we

use the model to decompose the cross-sectional variance of stock returns into supply- and
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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 literature documents the price impact of demand
shocks that arise from index additions and deletions (see Wurgler and Zhuravskaya 2002,
for a review). 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 i as

-1

(9pt ! _18W't _ aWit
R ) NN < P S0 BTN & AL
0log(€; ) ( jz1 P o, T 9log ey )

I —1
= (I - Aj,tﬁo,j,th_lGj,t> A H Gy (23)

J=1

The (n, m)th element of this matrix is the elasticity of asset price n with respect to investor i’s
latent demand for asset m.” The coliquidity matrix measures the price impact of idiosyncratic
shocks to an investor’s latent demand. The matrix inside the inverse in equation (23) is the
aggregate demand elasticity (15), which implies larger price impact for assets that are held by
less elastic investors. The nth diagonal element of the matrix outside the inverse in equation
(23) is A; qw;(n)(1 —wiyt(n))/(zjzzl A;yw;j(n)). This expression implies larger price impact
for investors whose holdings 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. Figure 5 summarizes the cross-sectional
distribution of price impact across stocks for the average bank, insurance company, invest-
ment advisor, mutual fund, and pension fund. Average price impact has decreased from
1980 to 2014, 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

"Kondor and Vayanos (2014) propose a liquidity measure that is a monotonic transformation of our
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over this period. For example, the price impact for the average investment advisor with a 10
percent demand shock on the least liquid stocks (at the 90th percentile) has decreased from
0.87 percent in 1980:2 to 0.25 percent in 2014:2.

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

as

I -1
Z alozp;t <I — ; Az’,tﬁo,i,th_lGi,t> ; Ai,th_lGi,t- (24)
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 average of 1 — w;(n) across investors. This implies
larger price impact for assets that are smaller shares of investors’ wealth, which are effectively
assets with lower market cap.

We estimate the aggregate price impact for each stock through the diagonal elements of
matrix (24). Figure 6 summarizes the cross-sectional distribution of aggregate price impact
across stocks and how that distribution has changed over time. Aggregate price impact
has decreased from 1980 to 2014. For the median stock, the price impact of a 10 percent
aggregate demand shock has decreased from 33 percent in 1980:2 to 26 percent in 2014:2.
Aggregate price impact is strongly countercyclical, peaking in 1991:4, 2000:1, and 2009:1.

B.  Variance Decomposition of Stock Returns

Following Fama and MacBeth (1973), a large literature asks to what extent characteristics
explain the cross-sectional variance of stock returns. A more recent literature asks whether
institutional demand explains the significant variation in stock returns that remains un-
explained by characteristics (Nofsinger and Sias 1999; Gompers and Metrick 2001). We
introduce a variance decomposition of stock returns that offers a precise answer to this
question.

We start with the definition of log returns:

i1 = P+l — Pt + Vi,

where v = log(1 + exp{diy1 — pry1}). We then decompose the capital gain as

Pir1 — Pt = APy1(8) + Apyy1(x) + Api1(A) + Apia(8) + Apeyi(e),
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where

Apii1(8) =g(st41, X, Ag, Bry €0) — g(st, X, Ay, By, €1),
Api11(X) =g(Se11, Xe41, At By €1) — 9(Se41,Xe, Ay, By, €1),
Ap:1(A) =g(St41, Xeq1, Avgr, B, €) — 9(St15 X1, A, Br ),
Api+1(8) =g(St41, Xes 1, Avir, Ber1, €) — 9(Sev1, Xer1, Avs, B, €1),
Apii1(€) =g(Se15 Xeq15 Avy1, Berns €61) — 9(Se41, Xew1, Avp, Begrs €)-

We compute each of these counterfactual price vectors through the algorithm in Appendix B.

We then decompose the cross-sectional variance of log returns as

Var(rt+1) :COV(Apt+1 (S), rt+1) + COV(Apt+1 (X), I‘t+1) + COV(Vt+1, rt+1)
+ Cov(Apit1(A),ri41) + Cov(Api1 (B), resr) + Cov(Apeia(€),1iq1).  (25)

Equation (25) says that variation in asset returns must be explained 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
coefficients on characteristics, and latent demand.

Table 4 presents the variance decomposition of annual stock returns, pooled over 1981 to
2014. Because characteristics are updated in June for many stocks whose fiscal years end in
December (see Section III), we use annual stock returns at the end of June to give charac-
teristics the best chance of explaining stock returns. On the supply side, shares outstanding
explain 1.4 percent, and characteristics explain 6.1 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.

On the demand side, assets under management explain 28.6 percent, and the coefficients
on characteristics explain 4.7 percent of the cross-sectional variance of stock returns. Latent
demand is clearly the most important, explaining 58.8 percent of the cross-sectional variance
of stock returns. 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 growing literature on
asset pricing models with institutional investors (see footnote 1). A common feature of these

models is that asset prices move with the wealth distribution across heterogeneous investors
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(Basak and Pavlova 2013). Characteristics such as dividends also matter for institutions
that care about their performance relative to a benchmark. Finally, latent demand matters
insofar as institutions have heterogeneous beliefs or constraints, endowment shocks, or private
signals. In future work, models with institutional investors could be tested quantitatively

based on our variance decomposition.

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 underlying intuition is that even small shocks could translate to large
price movements 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 the characteristics-based model to better understand the
relative contributions of institutional investors and households in explaining the stock market
volatility in 2008.

We modify the variance decomposition (25) as
Var(rtﬂ) :COV(Athrl(S) + Athrl (X) + Viti, rtJr]_)

I
+ Z Cov(Api+1(Ai) + Api1(Bi) + APryi(€i), i)

=1

The first term is the total supply-side effect due to changes in shares outstanding, changes
in characteristics, and the dividend yield. The second 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 largest 25 institutions by their assets under management at the end of
2007, then smaller institutions, then households.

Table 5 presents the variance decomposition of stock returns in 2008. The supply-side
effects explain only 5.0 percent of the cross-sectional variance of stock returns, which means
that the demand-side effects explain the remainder of the variance. Barclays Bank (now part
of Blackrock) is the largest institution in 2007:4, managing $699 billion. Its assets fell by
41 percent from 2007:4 to 2008:4. During this period, its contribution to the cross-sectional
variance of stock returns was 0.5 percent. Summing across the largest 25 institutions, their
overall contribution to the cross-sectional variance of stock returns was 5.5 percent. Smaller
institutions explain 41.9 percent, and households explain 47.6 percent of the cross-sectional

variance of stock returns. The three groups of investors each managed about a third of the
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stock market, and their assets fell by nearly identical shares in 2008. However, the relative
contribution of the largest 25 institutions to stock market volatility was much smaller than
that of smaller institutions and households.

This finding is driven by two important aspects of large institutions. First, large insti-
tutions are diversified buy-and-hold investors. Figure 4 shows that the standard deviation
of latent demand increased for households in 2008, but not for large institutions. Larger
deviations in latent demand across stocks lead to larger deviations in prices away from fun-
damentals. Second, large institutions hold more liquid stocks with higher aggregate demand

elasticity, for which demand shocks have less price impact.

D. Predictability of Stock Returns

To a first-order approximation, the conditional expectation of long-run capital gain is

Eipr — pi] = g(Ei[sr], Ei[x7], Ei[Ar], Ei[Br], Eeler]) — s

This equation says that asset returns are predictable if any of its determinants are pre-
dictable.

Based on the importance of latent demand in Table 4, 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 returns are random walks. That is, we assume that

Et[PT - Pt] = Q(Sta xX¢, Ay, B, 1) — Pss

where we compute the counterfactual price vector through the algorithm in Appendix B.
Thus, we have an estimate of long-run expected return for each stock based on mean reversion
in latent demand.

To test whether our measure of 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 characteristics (e.g., Fama and French 2008). That is, we estimate
a cross-sectional regression of excess returns onto lagged characteristics, then average the
estimated coefficients in the time series over our sample period from June 1980 to December
2014. To control for known sources of predictability, we control for all characteristics in the
Fama-French five-factor model (i.e., log market equity, book-to-market equity, profitability,
investment, and market beta) as well as momentum (i.e., 11-month return skipping the most

recent month). We use data that were public in month ¢ to predict stock returns in month
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t+1. For example, our estimate of long-run expected return in June uses the accounting data
for December and 13F filing for March to leave an adequate window for reporting delays.
Table 6 shows that expected monthly returns increase by 0.24 percent per one standard
deviation in long-run expected return with a highly significant t-statistic above six. Our
measure of long-run expected return uncovers a new 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 verify the robustness of our results, we rerun the Fama-
MacBeth regression excluding microcaps, defined as stocks whose market equity is below the
20th percentile for NYSE stocks (Fama and French 2008). We continue to find predictability
with a statistically significant coefficient of 0.14 percent. The smaller coefficient, however,
implies that the high returns due to mean reversion in latent demand are more prominent

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 the characteristics-based model, just as asset pricing
in endowment economies has been extended to production economies.® Once we endogenize
corporate policies 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 investment at the business-cycle frequency
and growth at lower frequencies?

We have also assumed that the wealth distribution is exogenous, or more primitively, that
net capital flows between institutions are exogenous. By modeling how households allocate
wealth across institutions (e.g., Hortagsu and Syverson 2004; Shin 2014), we could have a
more realistic demand system to better understand the relative importance of substitution

across institutions versus substitution across assets within an institution.

8Recent work on incorporating institutional investors in production economies include Gertler and Karadi
(2011), Adrian and Boyarchenko (2013), Brunnermeier and Sannikov (2014), and Coimbra and Rey (2015).
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B.  Other Holdings Data

The 13F data do not contain short positions, so we do not know short interest at the
institution level. However, data on aggregate short interest for each stock are available.
Therefore, we could construct an aggregate short interest 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.

Based on the 13F data, we can only compute aggregate household holdings as the residual
of institutional holdings. In countries such as Sweden with complete household holdings
data (Calvet, Campbell, and Sodini 2007), it would be possible to estimate asset demand
for households at a more disaggregated level. We can then see whether households have
correlated demand shocks especially in bad times, which would explain why the standard
deviation of latent demand increased signficanlty for households during the financial crisis
(see Figure 4).

In principle, our estimates of the asset demand system would improve if we could incorpo-
rate other asset classes like cash and fixed income. Unfortunately, U.S. data on institutional
bond holdings are incomplete because only insurance companies and mutual funds are re-
quired to file their holdings. In addition, there is no easy way to merge the 13F data with
the bond holdings data (e.g., Thomson Reuters eMAXX). Securities Holding Statistics of the
European Central Bank contain the complete institutional holdings across all asset classes
in the euro area (Koijen et al. 2017). These data could be used to estimate an asset demand

system for both equities and fixed income in the euro area.

VII. Conclusion

Traditional asset pricing models make assumptions that are not suitable for institutional
investors. First, strong assumptions about preferences, beliefs, and constraints imply asset
demand with little heterogeneity across investors. Second, these models assume that in-
vestors are atomistic and have no price impact. A more recent literature allows for some
heterogeneity in asset demand by modeling institutional investors explicitly (see footnote 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
rich heterogeneity in asset demand that matches institutional holdings. We also propose an
instrumental variable estimator for the asset demand system to address the endogeneity of
institutional demand and asset prices.

The characteristics-based model could answer a broad set of questions related to the role
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of institutions in asset markets, which are difficult to answer 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
insurance companies affect asset prices and real investment? How does the secular shift
from defined-benefit to defined-contribution plans affect asset prices, as capital moves from
pension funds to mutual funds and insurance companies? Which institutions drive asset
pricing anomalies? We hope that our framework is useful for answering these types of

questions.
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TABLE 1
THREE IMPLEMENTATIONS OF THE MEAN-VARIANCE PORTFOLIO

Factor

Statistic Benchmark structure Characteristics
Mean (%) 1.1 1.6 1.6
Standard deviation (%) 4.5 6.3 6.3
Certainty equivalent (%) 1.0 14 14
Correlation:

Factor structure 0.9

Characteristics 0.52 0.95

The benchmark implementation of the mean-variance portfolio uses the sample mean and covariance ma-
trix. The second implementation imposes a one-factor structure on returns, where expected returns and
factor loadings are linear in characteristics (i.e., log market equity, log book equity, profitability, investment,
dividends to book equity, and market beta). The third implementation approximates the portfolio weights
from the second implementation as an exponential-linear function of characteristics. The sample period is
monthly from January 1980 to December 2014.

TABLE 2
PERSISTENCE OF THE SET OF STOCKS HELD

AUM Previous quarters

percentile 1 2 3 4 5 6 7
0 95 95 95 95 96 96 96
10 95 95 95 96 96 96 96
20 95 95 95 96 96 96 96
30 95 95 96 96 96 96 96
40 95 96 96 96 96 96 97
50 96 96 96 97 97 97 97
60 96 96 97 97 97 97 97
70 97 97 97 97 98 98 98
80 97 97 98 98 98 98 98
90 98 98 98 99 99 99 99

This table reports the percentage of stocks held in the current quarter that were ever held in the previous
one to seven quarters. Each cell is a pooled median across time and all institutions in the given assets under
management (AUM) percentile. The sample period is quarterly from 1980:1 to 2014:4.
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TABLE 4
VARIANCE DECOMPOSITION OF STOCK RETURNS

% of
variance
Supply:

Shares outstanding 1.4
(0.2)
Stock characteristics 6.1
(0.3)
Dividend yield 0.4
(0.0)

Demand:
Assets under management 28.6
(0.3)
Coefficients on characteristics 4.7
(0.2)
Latent demand 58.8
(0.4)
Observations 125,320

The cross-sectional variance of annual stock returns is decomposed into supply- and demand-side effects.
Heteroskedasticity-robust standard errors are reported in parentheses. The sample period is annual from
1981 to 2014.
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TABLE 5
VARIANCE DECOMPOSITION OF STOCK RETURNS IN 2008

AUM AUM Change in % of
ranking Institution ($ billion) AUM (%)  variance
Supply: Shares outstanding, stock
characteristics & dividend yield 5.0 (0.9)
1 Barclays Bank 699 -41 0.5 (0.1)
2 Fidelity Management & Research Co. 577 -63 1.4 (0.2)
3 State Street Corp. 547 -37 0.4 (0.1)
4 Vanguard Group 486 -41 0.5 (0.0)
5 AXA Financial 309 =70 04 (0.1)
6 Capital World Investors 309 -44 0.5 (0.2)
7 Wellington Management Co. 272 -51 0.4 (0.1)
8 Capital Research Global Investors 270 -53 0.1 (0.1)
9 T. Rowe Price Associates 233 -44  -0.2 (0.1)
10 Goldman Sachs & Co. 182 -59 0.1 (0.1)
11 Northern Trust Corp. 180 -46 0.1 (0.0)
12 Bank of America Corp. 159 -50 0.0 (0.1)
13 JPMorgan Chase & Co. 153 -51 0.1 (0.1)
14 Deutsche Bank Aktiengesellschaft 136 -86 0.3 (0.1)
15 Franklin Resources 135 -60 0.3 (0.1)
16 College Retirement Equities 135 -55 0.0 (0.0)
17 Janus Capital Management 134 -53 0.3 (0.1)
18 Morgan Stanley Dean Witter & Co. 133 45 0.2 (0.1)
19 Amvescap London 110 -42 0.1 (0.1)
20 Dodge & Cox 93 -65  -0.1 (0.0)
21 UBS Global Asset Management 90 -63 0.0 (0.1)
22 Davis Selected Advisers 87 -54 0.1 (0.1)
23 Neuberger Berman 86 -73 -0.1 (0.1)
24 Blackrock Investment Management 86 -69 0.1 (0.0)
25 OppenheimerFunds 83 -64 0.2 (0.1)
Subtotal: Largest 25 institutions 5,684 -A7 5.5
Smaller institutions 6,493 -3 419 (2.6)
Households 6,321 -47 476 (3.0)
Total 18,499 -49 100.0

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 characteristics, and latent demand. The largest 25 institutions are
ranked by AUM in 2007:4. Heteroskedasticity-robust standard errors are reported in parentheses.
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TABLE 6
RELATION BETWEEN STOCK RETURNS AND CHARACTERISTICS

All  Excluding

Characteristic stocks microcaps
Expected return 0.24 0.14
(0.04) (0.04)
Log market equity -0.25 -0.17
(0.08) (0.08)
Book-to-market equity 0.01 0.07
(0.04) (0.06)
Profitability 0.31 0.27
(0.05) (0.06)
Investment -0.36 -0.20
(0.03) (0.03)
Market beta 0.11 0.02
(0.09) (0.10)
Momentum 0.26 0.36
(0.09) (0.10)

Monthly excess returns, over the 1-month T-bill rate, are regressed 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 sample period is monthly from June 1980
to December 2014.
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Figure 1. First-stage t-statistic on the instrument for log market equity. This figure reports
the minimum first-stage t-statistic across institutions at each date. The critical value for
rejecting the null of weak instruments is 4.05 (Stock and Yogo 2005, Table 5.2). The sample
period is quarterly from 1980:1 to 2014:4.
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Figure 2. Coefficients on characteristics for an index fund. The characteristics-based model
(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 2014:4.
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Figure 3. Coefficients on characteristics. The characteristics-based model (10) is estimated
for each institution at each date by GMM under moment condition (20). This figure reports
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 2014:4.
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Figure 4. Standard deviation of latent demand. The characteristics-based model (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 2014:4.
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Figure 5. Price impact across stocks and institutions. Price impact for each stock

and pension fund. The quarterly sample period is from 1980:1 to 2014:4.
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and
institution is estimated through the diagonal elements of matrix (23), 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,
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Figure 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 2014:4.
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Appendix A. Proofs

Proof of Lemma 1. We write expected log utility over wealth at date 1" as

T-1
Aierl
E,[log(A: )] =log(A; Eiy log | ——
Z,t[og( Z,T)] Og( Z,t)+z ot |:Og< Ai,s >:|

s=t
T-1

—log(Ais) + > Eillog(Rei1(0) + W} (Rap1 — R (0)1))]. (A1)

Then the first-order condition for the Lagrangian (3) is

OL;,

it + Ai,t - )‘iﬂfl =0. (AQ)

A; -1
T ( Ajj) (Rys1 — Rona(0)1)

Multiplying this equation by 1w;, and rearranging, we have

;¢

Ay

A\
( z,t+1) Rt+1(0)1] =1+ 1w, (A — Aig). (A3)

Equation (5) follows by adding equations (A2) and (A3).

We approximate equation (Al) as

T-1

Ei,t[log(Ai,T)] ~ log(ALt) + ZEi’t [Ts+1(0) + W;s,u/i,s —

/
WLSZSWZ‘,S
)
s=t

2

which follows from Campbell and Viceira (2002, equation 2.23):

2 !
Ot Wz‘,tzi,twi,t
2 2

A;
log ( Attl) ~ 111(0) + Wi, (Ft+1 —7r1(0)1 +

Then the first-order condition for the Lagrangian (3) is

L,

aWii

= fit — 2 Wip + Ny — X1 = 0.
Solving for the optimal portfolio, we have
W’i,t = E'Ztl (Mi,t + Ai,t — Ai,tl)‘ (A4)

Partition the short-sale constraints into those that are not binding versus binding as
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A, = [0/ AZ(.?/]. We also partition the covariance matrix (4) and write its inverse as

-1 __
Zit -

)

N T
0 AR Ml V10 L) ’

where
-1
Q) = (ngt’“ bl 125?1)) ,

1
off = (=57 - =GVs )
Then equation (A4) becomes

)

wh] [ ol (u” _A”1> _2(17&,1)*121(’17&,2)91(’2)&)< © 4 AD 1
—sEEE00l) () = ar) + o (68 + A0 - x1)

Multiplying the second block by Zg}t’l)_lEE}t’m and adding the two blocks, we have

Wi = (1 SIS S o) () - )

:zg#l)i (ﬂz(}t) — )\i7t1> .
The portfolio weight on the outside asset is

w;(0) =1 — 1'w
—1— Uy (Mg}g - /\itl) . (A5)

)

When constraint (2) binds, we have
1/W'L(,lif) = 1,Z§}t71)_1 </‘L'E,1t) - )"i,t]-) =1.
Solving for A;;, we have

\ max {1’2&’1)71@}2 -1, O} (A6)
it = L1)—1 :
e

Proof of Proposition 1. Under Assumption 1, let u(l) yg’lt)/q)i’t + ¢;:1 be the vector

of expected excess returns on assets for which the short-sale constraints are not binding.
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Similarly, let Fg}t) = yz(lt)/\lli,t + ;1 be the vector of factor loadings on those assets. The

vector of optimal portfolio weights is

(1)

L 7 +Z-I> <<—Az~1>
wi(0) wi,t(0)< it et TN Hi i

M)y
IS S R Y VA T (1)~ nian)
Yizwi(0) Filt) Fz(t + Vit Z 7

| o (1~ 1)
(1) (1) 1, 7 )
= Vit @it + ¢ipl — z1—<yz i,ﬂbi,l)
Yarwig (0) \ 70T t A PO VI

:yz(‘}if)l_-[i,t + il
where the second line follows from the Woodbury matrix identity. QED

Proof of Corollary 1. Let 3;7,5 = [ i 1]. We restrict the coefficients on characteristics

in equation (8) so that

Bit
Hivt = %VGC <6i,tﬁz{7t>

and 7;; = 1. Equation (8) then becomes

w; 4(n)
’ =1 i II;
wi’t(o) + y ,t(n) t
o vee(in)Ra () vee (BB,
1+ Rip(n) By + 2, -
M (izt(n)/gzt> N PN
= Z , — €Xp {Xz‘,t(n) ﬁzt}
— m!
in the limit as M — oo. QED

Proof of Proposition 2. The function f(p) is continuously differentiable because w;(p)
is continuously differentiable. Let B_ = {i|fy; < 0} be the set of investors for whom the
coefficient on log market equity is negative, and let B, = {i|0 < 8y; < 1} be the complement
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set of investors. Consider the characteristic equation for the matrix I — df/0p”:

det ((1 ) gg,) =det(H ') det ((1 —¢)H — ZAlaa—vI:/Z>

i=1

=det(H ') det Z Ai(1 — c)diag(w;) Z AiboyiG

1€EB_ 1€EB_

+ Z Ai(1 — ¢ — By,)diag(w;) + Z AiBowiw! | = 0.

€8y 1€EBy

Note that det(H™") > 0 because H™' is symmetric positive definite. If ¢ < 1—max;eq1,.. 13 Bo,
the second determinant on the right side is also positive because the expression inside paren-
theses is a sum of four symmetric positive definite matrices. By contradiction, every solution
of the characteristic equation must satisfy ¢ > 1 — max;eqi.. 1y Soi. That is, the minimum
eigenvalue of I — 0f/0p’ must be greater than 1 — max;e(1,... 1y Bo-

The norm of the inverse of a positive definite matrix is equal to the inverse of its minimum

eigenvalue. This implies that

-1
I— of
op’

By the Hadamard theorem (Granas and Dugundji 2013, p. 83), this uniform bound is suffi-

cient for the function p — f(p) to be globally invertible. Therefore, f(p) has a unique fixed
point. QED

1

— 1 —maxiequ,...1y Bo

Appendix B. Algorithm for Computing the Equilibrium

This appendix describes an efficient algorithm for computing the equilibrium price vector
in any counterfactual experiment. Starting with any price vector p,,, the Newton’s method

would update the price vector through

Pm+1 = Pm + (I - %II)),W)) (f(pm) - pm)‘
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For our application, this approach would be computationally slow because the Jacobian has

a large dimension. Therefore, we approximate the Jacobian with only its diagonal elements:

01 (bw) i (mm {af(pm) 0})

op’ ap(n) ’

_diag (min { Zle AiBoiwi (1, Pm) (1 — wi(n, Pm)) 0})
Zi[:1 Azwz(na pm) 7 7

where the minimum ensures that the elements are bounded away from one. In the empirical
applications of this paper, we have found that this algorithm is fast and reliable, converging

in fewer than 100 steps in most cases.

Appendix C. Institution Types

To group institutions into six types, we use the type codes from the Thomson Reuters
Institutional Holdings Database (s34 file) and manager numbers from the Mutual Fund
Holdings Database (s12 file). Thomson Reuters assigns each manager to a type code: 1)
banks, 2) insurance companies, 3) investment companies, 4) investment advisors, and 5)
other managers (i.e., pension funds, endowments, and foundations). Unfortunately, there
is a known error in the type codes since December 1998 (Wharton Research Data Services

2008). We correct the type codes through the following steps.

1. For managers that existed prior to December 1998, we replace the incorrect type code
after December 1998 with the correct one before that date.

2. We reassign type code 5 to 1 when the manager is unambiguously a bank based on its
name. Similarly, we reassign type code 5 to 2 when the manager is unambiguously an

insurance company.

3. In cases where the type code for a manager changes, we use the most recent type code

so that a manager has a unique type code throughout the sample.

4. We construct a database of investment advisors based on the historical archives of
Securities and Exchange Commission Form ADV since June 2006. We use the bigram
algorithm to match manager names to business or legal names in the investment advisor

database. We reassign type codes 3 and 5 to 4 when there is a valid match.

Using the corrected type codes, we assign type code 1 to banks and type code 2 to

insurance companies. We assign type codes 3 and 4 to mutual funds if the manager number
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matches a record in the Mutual Fund Holdings Database. Otherwise, we assign type codes 3
and 4 to investment advisors. Among managers with type code 5, we identify pension funds
based on a list of top 300 pension funds (Towers Watson 2015).

Table C1 summarizes the 13F institutions in our sample by type from 1980 to 2014.
We note that these statistics do not necessarily match the U.S. national accounts (Board of
Governors of the Federal Reserve System 2015). The reason is that the 13F statements are
based on who exercises investment discretion over the assets, whereas the national accounts
are based on who ultimately owns the assets. For example, the assets of a pension fund
whose portfolio is managed by an investment advisor would be accounted under investment

advisors according to the 13F statements but pension funds in the national accounts.
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TABLE C1
SUMMARY OF 13F INSTITUTIONS BY TYPE

Assets under Number of stocks
management Number of in investment
% of ($ million) stocks held universe

Number of  market 90th 90th 90th

Period institutions held Median percentile Median  percentile Median  percentile
A. Banks
1980-1984 206 14 331 2,889 159 495 220 631
1985-1989 203 14 493 4,224 202 599 286 806
1990-1994 200 13 491 6,220 204 714 283 973
1995-1999 175 11 592 15,924 225 1,047 303 1,433
2000-2004 158 11 451 21,075 215 1,282 304 1,786
2005-2009 156 10 401 16,684 184 1,230 262 1,798
2010-2014 140 8 382 12,343 167 903 226 1,319
B. Insurance companies
1980-1984 60 3 381 2,281 96 350 142 460
1985-1989 66 3 471 2,642 96 397 174 597
1990-1994 69 3 603 3,560 117 554 193 759
1995-1999 67 4 1,311 8,169 153 962 255 1,262
2000-2004 57 4 1,398 12,495 192 1,650 332 1,922
2005-2009 49 3 1,580 27,022 232 1,771 344 2,148
2010-2014 44 2 1,233 34,216 209 1,703 297 1,975
C. Investment advisors
1980-1984 128 5 275 1,153 84 227 214 507
1985-1989 258 7 237 1,149 71 212 224 662
1990-1994 356 7 208 1,108 68 197 217 796
1995-1999 642 5 261 1,322 70 198 246 1,088
2000-2004 1,096 7 266 1,661 69 220 317 1,594
2005-2009 1,719 13 266 2,298 62 254 332 1,647
2010-2014 2,140 17 267 2,801 57 256 291 1,432
D. Mutual funds
1980-1984 95 9 509 3,522 143 387 134 338
1985-1989 186 13 675 5,037 130 431 124 400
1990-1994 291 19 879 6,556 129 512 112 336
1995-1999 372 28 1,549 15,877 141 694 107 339
2000-2004 328 31 2,382 25,233 176 1,085 116 409
2005-2009 274 33 3,031 43,716 180 997 108 499
2010-2014 237 27 3,766 41,326 176 928 90 458
E. Pension funds
1980-1984 31 3 687 3,407 84 325 124 370
1985-1989 38 4 730 7,230 143 615 208 713
1990-1994 39 4 914 13,439 238 896 368 1,051
1995-1999 34 3 1,843 23,791 375 1,258 528 1,438
2000-2004 39 3 4,140 37,138 499 1,875 671 2,127
2005-2009 42 3 6,306 35,311 574 2,052 842 2,380
2010-2014 53 3 4,666 27,331 518 1,522 651 1,879
F. Other

1980-1984 25 1 211 1,257 74 202 96 250
1985-1989 32 1 357 1,727 7 384 105 465
1990-1994 26 1 428 2,185 75 233 106 426
1995-1999 32 - 313 2,516 78 210 104 372
2000-2004 125 1 179 1,561 53 233 92 389
2005-2009 206 3 194 2,722 43 353 91 597
2010-2014 218 5 272 5,625 51 521 95 751

This table reports the time-series mean of each summary statistic within the given period, based on Securities and Exchange
Commission Form 13F. The sample period is quarterly from 1980:1 to 2014:4.
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Appendix D. Examples of Investment Mandates

We use three examples from the mutual fund industry to illustrate the use of investment
mandates. The examples are chosen to represent different management styles (passive versus
active) and fund sizes to illustrate the prevalence of investment mandates throughout the

industry.

1. The Vanguard 500 Index Fund (ticker VFINX) is a passive index fund that tracks
the S&P 500 index. Its total net assets were $329.30 billion on July 25, 2017. The
prospectus (April 27, 2017) states the principal investment strategy as

The Fund attempts to replicate the target index by investing all, or substan-
tially all, of its assets in the stocks that make up the Index, holding each

stock in approximately the same proportion as its weighting in the Index.

2. State Street Global Advisors offer Select Sector SPDRs (tickers XLY, XLP, XLE, XLF,
XLV, XLI, XLB, XLRE, XLK, and XLU), which is a group of passive exchange traded
funds that track industry indices (i.e., consumer discretionary, consumer staples, en-
ergy, financial, health care, industrial, materials, real estate, technology, and utilities).
The total net assets for this group of exchange traded funds were $120.72 billion on July
25, 2017. The prospectus (January 31, 2017) states the principal investment strategy

as

In seeking to track the performance of the Index, the Fund employs a repli-
cation strategy, which means that the Fund typically invests in substantially
all of the securities represented in the Index in approximately the same pro-

portions as the Index.

3. Transamerica Dividend Focused Fund (ticker TDFAX) is an active mutual fund that
“seeks total return gained from the combination of dividend yield, growth of dividends
and capital appreciation.” Its total net assets were $95.52 million on July 25, 2017.
The prospectus (January 31, 2017) states the principal investment strategy as

The fund’s sub-adviser, Barrow, Hanley, Mewhinney & Strauss, LLC (the
“sub-adviser”), deploys an active strategy that seeks large and middle capi-
talization U.S.- listed stocks, including American Depositary Receipts, which
make up a portfolio that generally exhibits the following value characteris-

tics: price/earnings and price/book ratios at or below the market (S&P 500)
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and dividend yields at or above the market. In addition, the sub-adviser con-
siders stocks for the fund that not only currently pay a dividend, but also
have a consecutive 25-year history of paying cash dividends. The sub-adviser
also seeks stocks that have long established histories of dividend increases
in an effort to ensure that the growth of the dividend stream of the fund’s
holdings will be greater than that of the market as a whole. .. If a stock held
in the fund omits its dividend, the fund is not required to immediately sell
the stock, but the fund will not purchase any stock that does not have a
25-year record of paying cash dividends.

Appendix E. Alternative Estimators

The estimation sample in our benchmark estimates of the characteristics-based model (10)
includes zero holdings (i.e., ¢;(n) = 0). If we were to limit the estimation sample to strictly
positive holdings (i.e., ¢;(n) > 0), we could take the logarithm of equation (10) and obtain a

linear specification:

log (ZZEZ;) = ﬁo,ime(n) + ; ﬁkﬂxk(n) + ﬁK,i + lgg(el(n)) (El)

This specification is inefficient and potentially biased because the fact that an investor does

not hold certain assets could be useful for identifying the coefficients on characteristics.”
We examine how our benchmark estimates compare with those based on two alternative

estimators. The first alternative is estimation of the linear model (E1) by restricted least

squares (imposing f; < 1) under the moment condition
Eflog(ei(n))[me(n), x(n)] = 0.

The second alternative is estimation of the linear model (E1) by GMM under the moment

condition
Ellog(e;(n))|me;(n), x(n)] = 0.

The first alternative shows the importance of the instrument, while the second alternative

shows the importance of estimating in levels with zero holdings.

9Santos Silva and Tenreyro (2006) highlight an analogous issue in international trade that estimates of
the gravity equation depend on whether they are estimated in levels (with observations of zero bilateral
trade) or logarithms.
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The upper panel of Figure E1 is a scatter plot of the coefficient on log market equity esti-
mated by restricted least squares versus linear GMM. We fit a linear regression line through
the scatter points, both equal-weighted and value-weighted by assets under management. On
average, the least squares estimates are higher than the linear GMM estimates, especially
for larger institutions. This finding is consistent with the hypothesis that latent demand
and asset prices are jointly endogenous, which leads to a positive bias in the least squares
estimates.

The lower panel of Figure E1 is a scatter plot of the coefficient on log market equity esti-
mated by linear GMM versus nonlinear GMM. We again fit a linear regression line through
the scatter points. The value-weighted regression line is close to the 45-degree line, which
means that the two alternative estimates are similar for larger institutions. However, the
equal-weighted regression line is mostly above the 45-degree line, which means that the lin-
ear GMM estimates are on average higher than the nonlinear GMM estimates. For smaller
institutions, the coefficient on log market equity is lower when we estimate in levels with

zero holdings.
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Figure E1. Comparison of the coefficient on log market equity. The upper panel is a scatter
plot of the coefficient on log market equity estimated by restricted least squares versus linear
GMM. The lower panel is a scatter plot of the coefficient on log market equity estimated by
linear versus nonlinear GMM. The quarterly sample period is from 1980:2 to 2014:2.
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