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Abstract

Previous applications of structural demand systems to asset pricing often imply puzzlingly
inelastic, or even upward-sloping, demand curves. I show that these pathologies arise
mechanically from the granular-portfolio condition: the logit demand link weights each
position’s contribution to identification by its squared portfolio share, so the effective in-

formation is governed by portfolio concentration (n®ff

~ 30-60), not the raw number of
holdings. Standard practice aggregating heterogeneous mandates into a single observed
portfolio therefore does not increase statistical power, but instead induces convexity. Lin-
ear specifications applied to this convex object distort price coefficients and overstate latent
demand. A granular estimator yields well-behaved, downward-sloping demand curves
without imposing sign restrictions; its implied aggregate price elasticities are two to four

times larger than previous estimates.
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Introduction

Structural demand estimation has deep roots in industrial organization (e.g., Berry et al., 1995;
Nevo, 2001). Its recent application to asset pricing, pioneered by Koijen and Yogo (2019)
and extended by Koijen et al. (2024), has produced striking empirical conclusions: aggre-
gate demand appears extremely inelastic and, absent additional restrictions, estimated de-
mand curves can even slope upward. A large share of return volatility is then assigned to an
unobserved “latent demand” component, raising a basic concern about how much economic
content remains in the decomposition.

These findings have prompted a reassessment of what holdings-based estimation recovers.
One line of work asks whether the underlying economic model is too simple for financial
markets, and looks for the answer in richer substitution, dynamics, or equilibrium feedback
(Fuchs et al., 2025; He et al., 2026; van Binsbergen et al., 2025). This paper takes a different
approach. Rather than asking first whether the structural framework is too simple for finance,
I ask how the framework’s mechanics change when it is brought from product markets into
asset markets.

I argue that many of the empirical pathologies emphasized in recent work are mechanical
consequences of portfolio granularity (Section 1), a feature that distinguishes asset demand from
standard product demand. In a logit-style demand system, each position’s contribution to the
noise in the estimating moment scales with its squared portfolio share. The relevant sample
size is therefore not the raw number of holdings N, but the inverse Herfindahl index,

neft = 1/HH],

which measures portfolio concentration. In institutional equity portfolios, N typically runs

from hundreds to thousands, while neff

is often only 30-60. Most nominal holdings therefore
contribute essentially no identifying power. This wedge between portfolio breadth and effec-
tive information is a distinctly financial feature of the data, and it matters for both identification
and inference.

Section 1 formalizes this idea and derives the corresponding information identity: precision
is governed by effective breadth n®f = 1/HHI, not by the holdings count N. Adding more
positions does not expand the identification budget unless those positions materially change
the portfolio’s concentration, and empirically they rarely do. The effective amount of cross-
sectional information in a portfolio is therefore governed by concentration rather than by the
raw holdings count.

A natural response to limited within-portfolio identification is to enlarge the observed
cross-section. This logic appears throughout the demand-system literature in several forms:
using consolidated institutional portfolios that span thousands of positions rather than un-
derlying mandates that hold hundreds, pooling investors with sparse holdings, or grouping
them by type to stabilize estimation. The common premise is that a larger observed portfolio
provides more identifying variation.

Proposition 1 shows that this premise is false when the added positions carry negligible
squared-share mass. Expanding the list of holdings within a portfolio does not meaningfully



increase information unless it changes concentration. Worse, the most common form of en-
largement in practice, consolidating heterogeneous mandates into a single observed portfolio,
is not merely unhelpful but distortive. This is the default in consolidated 13F data, but the
issue is broader: it arises whenever the observational unit bundles distinct allocation deci-
sions, such as growth and value sleeves, active and passive strategies, or internal and external
sub-advisors. Even when each underlying mandate follows a standard logit-style, log-linear
demand rule, consolidation produces an institution-level demand object that is mechanically
convex in prices. The dispersion and higher moments of mandate-level price sensitivities do
not wash out in aggregation; instead, they enter the consolidated demand function directly
and distort the concentrated positions that drive identification. Fitting a linear specification
to this convex object can shift the price coefficient toward the near-unit, mechanical-tracking
benchmark—or past it, into the upward-sloping region—and mechanically inflate measured
latent demand. Section 2 formalizes these results.

Estimating at the mandate level removes this aggregation curvature by construction. But
the information constraint established in Section 1 continues to bind even at the correct ob-
servational unit. A single cross-section of mandate-level holdings still provides at most about
n*ff ~ 30-60 effective observations for the price coefficient, regardless of how many nominal
positions appear in the portfolio. That is the hard ceiling on what one snapshot of holdings
can reveal about demand parameters.

This limitation is especially important in asset-pricing applications, where the demand sys-
tem is often asked to recover time-specific coefficients quarter by quarter in order to decom-
pose contemporaneous price movements. In product-market settings, by contrast, demand
systems are typically used to estimate time-averaged parameters by pooling across many mar-
kets or periods. The basic constraint remains unchanged: the statistical content of any single

portfolio snapshot is governed by neff

, not by the nominal number of holdings.

Having identified the mechanical roots of these distortions, Section 3 makes two changes
to the empirical design. First, it shifts the observation unit from consolidated 13F institutions
to individual mutual-fund portfolios, bringing the data closer to the mandate at which alloca-
tion decisions are made. Second, it replaces the inverse-share ratio moment with a level-share
moment. The ratio moment mechanically restores equal weight to the full holdings count by

eff information ceil-

amplifying tiny positions; the level moment instead accepts the genuine n
ing and is robust to rounding and reporting noise in the long tail. The remaining specification
and implementation details are reported in the appendix.

The resulting granular estimates are well behaved and economically interpretable without
sign restrictions. Passive broad-market trackers cluster near &« ~ 1, while active mandates ex-
hibit systematically lower price coefficients and clearer cross-sectional heterogeneity. At the
aggregate level, the stock-level price elasticity recovered from the granular system is two to
four times larger than in consolidated 13F implementations (Koijen and Yogo, 2019). It declines
from roughly 0.4 in 2010 to 0.2 by 2024, consistent with rising passive ownership compress-
ing the average elasticity. The early-sample magnitudes align closely with quasi-experimental
benchmarks from flow-induced trading and index-inclusion studies (e.g., Wurgler and Zhu-

ravskaya, 2002; Lou, 2012; Chang et al., 2015), and the subsequent decline is itself economically



interpretable.

A final remark concerns the relationship between partial- and general-equilibrium analysis
in demand-system asset pricing. The estimates in this paper are strictly partial equilibrium,
but that is not a limitation of convenience; it is the appropriate starting point. In product-
market demand estimation, researchers first recover demand elasticities and only then, when
the application requires it, impose a supply-side or market-clearing closure for counterfactual
analysis. The same logic applies here. A well-identified partial-equilibrium demand system is
already economically meaningful and informative for questions such as flow-driven realloca-
tion and portfolio fragility, and it is the necessary benchmark against which broader general-
equilibrium critiques should be evaluated.

More broadly, the contribution of the paper is constructive and econometric: many of the
headline pathologies in existing applications arise not because demand systems are inherently
uninformative in finance, but because the estimator is applied to the wrong observational unit
and in the wrong statistical regime. Once demand is estimated at the mandate level, the frame-
work recovers economically meaningful elasticities and becomes a credible foundation for sub-

sequent general-equilibrium analysis.

Related literature. This paper connects to three strands of work.

Demand-system asset pricing. This paper contributes directly to the demand-system ap-
proach to asset pricing introduced by Koijen and Yogo (2019) and developed by Koijen et al.
(2024). The approach uses investor-level holdings to estimate demand curves and quantify
how changes in investor demand affect asset prices, expected returns, and the allocation of
wealth. I study two choices that are logically prior to these economic applications: the obser-
vational unit at which portfolio demand is measured and the weighting of positions in the es-
timating moments. The first determines whether the observed portfolio represents a primitive
allocation decision or a nonlinear aggregation of heterogeneous mandates. The second deter-
mines whether identification is drawn from the economically meaningful core of the portfolio
or from its long tail of small positions. These choices become first-order when demand systems
are applied to granular, delegated por’cfolios.1

Investor heterogeneity and the composition of demand. A broader literature studies how het-
erogeneous investors generate trading and shape asset prices. Differences in investors” inter-
pretations of common information can produce disagreement, heterogeneous positions, and
trading volume (Kandel and Pearson, 1995; Hong and Stein, 2007). Direct evidence docu-
ments large and persistent heterogeneity in expected returns and shows that these beliefs are
reflected in the portfolios of both households and professional asset managers (Giglio et al.,
2021; Dahlquist and Ibert, 2024). The composition of the investor base consequently matters
for nonfundamental volatility, price impact, and aggregate demand elasticity (Greenwood and
Thesmar, 2011; Gabaix and Koijen, 2021; Koijen et al., 2024; Haddad et al., 2025). van der Beck
et al. (2025) further show that investor disagreement, portfolio turnover, and price impact are

jointly restricted by observable quantity and price moments.

1Applications of the demand-system approach include U.S. equities (Koijen et al., 2024), euro-area government
bonds (Koijen et al., 2021), corporate bonds (Bretscher et al., 2026), and international portfolios spanning equities,
bonds, and currencies (Koijen and Yogo, 2026).



My contribution concerns how such heterogeneous demands are represented in holdings
data. Whereas this literature asks how heterogeneous investors jointly determine trading and
prices, I ask what an econometrician recovers when heterogeneous allocation decisions are
consolidated before estimation. In a logit share system, heterogeneity does not generally av-
erage out: the variance, covariances, and higher cumulants of mandate-level tastes enter the
consolidated demand function. The composition of demand therefore affects not only market
outcomes, but also the structural object recovered from observed holdings.

Reduced-form evidence on price impact. Finally, this paper relates to the reduced-form liter-
ature documenting downward-sloping demand for stocks using plausibly exogenous owner-
ship shifts. This work studies price responses to index inclusions and reconstitutions, flow-
induced trading, and limits to arbitrage (e.g., Shleifer, 1986; Wurgler and Zhuravskaya, 2002;
Lou, 2012; Chang et al., 2015; Greenwood and Sammon, 2025). These studies do not estimate
a full cross-asset demand system, but they provide disciplined benchmarks for the magnitude
of local price impact. The granular estimates in this paper move toward these reduced-form
magnitudes, while consolidating the same underlying holdings into institution-level portfo-
lios reproduces the much smaller elasticities obtained from conventional structural implemen-
tations. The comparison therefore helps reconcile the reduced-form and structural evidence
without changing either the underlying holdings or the economic shocks being studied.

1 Granular Portfolios and the Limits of Count-Based Identification

Figure 1 plots the cross-sectional share distribution for four representative index funds in
2024Q4. The pattern is striking and immediate. Each portfolio exhibits a steep rank-size pro-
file: a handful of large positions carry the bulk of portfolio value, followed by a long, flat tail
of hundreds to over a thousand positions clustered near the reporting floor of 10~* (one basis
point). A dozen or so positions above 1% of the portfolio, together with roughly 150-160 posi-
tions between 0.1% and 1%, account for 76-86% of total portfolio mass, even though the fund
holds 449 to over 1,100 names. This is not specific to index funds. Table 4 documents the same
pattern across the mutual-fund sector: by 2024, 67% of fund holdings carry weight below 1%
of the portfolio, and positions below 0.1% account for roughly 7% of portfolio mass despite
comprising 31% of all holdings.

This weight distribution has no analog in the product markets where structural demand
estimation originated. In a cereal market with 10 brands, every brand carries meaningful share.
In an institutional equity portfolio, the share distribution is orders of magnitude more skewed.
The question is how to summarize this skewness in a way that is not merely descriptive, but

tied to identification.

The effective number of positions. Throughout this section, w; denotes the within-universe

portfolio share of stock j, normalized so that };w; = 1.2 For any normalized share vector,

2If the original within-universe weights sum to S # 1, define w; = @;/S, where w; is the raw weight. Multiply-
ing all within-universe weights by the same constant rescales the level moment but does not create cross-sectional
information.
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Figure 1: Portfolio weight profiles exhibit a long tail of tiny, discretized positions. Each panel plots
cross-sectional portfolio weights for a representative index fund in 20244, sorted by position size
(rank 1 = largest) on a log;, scale. Shaded bands partition holdings into three weight tiers—above 1%
of the portfolio, between 0.1% and 1%, and below 0.1%—with the legend reporting the number of
stocks and the share of portfolio value in each tier. A dozen or so positions above 1%, together with
roughly 150-160 positions in the middle tier, account for most of portfolio value, while hundreds to
nearly a thousand sub-0.1% positions make up the bulk of the raw holdings count but little of its value.
The dashed vertical line marks the effective number of positions, n°f = 1/ Y wjz, reported alongside
the raw count N; it falls well inside the middle tier, an order of magnitude below N, reflecting the
negligible contribution of the long tail.



define
1

N
HHI = ]; wjz, neff = O (1)
At the descriptive level, n°f has a clean interpretation: it is the number of equal-share positions
that would generate the same concentration as the actual portfolio. If a fund held n positions
each with share 1/n, then HHI = 1/n and n®f = n. When the share distribution is skewed,
n°ft falls below the raw count N, reflecting the fact that many nominal holdings contribute
negligibly.

For the four index funds in Figure 1, n ranges from 43.7 (S&P 500) to 56.5 (Russell 3000),
even though the raw holdings count N ranges from 449 to over 1,100. The dashed vertical lines
mark this effective count directly in each panel; it falls well inside the tier of moderate-weight
positions (0.1-1% of the portfolio) and well short of the long tail of sub-0.1% holdings that
make up most of the raw count but contribute little to the portfolio’s statistical content.

The rest of the paper uses n®ft

in this disciplined sense: not merely as a metaphor for concen-
tration, but as the benchmark size of the fund-quarter’s identifying cross-section. A portfolio
with one thousand reported names but fifty economically meaningful positions is statistically
much closer to a fifty-observation cross-section than to a thousand-observation one. The next
two paragraphs make that claim precise with one elementary derivation; Appendix A supplies

the general version.

The information contributed by one position. A portfolio is one fixed amount of capital
divided across assets. Adding another reported holding does not append an independent
observation in the usual regression sense; it reallocates the same unit mass across another
share.
To see what this means for estimation, fix one fund-quarter and write demand in the form
used throughout the paper:
logq; = ax; +¢j, (2)

where x; is the characteristic whose coefficient is of interest and ¢; is latent demand, indepen-
dent across positions with variance 2. Let w;j denote the observed portfolio share and let y;(«)
denote the share implied by the model at a trial value of x. The paper estimates a by matching
the portfolio’s observed and model-implied exposure to x;:

ij{w]- —pj(a)} = 0. €)
]

Let p10; = pj(wo) denote the model-implied share at the true parameter. The characteristic



is weighted-centered and weighted-standardized with respect to this local share profile,3
Y Mo =0, Y poix; =1 (4)
j j

Because portfolio shares add to one, a position moves only relative to the rest of the port-
folio. Differentiating the model-implied share at the true parameter gives

opj(a)
o

= Hoj (xj - ZVkak> = HojX;, )
a=wg k
where the final equality uses weighted centering. A latent-demand shock similarly changes
the observed share, to first order, by

w; — poj A Moj <€j - ZVOkfik) . (6)
x

Thus both the response to a and the response to latent-demand noise are scaled by the
position’s own portfolio share. A one-basis-point holding carries very little signal, but it also
contributes very little structural noise. Counting it as one additional observation therefore
exaggerates the identifying content of the portfolio.

The effective information of the whole portfolio. Holding the local share profile and char-

acteristics fixed, linearizing the level moment (3) around « gives

X L HojXjej
A—ng = ——5,
L HojX;

(7)

where weighted centering removes the portfolio-average shock term ) ;. yorex from the numer-
ator exactly, not approximately (Appendix A). Independence of the position-level shocks then
4

implies the first-order conditional variance® is

2.2
o LMo

Variin (&) = o 5 8)
<Zj Ho]'x]z>

The two sums respond differently to the share distribution. The denominator carries each
share once: it is the weighted mean of x]2-, equal to one under the standardization. Adding
names does not mechanically enlarge it. The random contribution of position j to the estimat-
ing moment is pg;x;¢;. Its contribution to the variance therefore contains the squared share, y%]-.

A position that is ten times smaller contributes one hundred times less to the variance of the es-

31n the application, x;is the price characteristic after partialling out the remaining characteristics; Appendix A
gives the multi-characteristic and instrumented version. The formal local calculation below is evaluated at the
model shares pg; empirically, observed shares provide the natural plug-in for this share profile. Because the stan-
dardization rescales the characteristic, coefficients are expressed per weighted standard deviation of Xxj; the variance
of the coefficient in original units rescales accordingly.

4Because the estimator is nonlinear, this is a first-order approximation to the finite-sample variance of &, not an
exact expression; Appendix A gives the exact linearization and its regularity conditions.



timating moment. Tiny positions consequently add little to the portfolio-level signal-to-noise
calculation.
For a generic characteristic direction whose squared values are not systematically related
o . . 2 2 ~ 2 . .« . .
to position size, }; ji;x; &~ Y; jiy;- Using observed shares as the empirical plug-in for the local
share profile, equation (8) then reduces to
2 2 2 o2
Vary, (&) =~ o ij = ¢“HHI = prrt 9)
]
The textbook regression is the equal-weight special case. If Hoj = 1/N for every position,

weighted standardization implies
1

Lo =

]
so the first-order variance is 0/ N exactly. Equal weights are the case in which the holdings
count and the number of economically meaningful positions coincide. Away from that case the
two diverge, and that divergence is the whole content of the result: because the standardiza-
tion holds the denominator of (8) at one, the first-order variance is exactly the squared-share—
weighted dispersion in its numerator, }; yéjx;-. The following proposition records this as the
section’s identification benchmark.

Proposition 1 (Identification is governed by concentration, not holdings count). Under the
conditions above, the first-order conditional variance of the level-moment estimator is

Vary, (&) = o2 ) ],téjx]z. (10)
j

If characteristic extremeness is not systematically related to position size, then

2

. o
Vary;, (‘X ) B

— (11)

Thus the generic identifying content of a fund-quarter is governed by its concentration structure.
The nominal holdings count N has no independent role: it matters only through the concentration

structure.

Remark 1 (Realized precision is direction-specific). Proposition 1 is a generic benchmark, not
a claim that every characteristic is equally well identified. Concentration in characteristic-
extreme positions raises the squared-share variance factor and lowers effective sample size;
concentration in characteristic-typical positions does the reverse. Appendix A isolates this
alignment factor, and the empirical sections report realized identification diagnostics for the

residualized price direction.

The mechanism, against the OLS benchmark. It is worth setting this against the ordinary
regression the reader has in mind, because the source of precision is reversed. In OLS with
a standardized regressor, precision comes from the denominator: identifying information is

the unweighted sum }-;(x; — x)2, which grows with the number of observations, so the sam-

9



pling variance o2/ Z]-(xj — x)? falls to zero as the count rises. The analogous object here is
share-weighted, ) ; yojsz, and the standardization pins it at one; a weighted average is unmoved
by appending negligible-weight terms, so lengthening the holdings list cannot inflate it. The
count channel that drives OLS precision is therefore closed. What remains is the numerator:
rather than a growing denominator beaten down toward zero, the variance is a fixed unit
denominator divided into the squared-share mass }; y%jx]z ~ 1/n°f. Precision is bought by
de-concentration, not by counting, and a portfolio does not de-concentrate by adding names
to its tail.

The distinction is immediate in the data. Moving from the iShares Russell 1000 to the
iShares Russell 3000 ETF raises the reported holdings count from 832 to 1,090, about 31%,
while effective breadth rises only from 53.4 to 56.5, under 6% (Figure 1). The count moves sub-
stantially; the information barely does. A small effective core inside a large nominal support
is the structural feature that separates institutional equity portfolios from the product-market

settings where structural demand estimation originated, and it is worth naming.

Definition 1 (Granular portfolio). I call a portfolio granular when it lies in the empirical
regime
1< nf < N.

Portfolio mass is spread across a nontrivial effective core, while the reported holdings
count is much larger than the number of positions carrying economically meaningful
weight.

Nothing in the definition is specific to equities: the same regime arises in any share system
with large nominal support and a concentrated core, and canonical product-market applica-

tions simply sit outside it, with n°f

close to N because most products carry meaningful share.

This reframes where identifying information can come from. Lengthening a single port-
folio’s holdings list changes N but leaves its effective core, and hence its generic identifying
content, essentially unchanged; one snapshot therefore delivers a fixed and finite n°f however

many names it reports.

From information to estimator design. The result of this section is an information constraint,
not yet a choice of estimator. One can mechanically undo the share damping by dividing the
share residual by its fitted weight and thereby treat the N listed holdings as equally weighted
observations. Whether that is desirable depends on the quality of the long tail and is therefore
an estimation-design question rather than part of the concentration result itself. I defer the
comparison between ratio and level moments to Section 3.2, where it forms the second of the

paper’s two empirical design changes.

2 Granularity and Aggregation

Section 1 establishes that identification is governed by portfolio concentration (1), not the
number of holdings N, and that enlarging the cross-section within a portfolio does not ex-

10



pand the identification budget. This section shows that one particular form of enlargement—
observing the consolidated institutional portfolio rather than its constituent mandates—does
not simply fail to help; it can reshape the information that Proposition 1 identifies as the sole
source of identification.

The institution observed in standard data—a 13F filer or fund family—is almost always
an internal portfolio-of-portfolios: it allocates capital across heterogeneous mandates, and I
observe only the sum. Each mandate maintains its own portfolio, and each mandate’s portfolio
is granular (Section 1), with its own diffuse core of roughly n&ff positions carrying weight
O(1/nfh).

For a stock j that sits in the institution’s core—meaning the consolidated weight Wj; is
large enough to contribute meaningfully to identification—the observed weight is generically
a mixture of mandate-level weights that reflect different price sensitivities a,,. The institutional
weight on Apple, say, combines a growth sleeve’s large overweight (low &, negative B2M) with
an index sleeve’s mechanical position (¢« ~ 1, BEM =~ 0) and perhaps a value sleeve’s modest
underweight. The consolidated Wj; is a single number that combines these heterogeneous

demand primitives. Institutional consolidation does not reduce pneft

—the institution may still
have ~50 large positions—but it mixes heterogeneous signals into each one.

Inow formalize this mixing. Section 2.1 introduces the cumulant generating function (CGF)
representation that makes the aggregation structure precise. Section 2.2 derives the slope and
curvature of consolidated demand. Section 2.3 develops the consequences for standard linear

estimation.

2.1 The setup and the CGF representation

Consider an institution i that aggregates mandates m € M. Each mandate allocates across a
universe of assets plus an outside option (cash or the rest of the portfolio). Write the mandate-
level share system in log-odds form:

w]'m

Won
Here p; is a price-like regressor used in empirical demand estimation (e.g., log market equity or
log market-to-book), xj are observable characteristics, fj]- is an unobserved asset attribute, and
a,, captures the mandate’s effective price sensitivity (so &, < 1 corresponds to downward-
sloping demand in the usual sense).

Leta,,; > 0 denote the institution’s capital share allocated to mandate m, with }_,,c \(. i =

1. The observed institution-level weight in asset j is a mixture:

Wi= Y auwjn, Woi = ) @piWom- (13)
meM; meM;

Using wj,, = wome®m, the institution-level odds ratio becomes

Wii 5 Ay W
Jt } : (o _ miW0om

Wh: = Tlini € m, Tl = E a0 . (14)
0i  meM, teM; LiWor

11



Taking logs yields the central object:

W
— o 5'm
Aji = log " logmgM‘ TCi €. (15)

This is a log-sum-exp (LSE) function: the log of a weighted sum of exponentials of mandate-level

indices. The LSE form is highly tractable because it admits a direct probabilistic representation.

Result 1 (CGF representation of institutional demand). Define a discrete random variable
A; that takes the value 6;,, with probability 71,,;, where 71,,; are the institution’s endoge-

nous mandate weights. The consolidated institutional demand can be written exactly as:

Aji=log Y el = logIEn[eAJ} . (16)
meM;
The institutional log-odds Aj; is the cumulant generating function (CGF) of the internal
mandate-level index A, evaluated at 1.

This representation turns aggregation into a familiar statistical object: consolidated de-
mand is not “a demand curve with average parameters,” but a smooth transform of the entire
within-institution distribution of mandate tastes.

The CGF form also provides an interpretable expansion. Let «,(A;) denote the r-th cumu-
lant of A; under 7r. A cumulant (Taylor) expansion of the CGF gives

1 1 1
Aji = 11 (8)) + 5x2(8)) + 2h3(8)) + 5 ka(By) - (17)
The first term is the mean mandate-level index; the second term is the variance; the third and
fourth terms correspond to skewness and kurtosis. Economically, this means the consolidated
institution does not behave like an “average mandate”: higher-order moments of internal het-
erogeneity enter mechanically and alter the elasticity one would infer from aggregated hold-

ings.

2.2 Convexity of consolidated demand

The CGF representation (16) is exact for any portfolio. To draw out its implications for estima-
tion, I derive the slope and curvature of consolidated demand and show that, in the granular
regime, the leading behavior takes a particularly tractable form.

The mixing weights 7,,; defined in (14) are themselves functions of prices: each 7,,; de-
pends on the outside-option share wy,;, which shifts when any asset price moves. The total
derivative of Aj; with respect to p; therefore has both a direct channel (how each mandate’s in-
dex responds to pj, holding the mandate mix fixed) and an indirect channel (how the mandate
mix shifts as p; changes outside-option shares).

Direct effect. Holding the mixing weights 7,,; fixed and differentiating the log-sum-exp

in (15) yields
a/\ﬂ

a . = Z ﬁmi Ky = lEﬁ[le], (18)
Pj 7 fixed meM;

12



where 5
. T €7
i = L&é (19)
Y rem, i €7
are exponentially tilted weights that up-weight mandates finding asset j relatively attractive.
Indirect effect. Because 7,,; = amiwo,ﬂ/Zg agiwo, and oWy, /dp; = —&yuWjyWom, a price

change in asset j shifts the mandate mix:

07T,
5 == nm,(—ocmwjm + ) iy w]'g> . (20)
Pj leEM;
The total derivative is
AN
- ].1 = Y it (1= W) + Y i o Wi, (21)
p] meM; meM;
direct indirect

where the indirect effect can be isolated as

dA oA

ji

dpj ap;l e = mez_/\:/li(ﬂmi - ﬁmi) X Wi - (22)
Economically, the indirect channel captures a compositional shift: when asset j’'s price rises,
mandates with high exposure to j see their outside-option share fall relative to other mandates,
tilting the institution’s mandate mix. In a cereal market where a leading brand commands a
15% share, this compositional shift can be first-order. In an institutional equity portfolio, the
effect is bounded by wj,, = O(1/n°f).

The direct effect dominates. Every term in the indirect effect (22) carries a factor of wj,,. In
the granular regime, this entire channel is of relative order 1/n°f.5> Conversely, the factors
(1 — wjy) in the direct channel differ from unity only at relative order 1/1°, and the total

derivative reduces to the clean tilted average:

Wi g 23
G~ Ealeol @)

The same logic applied to the second derivative yields®

Thi (am) > 0 (24)
5 ~ VvVarz(dy) = U
dp].

Result 2 (Consolidated demand is structurally convex). In the granular regime, the con-
solidated institutional demand Aj; satisfies, up to O(1/ n°ff) corrections:

S5Formally, in the granular regime, maxy, Wiy = 0(1/nff), so |Indirect| < 2max,, |a;,| - max;, Wi = O(1/neff).

The same argument extends to all higher-order indirect terms in the second derivative; see Appendix B.
6The exact second derivative is dzAj,-/dpJZ = Varz (am(1 — wjm)) — Varz (amwjy) + Lo (7Tui — ﬁmi)a%w]-m(l -

Wjy, ). In the granular regime, the last two terms are O(1/ nff) and the first reduces to Varz (s, ). See Appendix B.
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(i) Slope. dA;i/dp; = Ex[an], the exponentially tilted mean of mandate-level price

sensitivities.

(ii) Curvature. dZAji / dpjz- = Varz(ay,) > 0. Curvature equals the tilted variance of
price sensitivities across mandates. It vanishes if and only if within-institution price

sensitivities are degenerate.

The moment an institution combines genuinely heterogeneous sleeves—growth and value,
active and passive—dispersion appears (Var > 0), and consolidated demand mechani-
cally curves. A representative mandate does not exist: unless all mandates share identical
price sensitivity, any linear coefficient estimated on consolidated holdings is a projection
of a nonlinear aggregator, not the mean of underlying mandate coefficients.

This convexity operates on the n®ft

concentrated positions that Proposition 1 identifies as
the sole source of identification—confirming that the aggregation wedge cannot be offset by

adding tail stocks to the holdings.

2.3 Consequences for linear estimation

Result 2 establishes that consolidated institutional demand is generically convex. What hap-
pens when an econometrician fits a linear specification to this object? Two corollaries fol-
low. First, the price coefficient is a projection coefficient that can be attenuated, or even sign-
reversed, by within-institution heterogeneity. Second, the residual “latent demand” compo-
nent absorbs the curvature that the linear model cannot represent, inflating its measured im-
portance.

One clarification is useful before stating these results, because the convexity in Result 2
and the sign ambiguity below might appear to be in tension. They are not. Result 2 signs the
curvature in the scalar-price direction: the second derivative of consolidated demand in p; equals
Varz(a,) > 0. What a linear estimator recovers, however, is the projection of this curvature
onto residualized price—price after partialling out the characteristics x;. That projection is what
is sign-indeterminate: it depends on the cross-sectional geometry of (p;, x;), not on the sign
of the curvature itself. Positive curvature is therefore fully consistent with a price-coefficient
wedge of either sign.

In the granular regime, up to second order, the consolidated demand object can be writ-
ten as a linear component plus the curvature term from Result 2. Suppressing the institution
subscript i for readability:

Aj = tcetap+xip + T, (25)

where & and B are mandate-weighted averages, and
I; = 3 Var(a) p7 + pjx;Cov(w, B) + 3 x} Var(B) x;. (26)

All variance/covariance operators are within institution i, taken over the mandate distribu-
tion. The key point is that I'; is not noise: it is a deterministic component implied by hetero-
geneity and the CGF structure.
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Corollary 1 (Linear projection wedge in &). Suppose the econometrician estimates the canoni-
cal linear consolidated specification

Aj=ap;+ x]’B + residual. (27)

Let p; denote the residual from projecting p; on x; (the Frisch-Waugh—Lovell residual). Then the
deviation of the estimated price coefficient from the first-order “average mandate” slope satisfies

COV(ﬁ]‘, 1“]) ‘

A —a& =
Var(ﬁj)

(28)

Substituting the second-order form of I'; yields

Cov(pj, p7) Cov(p;, pix; Cov (pj, xiVar(p)x;
&—& ~ %Var(a) 7P]~ i + Cov(a, B) (7 ]7] ) + 1 (7 - (B)x)
Var (p;) Var(p;) Var(p;)

(29)
The projection wedge scales with within-institution heterogeneity; its sign depends on the cross-
sectional geometry of (pj, x;). Even with well-behaved mandate primitives, a linear consolidated
fit can be pulled away from the average mandate slope in either direction—including toward, or
past, the near-unit mechanical-tracking benchmark that the literature reads as inelastic or upward-

sloping demand.

Remark 2 (When aggregation shifts the consolidated slope upward). The projection wedge
in (28) is not signed in general, but the scalar-price case is instructive. With common charac-

teristic loadings the leading curvature termis I'; = % Var(«) pJZ, SO

Cov(pj, p;)

& — & =  Var(a) Var(p))
J

(30)
Aggregation thus shifts the consolidated price coefficient upward whenever residualized price
loads positively on squared price; without controls and with centered pj, this reduces to posi-
tive skewness of the price-like regressor. The sign is therefore a property of the realized stock
cross-section and the characteristic controls. In the empirical section below, this projection
term is predominantly positive across fund families and over the sample period, so aggrega-
tion shifts consolidated estimates toward the near-unit, mechanical-tracking benchmark.

Corollary 2 (Measured latent demand is inflated). Define the linear-model residual
gn = Aj— (E+apj+xp). (31)
This decomposes as

an o~ E+g,  g=I—Ppa)T, (32)
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where Py x is the linear projection operator onto (1, p, x). The measured latent-demand variance
satisfies
Var(¢") = Var(¢) + Var(g) +2Cov((,g) = Var(() (33)

whenever Cov (¢, g) > 0. A large “latent demand” component need not reflect economically large
unobserved shocks; it can arise because the linear model forces a convex object onto a flat index.

3 Estimation Design: Observation Unit and Moment Condition

The theory points to two changes in how the demand system should be taken to holdings
data. The first is to estimate at the level at which the portfolio decision is made, rather than
on a consolidated institution that bundles heterogeneous mandates. The second is to estimate
with a moment condition that respects the information content of portfolio shares, rather than
mechanically treating every reported holding as an equally precise observation. This section
develops those two changes. Data construction, characteristic definitions, basis conversions,

numerical preconditioning, and screening rules are collected in Appendix D.

3.1 Change in observation unit: from institutions to mandates

The first change is the observational unit. A consolidated 13F filer is typically a portfolio
of portfolios: broad index products, active growth and value funds, sector mandates, and
externally managed sleeves can all appear as one institutional position. Section 2 shows that
estimating a linear demand curve on that rollup does not recover an average mandate. It
recovers a projection of the nonlinear mixture.

I therefore use individual mutual-fund portfolios in the CRSP Mutual Fund Database as
mandate-like decision units. Multiple share classes that implement the same portfolio are
combined at the CRSP portfolio-number level, but economically distinct funds within the same
family remain separate. The sample is restricted to U.S. equity mandates, so the estimated
slopes describe relative allocation within the equity universe. The mutual-fund sector covers
roughly 29% of U.S. market capitalization in 2024 and is sufficiently passive that it provides a
conservative setting for recovering downward-sloping demand.

This design also permits a same-holdings validation exercise. After estimating the con-
stituent mandates, I reconsolidate the same funds into synthetic families and re-estimate the
institution-level model. Any wedge between the two estimates is then generated by the ob-
servational unit, not by a different stock sample, characteristic set, or investor population.
Appendix D.1 describes the sample, rolling choice universe, share-class aggregation, and cov-
erage in detail.

3.2 Change in moment condition: from ratios to levels

The second change concerns how each position enters the estimating moment. Let wyj; be the

observed within-universe share, u fjt(e) the fitted logit share, and z it the instrument vector.
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The level moment used in this paper is

g 0) = ) zpi{wpie — g (6)} = 0. (34)
jGZ/{ft

The ratio moment used in the canonical implementation can be written as

rat — Wit Zfjt
g3 o) = z -t{—l}: ——~{wsir —uge(0)} = 0. (35)
ft ]_EZuﬂ fi wsir(0) ].Ezuﬂ Q) fi fi

Thus the difference is a position weighting. The level moment matches observed and fitted
portfolio exposures and lets the simplex naturally dampen tiny positions. The ratio moment
divides out that damping, so a one-basis-point holding can enter with the same first-order
weight as a one-percent holding.

Under perfectly measured shares, inverse-share weighting can make the nominal hold-
ings count N appear as the effective cross-section. Section 1, however, shows what this gain
requires: the extra precision is purchased almost entirely from the long tail that carries lit-
tle portfolio mass. In holdings data that tail is also where rounding, reporting floors, stale
positions, and residual allocations are most important. A fixed absolute reporting error is mul-
tiplied by 1/ifj; in the ratio moment but enters the level moment without that amplification.

The level design therefore accepts the genuine information ceiling n°ff

in exchange for robust-
ness to the part of the data least capable of supporting equal weighting. Appendix A gives the
tixed-design variance calculation, and Appendix C quantifies the effect of floor censoring and
grid quantization.

Figure 2 shows the distinction in a setting where the economic benchmark is transpar-
ent. For S&P 500 and Russell 1000 trackers, whose relevant positions are comparatively well
measured, the two moments yield similar estimates near the passive benchmark & ~ 1. For
Russell 3000 and total-market trackers, the ratio estimates disperse sharply and assign more
variation to latent demand, while the level estimates remain tightly concentrated near the me-
chanical benchmark. The empirical difference appears exactly where the 1/p; weighting is
most aggressive: broad portfolios with long, discretized tails.

The moment change is therefore not a cosmetic efficiency adjustment. It chooses the statis-
tical regime appropriate for portfolio data. The ratio moment treats the support of the portfolio
as N equally reliable demand observations; the level moment treats the portfolio as one unit

of capital whose informative cross-section is its effective core.

3.3 Baseline specification and implementation summary

For each fund-quarter, the systematic demand index is

Mt (051) = agelog MEj; + B5M log(B/M) i + Xy e, (36)
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Level vs Ratio Moment: Index Fund Demand Estimates
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Figure 2: Equal weighting reads the contaminated tail; level weighting does not. Each panel plots
fund-quarter estimates for index-like mutual funds matched to the indicated benchmark. Horizontal
axis: the price coefficient & recovered by each weighting. Vertical axis: the corresponding latent-demand
component. Blue squares: level-weighted estimates; black crosses: equally weighted estimates. On
narrow universes (S&P 500, Russell 1000) the two weightings agree closely, clustering near & ~ 1 with
small latent demand. On broad, heavy-tailed universes (Russell 3000, Total Market Index) the equally
weighted estimates scatter across a wide range of & and imply substantially larger latent demand, while
the level-weighted estimates remain tightly clustered near & ~ 1: the 1/p; weighting amplifies tail-
share measurement error that the level weighting discounts.
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with fitted within-equity shares

| ~explusi(0p)}
i Oge) = Lkeuy, P {1re(05e) ) v

I instrument log market equity with the leave-one-out common-fund demand shifter of Koi-
jen and Yogo (2019); exogenous characteristics serve as their own instruments. Parameters are
estimated separately by fund-quarter using the level moments in equation (34), without sign
restrictions. The implementation uses an algebraically equivalent {log ME, logBE} basis, an
effective-number preconditioner that does not change the minimizer, and conservative identi-

fication screens. Appendix D provides the full specification and construction.

4 Estimation Results and the Aggregation Wedge

The preceding sections establish two points. First, under the granular-portfolio condition,
identification and precision are governed by the concentration of economically meaningful
holdings rather than by the raw number of holdings. Second, when heterogeneous mandates
are aggregated into an institution-level portfolio, the resulting demand object is no longer lin-
ear in characteristics, so a standard linear demand regression estimates a projection of this
curved object rather than the underlying average taste. This section shows how these theoret-
ical predictions appear in the data.

The argument proceeds in three steps. First, I show that the aggregation wedge is system-
atic and quantitatively large: a same-data, different-estimator comparison reveals that consol-
idation shifts the price coefficient upward for 24 of the 30 largest fund families (80%), with a
mean wedge of +0.12 (Section 4.1). Second, having established what the wedge looks like,
I show what demand estimates look like once it is removed: mandate-level coefficients are
well-behaved, economically interpretable, and imply stock-level elasticities two to four times
larger than existing institution-level estimates (Section 4.2). Third, the granular residuals re-
veal economically structured cross-fund disagreement—contested versus consensus names—

that a scalar institution-level residual would collapse to near zero (Section 4.3).

4.1 Within-institution heterogeneity and the aggregation wedge

The central empirical claim of the paper is that the extreme inelasticity often reported in
demand-system asset pricing reflects institutional aggregation rather than a primitive feature
of investor demand. The cleanest test is therefore a same-data, different-estimator compar-
ison: start from the same underlying mandate-level holdings, estimate demand at the fund
level, then aggregate those same mandates into a synthetic institution and re-estimate the lin-
ear model on the consolidated portfolio. If the theory in Section 2 is right, the consolidated esti-
mate should be systematically shifted toward the near-unit region, even though the underlying
mandate-level estimates are well behaved. Consolidating these mandates also reproduces the
near-mechanical, low-elasticity coefficients reported for institution-level 13F holdings (Koijen
and Yogo, 2019), which validates the synthetic benchmark and ensures the comparison isolates

aggregation rather than differences in sample or method.
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BlackRock/iShares Top 30 by AUM:
Mean a Sorted by @ (2024)
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Figure 3: Mandate-level price coefficient estimates for BlackRock/iShares flagship funds (2024). Each
fund’s mean estimated & (horizontal bars) with 95% confidence intervals (whiskers), for the top 30
products ranked by AUM. Funds are ordered by &; the dashed vertical line marks & = 1. Broad market
index funds (black) are highlighted relative to other strategies (gray).
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BlackRock/iShares Top 30 by AUM:
Mean ﬁBM Sorted by ﬁBM (2024)
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Figure 4: Mandate-level valuation-tilt coefficient estimates for BlackRock/iShares flagship funds (2024).

Each fund’s mean estimated M with 95% confidence intervals. Value funds exhibit positive loadings,
growth funds exhibit negative loadings, and broad market trackers cluster near zero.
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Case study: BlackRock. BlackRock is useful because it makes the mechanism visible. What
appears in 13F data as a single institution is, in practice, a collection of heterogeneous prod-
ucts: broad index trackers, active mandates, style-specific portfolios, dividend strategies, and
minimum-volatility funds. Figures 3 and 4 report mandate-level estimates for the top 30 Black-
Rock/iShares products by AUM in 2024. Figure 3 shows substantial dispersion in the esti-
mated price coefficient &: large-cap passive products cluster near & ~ 1, consistent with near-
mechanical tracking, while actively tilted mandates lie systematically below one, indicating
more elastic reallocation. Figure 4 shows that the valuation-tilt coefficient 5™ is also econom-
ically structured: value funds load positively, growth funds negatively, and broad trackers
remain close to zero. The point of the case study is not merely that coefficients differ across
funds, but that the within-institution heterogeneity is economically organized rather than id-

iosyncratic.

The wedge across fund families. The BlackRock example illustrates the mechanism in one
institution. I now scale the comparison to the matched 2024Q4 sample. For each fund family,
I compare two objects computed from the same underlying mandate-level holdings: (i) the
AUM-weighted mean granular estimate, &, across the family’s funds, and (ii) the synthetic in-

stitution estimate, &13F

, obtained by consolidating all mandates in the family into one portfolio
and re-estimating the linear specification.

Table 1 reports this comparison for the 30 largest families. The AUM-weighted mean gran-
ular estimate is # = 0.84, which implies clearly downward-sloping demand. The correspond-

ing synthetic 13F estimate is &!3F

= 0.96, implying demand much closer to the near-mechanical
benchmark. The AUM-weighted mean wedge, al3F — 7, is therefore +0.12, and the wedge is
positive for 24 of the 30 largest families. The pattern is broad rather than driven by a few
outliers. Vanguard shows a modest wedge of +0.07, consistent with its large passive core.
Capital Group exhibits a larger shift of +0.26. BlackRock is slightly negative at —0.04, because
its AUM is heavily concentrated in a few very large index mandates, so its AUM-weighted
granular mean is already close to one. By contrast, families with substantial active AUM such
as Franklin Templeton (4-0.61), Victory (+0.44), and T. Rowe Price (4-0.34) display much larger

wedges.

Where the curvature appears. The family-level comparison also clarifies why the wedge
need not be monotone in a simple scalar measure of within-institution heterogeneity. The
curvature term generated by mandate-level dispersion can affect the consolidated estimate
through two channels. The component that projects onto the price regressor shifts the esti-
mated coefficient, while the orthogonal remainder is absorbed by the residual and appears as
inflated latent demand. The split between these two channels depends on the joint distribu-
tion of prices and characteristics in the institution’s stock universe. As a result, two families
with similar underlying heterogeneity can show different coefficient wedges. The theory does
not predict a monotone family-by-family mapping from heterogeneity to the & wedge alone. It
predicts instead that the total curvature effect—the coefficient wedge plus residual inflation—

rises with within-institution dispersion; in this sample the coefficient channel is directionally
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Table 1: Top 30 fund families by matched AUM: granular versus synthetic 13F estimates, 2024Q4

Institution N AUM ($bn) Granulara 13Fa Wedge
Vanguard 72 5161.6 0.968 1.040 +0.072
Capital Group 20 1785.4 0.719 0983 +0.264
BlackRock 114 1714.4 0.882 0.841 —0.041
Fidelity 138 1623.8 0.870 0.960 +0.089
State Street 49 887.0 0972 1.045 +40.073
Invesco 106 646.8 0.610 1.032 +40.422
Charles Schwab 21 398.7 0.932 0911 -—-0.021
JPMorgan 45 283.1 0.594 0.952 +0.358
T. Rowe Price 45 273.1 0.508 0.852 +40.343
Dimensional 27 262.8 0.781 0.667 —0.115
Franklin Templeton 44 196.4 0.414 1.022 +0.607
MFS 19 131.0 0.307 0.650 +0.343
Jackson National 37 108.5 0.596 0.869 +0.274
Advanced Series 17 95.7 0.775 0.921 +0.146
Nuveen 29 90.3 0.804 0.864 -+0.060
Equitable 44 77.2 0.871 0.817 -—0.053
Columbia 31 72.7 0529 0916 +0.387
American Century 34 71.1 0.510 0.546 —+0.036
John Hancock 25 67.5 0.311 0.651 +0.340
Janus 11 67.4 0.530 0.662 +0.133
First Trust 54 64.1 0.230 0.534 +40.304
Principal 15 63.2 0922 0.745 —-0.177
Victory 41 58.5 0.172 0.614 +0.442
AllianceBernstein 23 48.3 0.536 0.721 +0.186
ProShares’ 21 44.8 0.862 1.116 +0.254
Goldman Sachs 34 43.7 0.643 0.855 —+0.212
Pacer Financial 15 40.3 0.587 0.402 —-0.185
Allspring 25 39.9 0.313 0.521 +0.208
Hartford 22 39.0 0.419 0.838 +0.418
Lincoln 35 38.9 0.673 0.836 +0.163
AUM-weighted mean 0.837 0959 +0.122

Notes: The table reports the 30 largest fund families in the matched 2024Q4 sam-
ple, ranked by family-level AUM. N is the number of matched granular mandates.
AUM is the matched AUM: only mandates classified as equity funds that pass the
identification filters (sufficient neff F-test for coefficient significance) contribute;
the same filtered mandates are then consolidated into a synthetic 13F portfolio so
that the only variation between the two columns is the level of aggregation. & is
the AUM-weighted mean of fund-level granular estimates of & within the family. &
is the corresponding estimate from the synthetic 13F aggregation. Wedge is defined
as &13F — ggranular 56 positive values indicate that aggregation raises the estimated
coefficient relative to the matched granular benchmark. T13F estimate at the win-
sorization bound (1st/99th percentile).
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Price Coefficient Distribution — 2024Q4
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Figure 5: AUM-weighted distribution of the price coefficient & at the fund level (top) versus the syn-
thetic 13F institution level (bottom), 2024Q4. The rightward shift of the 13F distribution toward values
near or above one illustrates the aggregation wedge: demand that is clearly downward-sloping at the
mandate level appears near-mechanical at the institution level.
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shifted toward the near-unit benchmark (Remark 2).

Distributional implication. Figure 5 shows the aggregate consequence. It plots the AUM-
weighted distribution of & across all granular fund-level estimates and compares it with the
distribution obtained from synthetic 13F aggregation in 2024Q4. The granular distribution
centers around 0.81 and has a substantial left tail extending into clearly active mandates. The
synthetic 13F distribution shifts rightward, with mass concentrated near 1.0 and a much thin-
ner left tail. The AUM-weighted mean rises from 0.81 to 0.93, a roughly 15% shift toward
the near-unit range that the literature has often interpreted as implausibly inelastic demand.
(These means sit slightly below the top-30-family figures of Table 1, 0.84 and 0.96, because
the distribution here covers all matched funds rather than only the largest families.) Because
both distributions are constructed from the same underlying holdings, the shift is entirely a
consequence of aggregation.

Taken together, these results support the mechanism developed in Section 2. Institution-
level demand estimates are not simply noisier versions of mandate-level demand. Consolida-
tion changes the object being estimated. By mixing heterogeneous sleeves into one observed
portfolio, it pushes the linear price coefficient toward the near-unit region and shifts the re-

mainder of the curvature into measured latent demand.

4.2 Mandate-level estimates and price elasticity

Having established that the aggregation wedge is systematic and quantitatively large, I now
examine what demand estimates look like once the wedge is removed.

Coefficient distributions over time. Figure 6 summarizes the distribution of characteristic-
demand coefficients across funds over time. For each quarter, I estimate fund-level demand
parameters using the granular (mandate-level) GMM procedure described in Section 3, and
report the cross-sectional median (solid line) together with the interquartile range (shaded
band, 25th-75th percentiles).

The panel for the price coefficient (log market equity) is particularly informative. Recall
that a governs how a fund’s dollar weight responds to price movements. Values near one
correspond to nearly mechanical tracking of value weights (and therefore very low implied
quantity adjustment), while lower values indicate more downward-sloping demand in the
sense that quantities are reduced as prices rise. The estimates imply substantial heterogene-
ity: across most of the sample, the interquartile range of « lies roughly between 0.1 and 0.6,
with the median in the middle of that band. These values imply economically meaningful but
not extreme price sensitivity—far less inelastic than the near-unit or upward-sloping behavior
obtained from institution-level estimation on consolidated holdings.

The remaining characteristic loadings exhibit similarly interpretable patterns. Market-to-
book and book-equity panels show persistent nonzero medians, consistent with stable demand
tilts toward (or away from) value-related attributes. Profitability and investment loadings are
generally positive in the median. The market-beta loading is typically negative, consistent
with mandates that penalize high-beta exposure once other characteristics are controlled for.
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Despite this cross-sectional heterogeneity, the median coefficients are relatively stable over
time, suggesting that the granular procedure recovers persistent style-driven tilts rather than

absorbing broad market dynamics into residual “latent demand.”

Stock-level price elasticity. Aggregating fund-level price coefficients across holder funds
with ownership weights, I construct a stock-level mutual-fund price elasticity E ﬁ’IF each quar-
ter. Figure 7 plots the dollar-weighted mean across stocks over time at two levels of ag-
gregation, both computed from the same underlying mandate-level holdings: the mandate
(fund) level, and a synthetic institution built by consolidating each family’s mandates and re-
estimating the linear specification. Although the estimation sample begins in 2003Q4, I plot
the elasticity series from 2010, when CRSP mutual-fund coverage becomes dense enough for
stable dollar-weighted aggregation (see Table 3).

Two features of Figure 7 support the aggregation mechanism of Section 2. First, the syn-
thetic 13F series sits in the 0.05-0.10 range throughout the sample. This coincides with the
institution-level mutual-fund elasticities reported in Figure 3 of Koijen and Yogo (2019), which
estimates the same specification on actual 13F filings rather than on a synthetic construction
from mandate-level data. The close correspondence is a validation check: the synthetic ag-
gregation reproduces the institution-level estimates obtained directly from 13F data, so the
comparison with the mandate-level series isolates the role of the observational unit rather
than differences in sample, specification, or estimator. Second, the mandate-level series is
two to four times larger than the synthetic 13F series and trends gradually downward, from
roughly 0.4 at the start to about 0.2 by 2024. The trend is consistent with the rising passive
share of mutual-fund assets and with reduced-form evidence on flow-induced price pressure
(Wurgler and Zhuravskaya, 2002; Lou, 2012; Chang et al., 2015).

4.3 Latent demand at the stock level

A natural diagnostic of the granular estimation is to examine the residual portfolio tilts it pro-
duces. For each fund f, stock j, and quarter ¢, the residual é¢j; = wyj; — fiyjy measures the dif-
ference between the fund’s observed within-universe weight and the weight implied by its es-
timated demand parameters. Scaling by fund equity assets gives a dollar tilt éf} it = Afedre Egir-

A stock-level net residual can be formed by summing dollar tilts across funds, L;}’IP =
Y éf} it but this aggregate is mechanically attenuated because each fund'’s residuals approxi-
mately sum to zero within its universe. The economically informative content therefore lies in
the shape of the distribution: how much funds disagree about a given stock, whether that dis-
agreement is symmetric or concentrated in one tail, and which stocks attract the most polarized

active tilts.

Cross-fund disagreement and consensus. Table 2 summarizes the cross-fund residual distri-
bution for the thirty largest stocks by market capitalization in 2024Q4. For each stock I report
the number of holder funds, the AUM-weighted mean and standard deviation of fund-level
residual weights é¢j; across holder funds (in basis points of fund equity), the ratio of net-to-
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Figure 6: Coefficients on characteristics. Each panel plots the cross-sectional median (solid line), the
interquartile range (dark shaded band, 25th—75th percentiles), and the 10th-90th percentile range (light
shaded band) of mandate-level coefficient estimates each quarter. Coefficients are estimated quarter-

by-quarter from mandate holdings using the baseline demand specification; the dashed horizontal line
marks zero.
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Granular vs 13F (2010 onwards)
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Figure 7: Dollar-weighted mean stock-level mutual-fund price elasticity E;\fF over time, computed from
the same underlying mandate-level holdings at two levels of aggregation: the mandate (fund) level, and
a synthetic institution formed by consolidating each family’s mandates and re-estimating the linear
specification. The mandate-level series is two to four times larger and trends downward with the rising
passive share; the synthetic 13F series sits in the 0.05-0.10 range and coincides with the institution-
level mutual-fund elasticities in Koijen and Yogo (2019), Figure 3, providing a validation check that the
comparison isolates the role of the observational unit.
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predicted excess demand, and a consensus index defined as

. ’Zfé?jt‘
jt =
Ly

, (38)

Al

$
C¥jt

which ranges from zero (funds’ positive and negative tilts cancel perfectly—pure disagree-
ment) to one (all funds tilt in the same direction—full consensus). This ratio is invariant to
the number of holder funds and to cross-stock differences in market capitalization, making it
directly comparable across the panel.

The table reveals substantial heterogeneity along two economically distinct dimensions.
The first is the direction of net excess demand, captured by the column NetExc/Pred. Stocks
such as MSFT, JPM, and NFLX attract net positive residual demand well above what firm
characteristics predict, while TSLA, WMT, and ORCL are systematically underweighted. The
second, and more novel, dimension is the degree of fund agreement behind these net positions.

Three archetypal patterns emerge:

(i) Consensus underweights (Cj; high, net demand negative). TSLA (C = 0.83), WMT
(0.83), TMUS (0.87), and ORCL (0.77) are stocks that the broad majority of active funds
tilt away from. These names share low cross-fund dispersion, indicating that the under-
weight is not driven by a few large funds but reflects a near-unanimous active bet.

(ii) Contested names (Cj; low, dispersion high). META (C = 0.17, o = 126 bps), GOOGL
(0.05, 80 bps), and AAPL (0.32, ¢ = 164 bps) exhibit net residual demand close to zero but
large cross-fund dispersion. Funds disagree sharply: some overweight these stocks well
beyond what characteristics justify, while others underweight by similar magnitudes. A
consolidated institution-level estimator would report that the model fits META well—
the net residual is near zero—when in fact it fits well only because large positive and
negative active bets cancel across mandates. The scalar stock-level residual obscures the
economically active disagreement underneath.

(iii) Consensus overweights (Cj; high, net demand positive). MSFT (C = 0.50), JPM (0.54),
and NFLX (0.49) attract broad positive tilts with moderate dispersion, suggesting that
fund managers collectively view these stocks as underpriced relative to the characteristic-
based benchmark, with limited offsetting underweights.

That these patterns align with market narratives in 2024Q4—broad skepticism toward
rate-sensitive or idiosyncratic-risk names (TSLA, WMT), active disagreement over Al-exposed
mega-caps (META, GOOGL, AAPL), and consensus overweighting of perceived quality (MSFT,
JPM)—provides reassurance that the granular residuals carry economically interpretable infor-

mation rather than estimation noise.

5 Conclusion

This paper has argued that demand estimation in asset markets is shaped by two structural
features of institutional portfolios that are absent in product markets. First, institutions dele-
gate across heterogeneous mandates, and the econometrician typically observes only the con-
solidated position. When each mandate follows a logit-style share system, institutional de-
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Table 2: Cross-fund latent-demand summary for the thirty largest stocks (2024Q4). For each stock I
report the number of holder funds, the AUM-weighted mean and standard deviation of fund-level
residual weights é¢;; (basis points of fund equity), the ratio of aggregate net excess demand to total
model-predicted demand (NetExc/Pred), and the consensus index Cj; from equation (38). Residuals
are winsorized at the 1st and 99th percentiles within each stock before computing summary statistics.

Ticker =~ ME ($B) #Funds Mean (bps) o (bps) NetExc/Pred C

1 AAPL 3,785 1,298 —44.1 163.6 2.0% 0.32
2 NVDA 3,289 1,255 —255 109.6 —3.7% 0.15
3 MSFT 3,134 1,446 285 119.0 17.3% 0.50
4 AMZN 2,307 1,249 —4.5 92.4 82% 0.12
5 TSLA 1,296 977 —53.7 74.8 —12.2% 0.83
6 META 1,276 1,392 169 1258 —-0.1% 0.17
7 GOOGL 1,106 1,325 —-0.9 80.2 —4.4% 0.05
8 AVGO 1,086 1,275 10.8 68.3 —1.8% 0.03
9 LLY 733 1,210 —-11.4 72.4 —19.0% 0.37
10 WMT 726 1,072 —63.8 52.8 —22.6% 0.83
11 JPM 675 1,195 19.6 714 18.7% 0.54
12 BRK 602 868 30.0 59.6 —4.4% 0.42
13V 547 1,171 1.3 53.6 2.8% 0.28
14 MA 480 1,118 2.6 50.2 11.0% 0.12
15 XOM 473 1,222 2.2 63.2 2.3% 0.15
16 ORCL 466 1,114 -31.3 32.8 —24.0% 0.77
17 UNH 466 1,359 17.7 63.2 5.0% 0.49
18 COST 407 1,013 —2.6 449 4.6% 0.01
19 PG 395 1,117 —13.7 55.5 1.3% 0.12
20 HD 386 1,150 44 41.7 —14.7% 0.14
21 NFLX 381 1,060 17.2 52.6 17.0% 0.49
22 JNJ 348 1,170 —6.9 57.8 12.9% 0.05
23 BAC 337 1,167 -53 43.6 4.1% 0.20
24 CRM 320 1,217 —-04 47.6 1.7% 0.21
25 ABBV 314 1,202 -29 54.3 17.4% 0.02
26 KO 268 1,049 —10.6 37.8 —14.7% 0.45
27 CVX 260 1,098 —5.8 36.1 —13.0% 0.52
28 TMUS 256 999 —289 35.6 —30.8% 0.87
29 MRK 252 1,299 —4.2 39.7 —-11.0% 0.17
30 CSCO 236 1,188 -0.2 42.4 23.1% 0.17
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mand is a log-sum-exp aggregation of micro demands—a cumulant generating function that
is intrinsically convex, with curvature equal to the cross-mandate dispersion in price sensi-
tivities. Linear demand specifications applied to the aggregate are therefore projections of a
curved object, and the resulting coefficient estimates are pulled away from the average man-
date slope—in this sample, toward the near-unit region the literature reads as extreme inelas-
ticity. Second, even at the mandate level, portfolios span large universes with a long tail of tiny
weights. The effective sample size for demand parameters is governed by portfolio concentra-
tion (n®f = 1/HHI), not the number of assets in the choice set, meaning that conventional
inference systematically overstates precision.

Empirically, estimating demand at the granular fund level—with preconditioning that re-
spects the information structure of long-tail portfolios—delivers three results. First, fund-
level price elasticities are overwhelmingly well-behaved and consistent with reduced-form
benchmarks, without imposing ad hoc monotonicity constraints. Second, aggregating these
micro estimates into synthetic 13F institutions reproduces the patterns observed in the litera-
ture, confirming that extreme inelasticity reflects aggregation rather than an economic primi-
tive. Third, the granular residuals reveal economically structured disagreement across funds—
contested names where large positive and negative active bets cancel, versus consensus over-
or underweights—that a scalar institution-level residual would collapse to near zero.

These findings suggest that the apparent tension between structural demand estimates and
reduced-form evidence from quasi-experiments is not a paradox about investor behavior. It is
a consequence of applying product-market econometrics to a setting whose data differ fun-
damentally from product-market choice sets: the universe is vast, the weight distribution is
extreme, and the observed unit is an aggregation of the true decision maker. Recognizing
these features—and adapting the estimator accordingly—yields demand estimates that are
economically interpretable and empirically stable. The remaining open question is whether
richer theoretical structures—incorporating cross-asset substitution, dynamic considerations,
or equilibrium feedback—alter the picture once these aggregation effects are removed. This
paper provides the structurally sound baseline against which that question can be addressed.

More broadly, the issues studied here are specific to the geometry of portfolio data. Ob-
served shares are nonnegative and add up to one, so quantity moments do not behave like
unconstrained price or return moments; their statistical content is shaped by this geometry.
Whenever the observational unit bundles heterogeneous primitive decisions, the map from
portfolio data to structural parameters is generically nonlinear, and the aggregation mech-
anism studied here is one economically important instance. The estimates here are partial-
equilibrium by design and provide a baseline on which richer market-clearing analyses can
build.
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A The Level Moment and the Effective Sample Size

This appendix supplies the estimator-level calculation behind Proposition 1. It keeps separate
the observed share vector, the fitted share vector, the residualized price characteristic, and the
instrument that the main text suppresses for readability.

A.1 Model, shares, and the local evaluation point

Fix a fund-quarter. Latent demand in log quantities is
logg; = ap; + xjB +¢;, Ele] =0,  Var(ej) = 02, (39)

with ¢; independent across positions. Observed within-universe shares are w; = g;/ } i qx-
Let p(a, B) denote the multinomial-logit shares implied by the systematic index, and write
o = u(wo, o) at the local evaluation point.

The share map differentiates to

du = Qdlogy, Q = diag(po) — popy- (40)

For any vector v,

(Qv)j = HOj(Uj - 77;:)/ Oy = ZHOkvk-
k

The local share model is therefore

P
w—1o=Qe+0(e]?), L] =aqp. 41)
o 60

All derivatives and conditional variance calculations below are evaluated at yp. The main text

writes pio; for this local share vector and uses observed shares w; as its empirical plug-in.

A.2 Partialling, centering, and the exact linearization

Let X_ collect the non-price characteristics. Define the residualized price characteristic in the
share metric by
p=p—X_ (X QX ) 'X_Qp. (42)

Center and rescale f so that

Y poipi =0, ) poip; =1. (43)

] ]

The main text writes x = f after this normalization.
The level moment for the price coefficient is

Hw—p(a)} =0, (44)
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where z is the instrument for p. Its first-order score is

ZQe+O(|Je]?) (45)
=) _10j(z — Zu)ej + O([le]®). (46)
]

2 (w — po)

If z is weighted-centered, Z, = 0, so the portfolio-average shock cancels exactly and the first-
order score becomes }; po;zj€;.
Linearizing (44) around the truth gives
z'Qe , 70?2

& — g~ z’iﬂﬁ' Var(& | po, p,z) =0 TP 47)

The corresponding realized effective sample size is

o? _ (Zop)?
Var(& | po, p, z) 2’02z

Net (2, P; po) = (48)

This is a fixed-design, finite-sample calculation. It does not invoke an asymptotic argument in
the number of listed holdings.

A.3 The exogenous case and the alignment factor

Set z = p = x and use the weighted centering and standardization in (43). Then

XOx =Y poxt =1,
j

and
'0%x = Z‘u%jx]z.
]
Hence
Var(& | po, x) = 22;4%]-35]2. (49)
j
Let 2
Ho;
Sy = ZV(Z)]" K= Z S—] . (50)
j j
Then
A) = 025 N, 1 _» 51
Var(&) = 0°S2x, eff = g = (51)

The factor x contains the direction-specific part of the problem. It exceeds one when the
squared characteristic is concentrated in the large positions, which raises variance and low-
ers effective sample size. It falls below one when characteristic extremeness is concentrated in

smaller positions. The approximation in the main text is x ~ 1.
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A.4 The generic-direction benchmark

Let x have independent entries with mean zero and unit variance, independent of the portfolio
weights. For any fixed matrix A, E[x'Ax] = tr(A). Writing Sy = ¥ y’(‘)]-, the trace identities are

tr(Q)=1-5,,  tr(Q?) =S, —253+S3. (52)

Replacing the realized quadratic forms in (48) by these design expectations gives

~ {tr(Q)}? (1-5)° 1 ff
Negt = = ~ — =n%, 53
7 () 5-25+82 S (53)

where the approximation holds when no single position dominates the portfolio, i.e., in the

granular regime of Definition 1.

A.5 Equal weights

Let jipj = 1/N,z = x, 1'x = 0, and N~'x’x = 1. With P = I — 11'/N, equal weights imply
Q) = P/N. Therefore

x'Px » x'Px 1
==l YO =T =
so
O
Neg = N, Var(&) = N (54)

The textbook regression variance is therefore recovered exactly when all portfolio slices are

equal.

A.6 Remarks

First, the quadratic form x’ O2x is the score-noise term of the level moment, not its information

denominator. The information object is the signal-to-noise ratio in (48). Treating x'()?

X as
information reverses the concentration comparative static.

Second, zero positions enter the level moment without modification through w; = 0. Mo-
ments that divide by small fitted shares place fundamentally different weight on the tail; this
weighting choice is taken up in Section 3.2.

Third, when z # x, instrument alignment enters alongside the characteristic-alignment
factor in (51). The empirical implementation therefore reports realized, partialled identification
diagnostics rather than relying only on 1/HHIL

Finally, all statements are per fund-quarter. Information accumulates across fund-quarters,

not through nominal expansion of a single portfolio’s long tail.

B Full Derivatives of Consolidated Demand

This appendix derives the exact total derivatives of the consolidated institutional demand Aj;

with respect to p;, without imposing the granular-portfolio approximation w;,, < 1 used in
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the main text.

Setup and notation

Recall that Wim = om / (T+ Y e‘sk'") denotes the mandate-level logit share and wq,, = 1/ (1+
Y e%n) is the outside-option share. The institutional mixing weights are 71,,,; = a,;Wom/ Y A¢iwo-
Define the tilted weights 7t,,; = TT i€l / ) TTy;e%%.

First derivative

Using the decomposition Aj; = log (¥, amiw;jn) — log(¥, aswyy), the total derivative is

AN
] {l = Z Tmi le<1 — w]m) + Z TCmi &m Wi (55)
p] meM; meM,
This can be rewritten as
AN
—E =Ealan] + Y (7owi — Foi) & Wi,
p] meM,;

where the second term is the indirect effect from the endogenous response of the mixing
weights.

Second derivative

The exact total second derivative is

d 2]1 = Varz(an(1 - wjm)) - Varn(“mwjm) + Z (Tmi = Tomi) W (1 = Wi (56)
P] meM,;

Granular-portfolio limit
When wj,, < 1 for all m:
o (1—wpm) — 1,50 (1l —wjy) — am;

e all terms carrying wj,, (indirect effects, variance corrections) vanish at rate O(max, wj,) =

O(1/n%%) in the granular regime.

The first derivative reduces to Ez[a,,| and the second to Varz(ay,), as stated in the main text
[equations (23)—(24)].

C Robustness to Data Contamination in the Tail

Financial holdings data are reported at discrete precision and subject to minimum reporting
thresholds. In the CRSP mutual fund holdings data, the effective weight floor is approxi-
mately w = 10~* (one basis point), and weights move in discrete increments of A = 107%.

Tail positions with true weight below w are censored, and positions near the floor are coarsely
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quantized. This appendix quantifies the claim made in Section 3.2: contamination on the re-
porting grid perturbs the level-moment estimator by an amount an order of magnitude below
its sampling error, while the same contamination enters the ratio moment at first order.

Throughout, notation follows Appendix A: x; is the residualized price characteristic, weighted-
centered and weighted-standardized with respect to the local share profile i as in (43), and
the level moment is }_; x;{w; — pj(a)} = 0.

Figure 8 illustrates the long-tail structure directly. Each panel plots observed portfolio
weights against market-cap weights for four representative index funds in 2022Q4. The dis-
crete flooring is visible as horizontal bands at the bottom of each panel: positions below the
reporting threshold are censored to w ~ 107*, creating a mass of observations at the floor. Fig-
ure 9 shows the same data as the ratio What/Wmeap against market-cap rank. For the S&P 500
and Russell 1000, the ratio is close to one across most of the cross-section, consistent with
near-mechanical tracking. For the Russell 3000 and Total Market, the ratio rises sharply for
small-cap names (high rank), reflecting both the flooring artifact and genuine overweighting
of small positions relative to market-cap weights.

Proposition 2 (Robustness of the logit NLS to tail contamination). Suppose the observed weight
satisfies w;’bs = w;rue + ¢}, where c; is a contamination term (from censoring, quantization, or other
measurement error). Let & denote the NLS estimator using observed weights and w the true parameter.
Then the first-order bias satisfies

& —ag ~ I(oco)_l Z cj ]/l]'(oéo) qu. (57)
jeu

(i) Floor censoring. If K tail positions are censored at w, so that c; = w — pj < w for censored
stocks and cj = 0 otherwise, then

c
|biasﬂ00r| < nff KQZ ’p _|§ens . (58)
P

With nt = 50, K = 500, w = 10~*, and [p¢| s /05 ~ O(1), this is O(10~*) — negligible
relative to typical estimates of x ~ 0.3-1.0.

(ii) Quantization. If c; is approximately uniform on [—A/2,A/2] and independent across stocks,
the expected bias is zero and the variance contribution to & from quantization is
L AZ AZ

Varquant(&) = Z(ao) 3 Zy% (pf)2 = EI(txo)_l. (59)
jeu

This adds variance of order A* - n®t to the sampling variance of &, which is negligible for A =

10~% and neff ~ 50.

Proof. Equation (57) follows from a first-order Taylor expansion of the NLS first-order condi-
tion around o, using dp;/da = p; pj-

Part (i): For censored stocks, Hi < w, so each term in the numerator of (57) satisfies
lcjpjp§l < w? [p|. Summing over K censored stocks and dividing by Z(ag) = O(1/ neff)
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Portfolio Weight vs Market-Cap Weight — 2022Q4
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Figure 8: Portfolio weight vs. market-cap weight for index funds (2022Q4). Each panel plots
log(What) against log;,(Wmcap) for the indicated index fund. The dashed line is the 45-degree line.

Horizontal banding at the bottom reflects the discrete reporting floor (w ~ 10~%). The number of secu-
rities in each fund’s effective universe is shown in parentheses.
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Weight Ratio (w_hat / w_mcap) vs Market-Cap Rank — 2022Q4
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Figure 9: Weight ratio vs. market-cap rank for index funds (2022Q4). Each panel plots What/Wmcap
against market-cap rank (1 = largest) for the indicated index fund. The red line is a rolling median
(window = 22). For narrow-universe funds (S&P 500, Russell 1000), the ratio is close to one across
most ranks. For broad-universe funds (Russell 3000, Total Market), the ratio rises sharply for small-cap
names, reflecting both the reporting floor and genuine small-cap overweighting. The discrete quantiza-
tion of reported weights is visible as horizontal striations.
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yields the stated bound.
Part (ii): Independence of c; across stocks and E[cj] = 0 imply zero expected bias. The
variance follows from E [c]2] = A?/12 and the sandwich formula. ]

The key mechanism is the y; factor in the logit score. Each tail observation’s influence on
& is weighted by its fitted share p;, which provides one full power of natural downweighting
beyond what a linear model would deliver. In a linear regression of w; on p;, contamination
¢ in tail observations would contribute c; p]C- to the score—with no y; dampening—and the
cumulative effect of K censored observations could be of first order. The logit link’s built-in
dampening is therefore not merely a convenience; it is the structural reason that logit demand
estimation remains well-behaved in the presence of the data limitations that are endemic to
financial holdings databases.

D Data, Specification, and Implementation Details

This appendix collects the data construction and implementation details that are deliberately
suppressed in Section 3, where the main text focuses on the two substantive design changes:
the observation unit and the moment condition.

D.1 Data and observation-unit construction

A note on scope. The estimates describe the U.S. mutual-fund sector—the institutional uni-
verse for which mandate-level holdings are observable in the CRSP Mutual Fund Database,
and (Table 3) roughly 29% of market capitalization. This sector is heavily indexed and, when
consolidated, sits among the most inelastic parts of the 13F universe; consolidating the same
mandates into synthetic institutions reproduces the near-mechanical, low-elasticity estimates
familiar from institution-level work (Koijen and Yogo, 2019), which validates the within-sample
benchmark used throughout. The remaining 13F institutions, outside the mutual-fund panel,
are known to exhibit higher elasticities, so the absolute magnitudes here should be read as the
mutual-fund sector rather than the whole market. This scoping is a strength on two counts.
First, the aggregation wedge is identified within the same holdings, so it is not an artifact of
which institutions enter the sample. Second, because this sector is the hardest case for finding
elastic demand, recovering more elasticity even here is conservative for the mechanism.

To isolate the role of financial holdings while maintaining comparability with canonical
demand-system applications in asset pricing, I keep the core empirical environment as close
as possible to the Koijen and Yogo (2019) setting. Stock prices, returns, dividends, shares
outstanding, and identifiers are drawn from the CRSP Monthly Stock Database. I impose
standard sample restrictions consistent with the prior literature (e.g., common shares and ma-
jor exchanges), and I construct stock characteristics following the same templates used in re-
cent demand-system implementations. In particular, the characteristic set is motivated by the
Fama-French five-factor model and includes size-related measures, value (book-to-market or
book equity), profitability, and investment, along with additional controls such as market beta

and dividend measures. Throughout, the construction of characteristics and lag structure is
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aligned with the benchmark pipeline so that differences in results can be attributed to the ob-
servational unit and estimation design rather than to a different characteristic set.

The central change is the observational unit of holdings. Canonical applications often rely
on consolidated institutional portfolios from SEC 13F filings, where the observed “institu-
tion” is typically a fund family or manager that aggregates multiple underlying mandates.
In contrast, I use the CRSP Mutual Fund Database and treat each mutual fund portfolio as
a mandate-like decision unit. Conceptually, this shift moves the data closer to the primitive
decision maker and removes aggregation across heterogeneous sleeves by construction. Em-
pirically, it replaces the institution-level rollup with fund-level holdings that are still large and
diffuse, but substantially closer to a single investment style than a 13F filer.

I restrict attention to equity funds using Lipper classification codes, focusing on funds
whose primary mandate is U.S. equity (Lipper EQ). This restriction serves two purposes. First,
it improves comparability across portfolios by excluding multi-asset funds whose holdings
and constraints differ qualitatively. Second, it sharpens the interpretation of demand coeffi-
cients as reflecting equity reallocation rather than cross-asset allocation decisions.

The CRSP Mutual Fund Database reports holdings at the share-class level, where multiple
share classes (e.g., retail vs. institutional) may correspond to the same underlying portfolio
but differ in fee structure, distribution channel, and investor eligibility. For the purposes of
demand estimation, these share classes implement the same portfolio decision. I therefore
aggregate share classes to the portfolio level (CRSP portfolio number) and compute portfolio
AUM as the sum of AUM across share classes within the same portfolio. Holdings are cor-
respondingly treated as portfolio holdings. This aggregation reduces mechanical duplication,
aligns the observational unit with the portfolio choice, and avoids overweighting portfolios
that simply offer many share classes.

I construct each fund’s effective universe to mirror the benchmark demand-system setup.
In each quarter ¢, the universe for a fund is defined as the union of securities observed in the
fund’s holdings at t and the securities that appeared in the fund’s holdings over the preceding
eleven quarters. This rolling-union universe matches the intuition that portfolio choice is made
over a persistent opportunity set and ensures that the estimator does not mechanically treat
previously held securities as unavailable options. It also maintains continuity with the large-
universe logic in Koijen and Yogo (2019): funds choose from a broad set of securities, and the
econometrician must account for the fact that most weights are small.

A limitation of the mutual-fund holdings data is coverage. The CRSP mutual fund hold-
ings panel is available reliably from 2000 onward, and characteristic construction and lag re-
quirements imply that the effective estimation sample begins in 2003Q4. While this window is
shorter than what is available for 13F-based studies, it spans multiple market regimes (includ-
ing the financial crisis and the post-2008 period) and is sufficient to make the paper’s central
point: mandate-level estimation delivers economically interpretable demand coefficients, and
the remaining estimation challenges in finance stem from the granularity of portfolio weights
rather than from institutional aggregation alone.

Tables 3 and 4 summarize the sample. Table 3 covers the mutual-fund sector from 2003-

2024, reporting the number of funds, aggregate AUM, and the fraction of market capitalization
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held by mutual funds overall and by size bin. Table 4 reports portfolio granularity and tail-
concentration statistics: AUM per fund, rolling-universe size and number of holdings (AUM-
weighted mean and P90), and the fraction of holdings with weight below 1% and 0.1% together
with the portfolio mass those positions represent. Its long-tail features motivate the remainder
of Section 3: by 2024 an average fund holds over 300 names in a universe of roughly 600 secu-
rities, with 67% of positions carrying weight below 1% of the portfolio. This highly diffused
portfolio geometry implies that the logit link is locally flat for much of the cross-section, weak-
ening identification and creating conditioning challenges under exponential links—a feature
addressed by the level-moment design in Section 3.2.
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Table 3: Sample summary: coverage and mutual-fund ownership (2003-2024)

#Funds Mktcap % Market held (MF sector) Total AUM
Year ($bn)  All Large Mid Small Micro ($bn)
2003 3,720 11,2431 08 08 09 07 03 3,133.5
2004 3936 134870 06 06 07 06 03 4,146.2
2005 4,190 144164 06 06 06 06 03 4,901.6
2006 4591 156929 06 06 06 06 04 5,937.5
2007 5,056 17,029.7 35 35 41 38 21 7,207.2
2008 6,063 13,1005 145 141 186 174 83 6,253.4
2009 6,911 10,9340 18.8 181 252 229 122 5,797.6
2010 7,070 13,1693 245 237 31.1 298 16.5 7,217.2
2011 7,453 14,370.8 26.7 257 34.0 340 194 8,000.5
2012 7,752 15,639.6 26.7 258 33.7 335 189 8,665.0
2013 7,865 18,7042 27.1 26.1 33.6 346 185 10,490.9
2014 8,182 21,7453 27.6 26.6 342 349 181 12,377.7
2015 8,541 21,8829 27.7 267 350 341 16.6 12,684.2
2016 8,782 22,223.0 283 274 36.7 347 172 13,116.0
2017 8,736 25,649.1 286 277 369 354 173 15,370.3
2018 8,754 27,5064 29.1 282 374 368 172 16,192.5
2019 8,751 29,627.0 29.5 287 386 365 16.1 17,433.1
2020 8,584 32,191.8 29.1 285 371 341 137 17,817.3
2021 8,540 454285 285 281 354 326 107 23,545.4
2022 8,807 39,5612 285 28.0 377 304 79 20,665.3
2023 8,929 43,3104 288 282 386 334 118 22,213.2
2024 9,007 54,2914 29.0 284 388 348 14.6 26,798.0

Notes: Entries are annual averages across quarters within each year. “% Market held” is mutual-fund
dollar holdings divided by total market capitalization in the corresponding stock universe. Size buckets
follow the paper’s size breakpoints. Initial estimations encompass all available years, limitations in data
coverage restrict the analysis in Section 4.3 onward to the period beginning in the first quarter of 2010.
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Table 4: Sample summary: portfolio granularity and tail concentration (2003-2024)

AUM/fund Universe size # Holdings w < 1% w < 0.1%
Year Mean($mn) Mean P90 Mean P90 % HIld % Mass % Hld % Mass
2003 840.9 183 470 150 467 46.7 26.8 9.8 2.24
2004 1,052.9 236 473 157 467 49.0 29.0 11.4 2.48
2005  1,169.0 228 469 127 399 447 25.6 8.6 1.69
2006 1,292.8 226 474 139 461 44.2 25.2 11.1 2.30
2007  1,425.2 184 459 157 456 53.9 30.1 13.5 2.58
2008  1,056.8 268 473 184 450 557 314 15.8 3.19
2009 838.8 365 593 218 463 55.2 32.7 17.0 4.03
2010  1,020.6 358 662 216 460 54.7 33.3 16.1 4.13
2011 1,074.5 370 682 219 450 55.1 33.6 16.4 4.25
2012 1,117.8 381 700 223 450 55.0 32.8 17.3 4.42
2013 1,333.2 411 734 236 485 553 344 17.6 4.78
2014 1,512.7 432 810 244 545 555 34.9 18.1 4.93
2015 11,4859 445 924 252 574 56.8 35.6 19.2 5.14
2016 1,493.6 462 1,157 263 698 57.8 36.1 20.7 5.43
2017 1,759.7 481 1,288 274 881 584 36.8 21.5 5.71
2018  1,849.9 499 1,584 280 1,035 58.7 36.6 229 6.02
2019  1,992.4 539 1,980 298 1,129 62.1 38.3 25.1 6.47
2020 2,077.4 536 1,993 291 1,083 62.7 37.3 26.5 6.21
2021  2,756.6 592 2,157 318 1,187 63.8 39.1 274 6.98
2022 2,347.9 618 2,351 313 1,127 644 39.3 27.7 6.81
2023  2,487.6 615 2,592 315 1,097 65.0 38.6 28.2 6.74
2024  2,974.9 615 2,610 317 1,034 673 38.1 30.8 6.99

Notes: Entries are annual averages across quarters within each year. Universe size is the rolling-union uni-
verse (current quarter plus prior 11 quarters); holdings counts are within the same universe. Mean and P90
for universe size, holdings, and concentration columns are AUM-weighted averages across funds. “% Hld”
is the fraction of holdings with weight below the indicated threshold; “% Mass” is the total portfolio weight

in those positions.
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D.2 Specification and interpretation

Variables and characteristics. Let f index a mutual fund, j index stocks, and t index quarters.
For each fund-quarter (f,t), let U, denote the fund’s effective universe and let w¢;; > 0 be the
observed portfolio weight for stock j € Uy;. Define the within-universe total

When funds hold cash or assets outside U b1, St need not equal one; in that case I normalize the
holdings by their within-universe total so that }_;c;, Wit = 1. The estimator thus identifies
demand parameters from relative allocations within U;.
The characteristic vector xj; collects stock attributes motivated by the Fama-French five-
factor model:
* log(B/M)j;: log book-to-market ratio;
* OPj;: operating profitability (revenue minus cost of goods sold, SGA, and interest, di-
vided by lagged book equity, annualized over a trailing four-quarter window);
* Invj: asset growth (change in total assets over four quarters, scaled by lagged total as-
sets);
. }”tk_t ;- market beta estimated from a trailing 36-month rolling regression of excess stock
returns on excess market returns;
. I]-dti”: a dividend-payer indicator (equals one if the firm paid a positive dividend within
the trailing twelve months); and
* log(1+ D/BE);: log dividend magnitude among payers (dividends to book equity, set
to zero for non-payers).
All continuous characteristics are winsorized at the 2.5th and 97.5th percentiles each quarter
and then standardized to zero mean and unit variance. The dividend specification decomposes
the extensive margin (payer vs. non-payer) from the intensive margin (how much, conditional
on paying), following the observation that a large fraction of stocks pay no dividends and a
single dividend variable would be dominated by the mass point at zero.

The demand specification. My specification follows the relative-demand component of Koi-
jen and Yogo (2019)’s equation (10). For each (f,t) and j € Uy, define a linear index

N5it(051) = ap logME; + BEM log(B/M)j + Xy s, (61)
where 6 = (af, ﬁjlftM, 7f:) are the parameters of interest, and the implied within-equity share

exp(1¢jt)
Yeuy, P (k)

rit(0p) = (62)
so that Zjeuﬂ psit(05:) = 1 for all 8. The residual is uyj(05) = wyjr — psir(0)-

The object estimated here is therefore within-equity demand: given the fund’s allocation to
the equity universe, how does it allocate across stocks? The main implementation difference

from the benchmark outside-option specification is that I do not estimate a free intercept. In
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Koijen and Yogo (2019), the intercept governs the level of inside-equity demand relative to
the outside option and is identified through the residual normalization. Once holdings are
normalized within the equity universe, any common level shift cancels from the logit (equa-
tion (64)) and is not identified from within-equity share moments. The next paragraph derives
the exact mapping from the outside-option formulation to the within-equity specification used
here.

Scope of identification: within-equity demand. It is worth making explicit the relation be-
tween this within-equity specification and the outside-option formulation in Koijen and Yogo
(2019). Write Koijen and Yogo (2019)’s equation (10) compactly as

) = exp{c; + 1,0} €i(n),

where ¢; = Pk collects the intercept and r},6; collects the nonconstant characteristics. The
budget constraint over the outside option and the inside assets implies

exp{ci +r,0} €i(n) 1

w;i(n) = w;(0) = 1+ Ygen exp{ci + 7,0} ei(k)’

1 + Zke/\fi exp{ci + 1‘7291'} €i(k) !

The intercept c; shifts total inside demand relative to the outside option. It is not identified
from relative inside shares; it is identified by the outside-option odds together with the residual
normalization Ele;(n) | Z;, x| = 1.

Conditioning on the inside equity universe eliminates this margin algebraically. The latent

residuals enter the conditional shares unchanged, while c¢; cancels exactly:

wi(n) _ expinbije(n) 63)
Yoen; will)  Yoen; exp{ryfi} ei(£)

The conditional equity shares therefore identify the relative slopes 6;, but not the equity-vs-
outside intercept c;. The model-implied conditional shares pj;(6f;) in equation (62) corre-
spond to the same expression evaluated at €; = 1, so the residual uj; = wyj; — pyj; inherits the
latent residual variation.

The distinction is conceptual rather than merely numerical. A free intercept is meaningful
in the Koijen and Yogo (2019) model because the left-hand side is w;(n) /w;(0) and the outside
option provides a level against which inside equity demand is measured. Once the data are
normalized within the equity universe, the same intercept is not identified by share moments:

for any scalar a,

exp{a + 1,0} exp{r};0} "
Yrexp{la+r,0}  Yiexp{r,0}

Because the paper’s aggregation results concern within-equity slopes, I do not reintroduce

a Koijen and Yogo (2019)-style intercept, which would require either an additional outside-

option measurement or an auxiliary normalization on the latent residual.
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Interpreting «: the price coefficient. The specification (61) separates two economically dis-
tinct dimensions: log ME captures market capitalization, while log(B/M) captures valuation.
Because log MEj; = log Pj; + log Shares;; and shares outstanding move slowly relative to prices,
cross-sectional and short-horizon time-series variation in log ME is dominated by price varia-
tion. Following Koijen and Yogo (2019), I therefore interpret « as a price coefficient: it governs
how portfolio weights respond to price movements, holding fundamentals fixed (since &M
absorbs valuation).

A mechanically passive value-weighted mandate—one that holds each stock in proportion
to its market capitalization and does not rebalance—implies « = 1: a one-percent increase in a
stock’s price raises its dollar weight by approximately one percent.” Values & < 1 indicate that
the fund reduces its relative quantity allocation as prices rise, partially offsetting the mechanical
price effect—i.e., downward-sloping demand.

This object is the natural benchmark for the sanity checks in Section 4.1: I expect passive

large-cap trackers to cluster near « ~ 1, with active mandates systematically below.

Interpreting B®M: the valuation tilt. Holding market capitalization fixed, variation in log(B/M)
captures differences in valuation. The coefficient ﬁ?fw governs the fund’s sensitivity to this di-
mension:

o BBM > 0: overweights high-B/M (value) stocks = value tilt;

o BBM < 0: overweights low-B/M (growth) stocks = growth tilt;

e BBM ~ 0: no valuation tilt (broad market trackers).
Separating « from BM avoids conflating the price response with valuation tilts: a coefficient
on log ME alone would mechanically mix the fund’s response to price movements with its

growth-versus-value preference.

D.3 Implementation

This section collects the practical details of the estimation procedure. The baseline specifica-
tion (61)—(62) defines the model; here I describe how it is taken to data.

Regressor implementation: log ME +1og BE. The specification (61) uses log ME and log(B/M)
as the two size-related regressors. In implementation, I replace log(B/M) with log BE and es-
timate the index as

neir = ap logME; + ﬁ?f logBEjt + X} Vst (65)

where the asterisk on a* distinguishes the coefficient in this basis from the conceptual « in (61).
Since log(B/M) = log BE — log ME, the two specifications are algebraically equivalent, with
the identification

=B B = B ©

7This interpretation is exact in the frictionless mechanical benchmark where the fund does not adjust quantities
when prices move and the relevant universe is fixed. For style and segmented indices (e.g., mid-cap or small-cap
mandates), constituent changes and reconstitution can generate quantity adjustments when firms migrate across
bins, so & need not equal one even for “passive” products. In these cases a should still be close to one if most
variation is within-bin price movement rather than membership changes.
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The practical advantage of the {log ME, log BE} basis is that log BE is predetermined and not
mechanically linked to the endogenous price regressor log ME. This simplifies instrumenta-
tion: log BE serves as its own instrument, whereas log(B/M) would inherit the endogeneity
of log ME and require separate instrumentation. I report all results in the interpretable basis
(a, BBM) using the conversion (66).

In implementation, all regressors are standardized to zero mean and unit variance each

quarter. The price coefficient in raw (log-dollar) units is

~ %,std ABE ,std
&y Pri
OCft = + 7 (67)
Ulog ME Ulog BE

with standard error from the delta method.®

Instrumental variables. Because portfolio weights wyj; and stock prices pj; are jointly de-
termined in equilibrium, & is subject to the standard simultaneity concern. Following Koijen
and Yogo (2019), I instrument for log MEj; using a measure of the stock’s common fund flow

pressure:
A
e = Y A (68)
! fri€ly 1T+ |Uft|

where Ay, is fund f’s total AUM. The instrument is zj; = log(cfj;*), standardized each quarter.
To address the reflection problem, I use a leave-one-out construction: for each fund-stock pair
(f,]), the instrument z}‘;‘t’ is the analogue of zj; computed after excluding fund f’s contribution
to the common-flow sum in (68). The moment conditions are IE[Z;(;? (weje — wgie(01))] = 0,

with all exogenous characteristics serving as their own instruments.

Estimation criterion. Fund-quarter parameters are estimated by minimizing a quadratic form

in the IV moment conditions:

2

0 € argmin || Y-z (wpie — pu(6))|| (69)
]EUff

where z¢j; = (z}(ﬁ’, x;t) stacks the leave-one-out price instrument with the exogenous charac-

teristics. Standard errors use the heteroskedasticity-robust sandwich formula.

Long-tail normalization. As established in Proposition 1, score gradients scale with p; =
O(1/N) for tail positions, creating a severe numerical conditioning problem even though the

estimand is well-defined. To stabilize estimation, I apply a fund-specific effective-number nor-

8Let V¢ denote the estimated variance—covariance matrix of the standardized coefficient vector and let indices

1/2

1 and k correspond to (a4, BBES') Then se(af;) = (Vi1 / Oiggue + Vik/ Oiog s + 2Vik/ (GlogMEGIogBE)) - In

practice, Vi is often materially negative because log ME and log BE are highly correlated, so « can be more precisely
estimated than a* and BBF individually.
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malization that rescales the entire moment system without changing the minimizer. Define

2

_ Wit g 1 _ o eff

HHIft = Z (> P n% = P Sft = MNgy. (70)
j€Uy Sft s HHIy; s

Multiplying all weights by sy, rescales the objective without changing its minimizer under the
quadratic criterion. This is a pure preconditioning step that aligns the numerical scale of the

optimization with its statistical scale.

Identification filters. Not all fund-quarters are well-identified. I apply three conservative fil-
ters before aggregation. First, fund-quarters with a joint significance statistic below 10 (Wald /F-
type test that all slopes are zero) are flagged as weakly identified. Second, fund-quarters with
n?ftf < 20 are excluded.’ Third, for each characteristic x¥, I compute the weight-weighted dis-
persion

1/2

. Wit k)2
D1spft(xk) = Z S—f] <x;‘t —xjit> ; (71)

if this falls below 0.1 in standardized units, the corresponding B’} ; is set to missing. These filters
exclude less than 5.6% of AUM each quarter.

Section 4 uses the resulting panel {@y, EJ’%{VI, Yft} to benchmark estimates against well-
known funds and to document the cross-sectional distribution of characteristic demand.

9This threshold removes sector specialists, extremely concentrated mandates, and mechanically thin universes
where cross-sectional moments are unstable.
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