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ABSTRACT

We decompose variation in anomaly returns across investor types and trading motives, linking returns to
holdings within a demand system. Fundamental-based trading is the primary driver of anomalies, and both this
channel and non-fundamental trading are driven disproportionately by small investors. Institution-led channels
— flows and industry tilts — are secondary and concentrated in specific anomalies. These patterns favor
theories with heterogeneous investors and distinct trading behaviors over pure flow- or risk-only explanations.
Small investors account for a large share of the cash-flow news component of fundamentals-based trading,
suggesting that biases in processing information play a role in anomaly returns.
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1. Introduction

Asset pricing anomalies are return patterns that basic models, like
the CAPM, fail to explain. Despite decades of research, we still lack
clear evidence on who drives these patterns and how. Competing expla-
nations — priced risk, institutional flows, and heterogeneous-investor
behavior — point to different investor groups and trading motives,
but separating their contributions in the data has proved difficult. We
address this gap with an empirical framework that jointly estimates the
effect of each investor type and trading motive on anomaly returns,
allowing to distinguish among competing theories and to clarify the
conditions under which each mechanism operates.

We link anomaly returns to investor holdings through a structural
model in which shifts in investor demand determine equilibrium re-
turns. The design enables counterfactuals that perturb one demand

driver at a time for a given investor type, hold all else fixed, re-solve
for implied returns, and record the resulting price effect. This approach
yields direct and comparable estimates of how much of anomaly return
is attributable to each investor type and each trading motive, allowing
us to apportion total returns along both dimensions.

After constructing the investor-motive breakdown of returns, we
apply a canonical variance decomposition to attribute time-series vari-
ation in anomaly returns to those channels. In the spirit of traditional
approaches that separate movements driven by fundamentals from
those driven by discounting, we adapt the framework to our setting:
instead of cash-flow and discount-rate components, we decompose
by who trades and how, using investor types and trading motives as
the units of analysis for their contributions to return variation.! This
decomposition is intentionally theory-neutral: rather than imposing a
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specific explanation ex ante, we let the data indicate which channels
are most important.

An important advantage of our approach is the head-to-head com-
parability across theories that make distinct predictions about investors
and motives. Consider momentum: one view attributes it to underre-
action by less sophisticated investors (Hong and Stein, 1999) while
another links it to institutional flow-induced trading (Lou, 2012). By
decomposing momentum — and other anomalies — into investor—
motive components, we quantify which channels dominate in the data
and where each theory fits (or fails). More broadly, the framework
benchmarks competing drivers on a common scale and reveals when
a force is economically material versus negligible, always through an
explicit investor lens.?

To implement the decomposition, we estimate investor demand for
U.S. equities in the spirit of Koijen and Yogo (2019), Koijen et al.
(2023), but with a novel two-tier nested industry—stock structure that
flexibly accommodates substitution both across and within industries,
conditional on stock characteristics. We adopt a nested, rather than
simple, logit to account for realistic substitution patterns — capital
typically rotates toward close substitutes (Chaudhary et al., 2025) —
to obtain more credible elasticity estimates (Fuchs et al., 2025) and to
reconcile portfolio- and stock-level evidence (Li and Lin, 2025).*

The decomposition attributes anomaly-return variation to four
motives — demand for stock characteristics (fundamentals-based),
latent demand (non-fundamentals-based), flow-induced trading, and an
industry term that captures outer-nest rotation. We examine how these
motives contribute across investor types — small investors (defined
below) and major 13F institutions, including mutual funds, invest-
ment advisors, banks, insurers, and pension funds — and apply this
investor—motive breakdown to 47 anomaly portfolios spanning seven
categories: value, momentum, profitability, investment, issuance, size,
and tangibility.

Our analysis yields two main findings. First, fundamental-based
trading is the primary engine of anomaly returns, explaining about
40% of variance across portfolios on average. Non-fundamental-based
trading is the next meaningful layer, accounting for roughly 20%.
Industry effects are more modest at about 13%, and flow-induced trad-
ing is small on average at around 3%, with meaningful contributions
concentrated in a few categories. The ordering of these channels is
stable and statistically tight.

Fundamentals dominate in categories such as momentum, prof-
itability, and size; non-fundamentals matter more where fundamentals
recede (notably value and investment); flows register mainly in size and
issuance; and industry effects peak in value and tangibility. Dispersion
across individual anomalies is economically meaningful, but it does not
overturn the ranking of trading motives.

Second, investor identity is central. Small investors — defined as
non-13F, non-blockholder (stake < 5%), long-only owners — transmit
most of the fundamental-based component (about 27% of total vari-
ance, roughly two thirds of the 40% fundamentals share) and are also
the single largest contributor to the non-fundamental layer (about 7%,
compared with 5% for mutual funds and 3% for banks). By contrast,
institutional channels show up where expected: institutions account for
most of the industry margin (about 8% for 13F investors as a whole vs.
3% for small investors, on average across anomalies), and mutual funds
and investment advisors carry the flow channel.

2 Most prior studies focus on a single investor type, a single motive,
or a narrow set of anomalies, limiting head-to-head comparisons. Notable
exceptions include Edelen et al. (2016) and McLean et al. (2022), who study
multiple anomalies and investor groups. Their emphasis, however, is on which
investors exploit anomalies, not on apportioning the drivers of anomalies
across investor types and motives as we do here.

3 Koijen and Yogo (2025) use a nested-logit structure in cross-country
settings, and Bretscher et al. (2025) apply it to estimate a demand system
in the corporate bond market.
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We interpret the “small investor” category cautiously. It is not the
mechanical 100% — 13F residual; our construction is more granular,
excluding disclosed blockholders and positions attributable to short
sellers. Data limitations prevent a clean separation of households,
so some non-13F institutions may remain in the residual. Even so,
retail-tilt diagnostics across multiple signals (lottery-like payoffs, id-
iosyncratic volatility, firm age, turnover) align with the small-investor
type and point toward a household interpretation. Taken together, we
read the evidence as indicating that anomalies are shaped chiefly by
fundamental-based trading with a meaningful non-fundamentals layer,
transmitted disproportionately by small investors, while institution-led
flows and industry tilts play targeted but secondary roles.*

We link our findings to three main explanations for anomalies.
First, flow-based explanations emphasize how institutional trading re-
sponds to fund flows and shapes return patterns — momentum (Lou,
2012; Ben-David et al., 2022), size and value (Li, 2022), and broader
anomalies (Akbas et al., 2015). Our results refine this view by bench-
marking flows against other motives and by allocating them across
investor types: where flow effects arise, they are primarily institutional
— consistent with delegated rebalancing and benchmark pressure by
mutual funds and investment advisors — yet on average they are
modest relative to fundamental- and non-fundamental-based trading.
We interpret this as flows tending to propagate or amplify pressures
that originate elsewhere, while not ruling out episodes in which flows
play a more prominent, localized role.

Second, risk-based explanations link anomalies to priced risk (Berk
et al,, 1999; Zhang, 2005; Lettau and Wachter, 2007; Santos and
Veronesi, 2010; Gabaix, 2012; Kogan and Papanikolaou, 2013). In an
investor-demand framework, movements in coefficients on observable
characteristics translate signals about expected payoffs and risk expo-
sures into portfolio weights (Koijen et al., 2023), so the prominence
of fundamental-based trading is consistent with a risk channel. Two
tensions remain for a purely risk-based account. First, most risk-based
models feature a representative investor and therefore cannot speak to
the distinct effects across investor types that we document. Second, a
sizable non-fundamental component emerges precisely where charac-
teristics explain less. Neither point rules out risk-based explanations,
but together they suggest risk alone is unlikely to explain the full
pattern across motives and investor types.

Third, heterogeneous-investor and mispricing explanations offer a
natural organizing lens (De Long et al.,, 1990; Shleifer and Vishny,
1997; Barberis et al., 1998; Hong and Stein, 1999; Daniel et al.,
2001). In these models, misinterpretation of fundamentals (over- or
underreaction, coarse use of information, mistaken precision) and non-
fundamental trading (sentiment, liquidity, financing frictions) generate
persistent pressures that rational but constrained arbitrageurs only par-
tially offset. Our results line up with this structure: fundamental-based
trading does most of the work and is transmitted disproportionately by
small investors; a meaningful non-fundamental layer also tilts toward
small investors; and institution-led forces are most visible in flows and
industry tilts. We remain theory-neutral ex ante, but the joint pattern is
most consistent with mechanisms that combine investor heterogeneity
with both fundamental and non-fundamental forces.

To tighten the connection between our evidence and existing
anomaly theories, we map investor-motive channels onto cash-flow
(CF) and discount-rate (DR) news, following the variance-
decomposition approach of Chen et al. (2013) and Lochstoer and

4 Our findings on small investors align with recent studies that highlight
their influence on asset prices. Balasubramaniam et al. (2023) analyze Indian
retail investors’ stock holdings, while Betermier et al. (2024) show that Norwe-
gian individual investor portfolios explain stock return cross-sections. Gabaix
et al. (2022) also find that U.S. ultra-high-net-worth households help stabilize
market fluctuations. Unlike these studies, our work specifically quantifies
small investors’ contributions to anomalies, assesses their trading motives, and
compares their impact to that of large institutions.
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Tetlock (2020). This analysis quantifies how specific investors and
trading motives load on CF versus DR forces.

Two main findings emerge. First, we confirm the central result
of Lochstoer and Tetlock (2020): CF news are the dominant source of
anomaly-return variation, accounting for 62% of variance on average
across categories. Our investor-motive decomposition sharpens this
conclusion. Nearly half of this CF-driven variation is attributable to
small investors, in line with heterogeneous-investor mechanisms in
which less sophisticated traders act on (and sometimes misinterpret)
firm-level signals (Barberis et al., 1998; Daniel et al., 2001). Second,
only about 25% of the variance explained by the non-fundamental layer
loads on DR news. This leaves room for noise-trading dynamics (De
Long et al., 1990), yet most of the time variation in this layer remains
CF-related. Together, these patterns reinforce a CF-centric view of
anomalies and clarify who transmits CF and DR news, and through
which motives.

Our results place new empirical constraints on which investors and
trading motives drive anomalies. Prior work links ownership shifts to
future returns — e.g., Edelen et al. (2016) and McLean et al. (2022)
study who exploits predictability — but does not connect holdings
to anomaly returns through a structural model or compare investors
and motives head-to-head. Their conclusions, like Lewellen (2011),
complement ours by suggesting that institutions exert limited influence
on anomalies, a view reinforced by Davis (2024) who argues that
low price elasticity among sophisticated investors curbs their ability
to trade away mispricings. Haddad and Muir (2021) use cross-asset
return predictability to decompose aggregate risk-premium variation
and bound the shares attributable to households versus intermediaries.
In contrast, we work at the anomaly level rather than the aggre-
gate market, use a structural demand system rather than predictive
regressions, and identify investor roles directly from holdings.

Our study also relates to demand-system approaches that trace
return drivers from investor behavior. Haddad et al. (2024) analyze
institutional reactions to passive investing, Koijen et al. (2023) show
how investors shape valuation ratios, Huebner (2024) highlights mo-
mentum, and Han et al. (2022) examines mutual funds’ role in low-risk
anomalies. We offer a broader perspective: a unified decomposition
across investors, motives, and many anomalies, rather than focusing
on a single anomaly or investor group.

2. Variance decomposition of anomaly returns
2.1. A nested-logit demand system for equities

We model portfolio choice with a two-tier nested-logit demand
system, akin to Koijen and Yogo (2025) in the cross-country setting.
Below, we briefly outline the methodology; full details are in Appendix
B.1. At the outer nest, investors allocate wealth across G industries.
We use the Fama-French 5 industry classification — Manufacturing,
Durables, Hi-Tech, Health Care, and a residual “Others” — validated in
Appendix B.2. “Others” serves as the reference sector for normalizing
outer-nest asset share equations. Conditional on industry y, the inner
nest allocates that sector’s stake across stocks n € y, with each industry
including an outside asset n =0 | y.

Let w; ,(y) denote the share of investor i’s wealth in industry y at
time 7. Within that industry, the investor chooses conditional weights
w;,(n | y) for stocks n € y. The total investor i’s portfolio weight on
stock n is then

w[,x(n) = w[,r(n | 7) w[,x(]’) . (1)

The inner nest w;,(n | y) models how an investor substitutes across
stocks within an industry, while the outer nest w;,(y) captures how
an investor substitutes across industries. This two-tier nested logit
structure relaxes the homogeneous cross-asset substitution restriction
imposed by the standard logit model.
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Below, we describe how we model and estimate investor choice
within and across industries. In the inner nest, preferences for stock
characteristics are industry-specific—the coefficient vector varies with
vy, capturing that the relevance of characteristics differs across sectors.
In the outer nest, we estimate investor-specific, time-invariant sub-
stitution parameters governing how investors allocate wealth across
industries.

Inner-Nest Estimation. Within each industry y, we observe the
conditional weights w;,(n | y), i.e. the fraction of investor i’s allocation
to industry y that is invested in stock n. For example, if investor i
allocates half of total wealth to Manufacturing and then distributes that
amount 40-40-20 across three stocks A, B, C, our model must explain
the triplet (0.40, 0.40,0.20) as the outcome of a within-industry demand
system.

We assume the conditional weights follow a logit structure:

eXP{b,-,y,y + ﬂo,i,y,z p(n) + ﬁ;i’y’,xz(n) + 6,‘,;(" | 7)}

L 3 exp{b .+ Po,y i)+ Bl X, (m) + €, (m | 1)}
me./\/',,y

wi,t(” [7)=

@

where j\/,-’y is investor i’s stock choice set within industry y, p,(n) is the
price of asset n, x,(n) is a vector of firm characteristics, and ¢, ,(n | y) is
an idiosyncratic shock. The “1” in the denominator captures an inside-
industry outside option, representing the share of the industry budget
allocated to stocks not included in the tracked universe.

Recasting the logit in the usual share-ratio form,

w,-,,(n [7)
n— —m——=
w,-,,(O [ 7)

clarifies estimation: both the price coefficient §, and the characteristic-
tastes §, vary by industry, accommodating the fact that an investor may
care more about, say, profitability in Utilities than in Tech.

Endogeneity of p,(n) is tackled with a within-industry analogue of
the (Koijen and Yogo, 2019) “counterfactual market equity” instru-
ment. We find the counterfactual market equity, at the market clearing
price, if other investors (excluding i and stripping small investors)
were to hold an equal-weighted portfolio within their industry-specific
investment universe. This delivers a price that is orthogonal to i’s own
demand shock. We estimate the share-ratio equation by nonlinear GMM
on a quarterly cross-section, applying this instrument to every stock in
the industry.

Inclusive Value. After estimating the within-industry parameters
(Bo,iy 1> Pr,iys) for investor i, we collapse the entire menu of stocks in
industry y into a single statistic,

Ln=1+ Y exp{by,, +Po.pm) + B, xm)+e,m|n}. @
mEN',v'y

biys+ Boiys DM+ BL, x,(m) + €, (n | y), ©)

Lyt

The “inclusive value” equals the inverse of investor i’s outside portfolio
weight in industry y, Z;,(y) = 1/w;,(0 | y). A higher 7, ,(y) therefore
indicates that the tracked stocks in industry y are more attractive
relative to the untracked securities within the same sector. In the outer
nest, Z,,(y) serves as a sufficient statistic for industry y’s overall appeal
when the investor decides how much total wealth to allocate to that
industry.

Outer-Nest Estimation. Having turned each industry’s menu of
stocks into a single inclusive value Z;,(y), we model the share of total
wealth that investor i allocates in industry y as
w;,(y) = exp{ai,y + 771‘,1(7’)} I[,I(J’)Jf" ’ y=1.....G.

Y explay + 1, 1,0
]/,

where 7;,(y) is an industry-specific latent demand shock and o;, gov-
erns how aggressively the investor substitutes toward industry y when
its inclusive value rises. It gauges how much a change in Z;,(y) spills
over into investor i’s relative demand for the other industries.
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* If 0;, = 1 for all industries y, the system collapses to a standard
logit with perfect substitution across industries: the elasticity of
substitution within- and across-industry is identical, so a shock in
Tech affects Utilities just as much as it affects another Tech stock.

* If 6;, = 0 for all industries y, there is no substitution across
industries, meaning industries are fully segmented. The alloca-
tion across industries then becomes independent of the inclusive
value, effectively eliminating substitution effects.

Because reallocating capital within an industry is typically easier
than jumping across unrelated sectors, economic priors place o; , in the
open interval (0, 1). Estimating o;, therefore tells us exactly how much
cross-industry rebalancing accompanies a given demand shock in the
inner nest: higher values imply that shocks transmit strongly across
sectors, whereas lower values indicate that most adjustment occurs
inside the shocked industry itself.

Dividing the share for industry y by the share for “Others” and
taking logs yields

w,‘,y(?’)

n————=aqa,, —aq; +1; — 1, ,(Others
wiq,(OtherS) iy i Others T+ 11,1 () — 11; 4( )

+0;y InZ;,(r) = 0, others In Z; (Others). %)

Because we cannot difference out an investor-industry fixed effect,
®;, — & oters IS retained as an intercept. Eq. (5) is then estimated
investor by investor on a panel that stacks investor i’s portfolio weight
in the four industries (each relative to “Others”) over all time periods
in the sample. For each regression we include four regressors InZ; ,(y)
(one per industry relative to “Others”); the remaining inclusive-value
columns are masked so that, in any given row, only the relevant
industry’s regressor is active.

The inclusive value I;,(y) embeds contemporaneous prices, and it
is endogenous to the same shocks that drive industry-level demand.
Estimating (5) would therefore bias the substitution-elasticity o; . To
remove this bias we follow the inner-loop strategy and construct an in-
strument by replacing the observed market equity p,(m) with its Koijen
and Yogo (2019)’s instrument p,(m).

Plugging p,(m) into (4) yields the predicted inclusive value

Lo =1+ Y, expbuy+ fosya Bim) + L, xm |, ©®
me.Afi'y

which is orthogonal to the latent demand shocks by construction.
We compute fi’,(y) for each of the four industries and an analogous
fiv,(Others) for the outside option.

We then instrument both InZ; ,(y) and In Z; ,(Others) with their pre-
dicted counterparts. Using the same price instrument in the inner and
outer nests keeps the two layers internally consistent and alleviates
endogeneity concerns.

2.2. Implementation

2.2.1. Definitions and data

Stock Characteristics. We select a streamlined set of character-
istics, beginning with the standard set x, ,(n) from Koijen and Yogo
(2019): log market equity, log book equity, dividends to book equity,
profitability, investment, and market beta. Given the inclusion of a
short-selling sector in our model, we also add accruals as an addi-
tional characteristic, following Sloan (1996). By using this established
baseline set, we ensure comparability with recent demand-based asset
pricing studies (Han et al., 2022; Choi et al., 2023; Haddad et al., 2024),
while the inclusion of accruals addresses the documented relation-
ship between shorting demand and discretionary accruals ((Kolasinski
et al., 2013); Mainardi (2021)). Full details on the definition of stock
characteristics are provided in Appendix A.2.

Industry Choice. We adopt a five-industry outer nest because
industries align with the substitution margin we observe in the data
— the anomaly portfolios we study are tilted toward a subset of
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industries. Appendix Table B.1 shows that, under the Fama-French 10-
industry classification, the mean Herfindahl-Hirschman Index (HHI)
across anomaly portfolios is 22% (relative to a 10% industry-neutral
benchmark). When collapsed to the FF-5 classification, Appendix Table
B.2 shows that the mean HHI rises to about 31% (relative to a 20%
neutral benchmark), indicating that within-industry rotation is the
important margin of substitution.

We stop at five industries to preserve statistical power and ensure
stability in the outer nest. Appendix Table B.3 shows that, under
the FF-10 classification, per-industry cells become too thin — many
investor—industry panels have only double-digit stock counts, rendering
the nested-logit likelihood ill-conditioned. In contrast, Appendix Table
B.4 shows that the FF-5 classification raises even the smallest cell sizes
well above workable thresholds across investor types.

We also ensure that each industry has a comparable outside option
using the (Koijen and Yogo, 2019) definition of outside asset, combined
with the (Koijen et al., 2023) tail filter. This prevents a few sectors
from absorbing nearly all substitution. This design keeps the ¢ estimates
well-behaved and preserves their economic interpretation. In short,
the FF-5 classification is the finest partition that captures meaningful
substitution patterns without starving the data. A detailed discussion of
the industry choice and all related results is provided in Appendix B.1.

Investors and Holdings. We construct an investor-holdings panel
from standard datasets and SEC filings; Appendix A.3 provides full
details. We obtain quarterly holdings of all 13F institutional filers
from 1980-2022 from the Thomson Reuters Institutional Ownership
(S34) database.® Following (Koijen and Yogo, 2019), we apply the
same filters and classify 13F filers into six groups: investment advis-
ers, mutual funds, banks, insurance companies, pension funds, and
other 13F institutions (e.g., endowments, foundations, and nonfinancial
corporations).

We refine the residual ownership beyond the standard “households”
label used in the literature (e.g., Cohen et al. (2002); DeVault et al.
(2019)), which mixes small retail investors with other non-13F holders
whose behavior can differ. We follow (Schwartz-Ziv and Volkova,
2024) to identify non-13F blockholders (stakes > 5%) from Forms
13D/13G and amendments on EDGAR, and we remove overlaps across
sources to avoid double counting. Because Forms 13D/13G became
mandatory in 1999, we restrict the final sample to 1999-2022 so
blockholder coverage aligns with our holdings. These data allow us to
reassign residual ownership to blockholders where applicable.®

We treat short sellers as a separate investor category because their
positions are linked to anomaly returns (Hanson and Sunderam, 2014)
and should not inflate long-only ownership. We collect stock-level
short interest from Compustat and compute the quarter-end dollar
value of outstanding shorts. Rather than folding these negative posi-
tions into the long side, we exclude them from the residual sector so
borrowed-and-sold shares are not attributed to small investors.

After removing non-13F blockholders, and short sellers, we define
“small” investors as non-13F, non-blockholder, long-only holders. Sep-
arating short positions lowers the small-investor share and yields a
conservative allocation of residual ownership.”

5 We use the updated, partially regenerated S34 data with corrections noted
by researchers (e.g., Ben-David et al. (2021)). See https://wrds-www.wharton.
upenn.edu/documents/952/S12_and_S34_Regenerated_Data_2010-2016.pdf for
details.

6 Schwartz-Ziv and Volkova (2024) also identify corporate insiders as a
separate investor group. We fold insiders into the small-investor group: in the
early years (1999-2002) they hold fewer than fifty stocks per industry, well
below the threshold for reliable estimation.

7 As an illustration, in 2021Q4, blockholders account for about 5% of
ownership across all U.S. stocks (3.3% within our estimation sample), while
short sellers hold on average 3.5% per stock. From a 37.5% residual ownership
that might otherwise be labeled “households”, deducting 3.3% (blockholders)
and 3.5% (shorts) leaves 30.7% assigned to small investors.


https://wrds-www.wharton.upenn.edu/documents/952/S12_and_S34_Regenerated_Data_2010-2016.pdf
https://wrds-www.wharton.upenn.edu/documents/952/S12_and_S34_Regenerated_Data_2010-2016.pdf
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2.2.2. Demand estimation

Our estimation framework follows Koijen and Yogo (2019), Koijen
et al. (2023). Each quarter, within a given investor type (e.g., banks,
mutual funds, insurers), we sort accounts by the number of nonzero
holdings. Investors with more than 1000 positions are estimated as
stand-alone entities. Smaller accounts are pooled until each pool con-
tains at least 2000 stock holdings. This design preserves identification
for large institutions and stabilizes estimation for smaller ones.

For stand-alone investors, we estimate the nested-logit demand sys-
tem at the inner level using (3). Using the fitted inner-nest coefficients,
we construct inclusive values and proceed to the outer nest.

For pooled investors, we apply a two-step procedure. Step 1 esti-
mates inner-nest logits at the group level for each pooled set. Step 2
refines these into investor-level elasticities via ridge-penalty shrinkage
toward the group estimate, allowing controlled heterogeneity within in-
vestor types. With inner nests in place, we estimate the outer-nest sub-
stitution parameters o, , via (5), instrumenting In Z; (y) with predicted
inclusive values (6) constructed from the counterfactual prices.

For the non-13F categories — small investors, short sellers, and
blockholders — individual holdings are either unobserved (small in-
vestors, short sellers) or too sparse (blockholders). We therefore esti-
mate demand at the group level for each category. We impose 4, > 1
for short sellers to ensure an upward-sloping demand curve and f,, < 1
for all long-only investors. This approach captures rich heterogeneity
across institutional investors in both nests, while the contributions of
non-13F categories should be viewed as conservative lower bounds due
to within-group aggregation.®

2.3. Variance decomposition of anomaly returns

2.3.1. Decomposition of stock returns under nested logit

We decompose quarterly log returns using the nested-logit price
system introduced above. Let p, denote the N x 1 vector of equilibrium
log prices, s, the N x 1 vector of log shares outstanding, and X, the
matrix of firm characteristics. Let A, be the vector of investors’ assets
under management (AUM), B, the collection of inner-nest coefficients
on stock characteristics, and ¢, the vector of within-industry shocks.
The outer nest enters through the industry block J, = (1,, a;, 6,), which
stacks industry-specific latent demand #, and the (investor-weighted)
intercepts «, and substitution elasticities 5,.” We summarize the pricing
map as

p=g(s. X, A, B €5 J)). )

Define log returns by

L =p, —Pr-1+V (C))

where v, = log(1 + exp(d, @ p,)) is the vector of dividend yields and @
denotes elementwise division.

Two-loop counterfactual sequence. To attribute p, — p,_, to eco-
nomically distinct drivers, we sequentially update inputs in two loops
that mirror the model’s nested structure.

Outer loop: We first shift the entire industry block J, (i.e., all #;,(y)
simultaneously, along with the parameters a and o). Because the

8 Heterogeneity within small investors likely increases the variation
attributable to this group; see Betermier et al. (2017) for household
heterogeneity in portfolio tilts.

9 In the outer nest, we include three components in the industry effect:
industry-specific latent demand #,, the intercepts a,, and the substitution
elasticities o,. While a@ and o are estimated as time-invariant at the investor
level, aggregate (investor-weighted) values can shift between r—1 and ¢+ when
some investors enter or exit the sample. This affects the decomposition through
changes in the effective intercepts and elasticities. We therefore aggregate
these three pieces into one “industry” term to report the overall effect of
introducing industries in the nested framework.
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five industries compete in a single share system, moving them jointly
preserves adding-up constraints and avoids scale effects.

Inner loop: holding J; fixed, we update (i) shares outstanding s,, (ii)
characteristics X, (iii) AUM A,, and (iv) inner-nest taste coefficients g,.
Finally, we update (v) idiosyncratic shocks €,. At each step we solve for
the counterfactual equilibrium using a Newton method adapted to the
nested system; Appendix B.1.5 provides implementation details.

Decomposition. Let 0,_; = (s5,_;, X,_1. A1, Bi_1-€_15 T—1). We
write the capital gain as

Pr = Pi—1 = 4p,(J) + 4p(s) + 4p,(X) + 4p,(A) + 4p,(B) + 4p,(e) + v, (9)

with components defined in the two-loop order:

Ap D) =g(s - XA B s T) — 8( i Xes A B €23 Ty )
4p,(s) = g(st’Xr—]’Ar—]’ﬂr—hez—l;l) - g(sr—]’xr—]’Ar—]’ﬂt—]’ez—l;']z)’
4p,(X) = g(sz’XnAz—l’ﬂz—l’er—];tjr) - g(sz’xr—]’Ar—]’ﬂt—l’ez—l;']z)’
Ap,A) = g(5,. X, A, By €3 T;) — 850 X Ay Broys €213 )

ap,(B) =g(s. X, A Be 13 T,) —g(sn X A By €13 ),

4p,(e) = (s,,X,,A,,ﬂl,e,;J,) —g(s. X AL Bhe_3 ),

v, =P~ g(s,,X,,A,,ﬂ,,e,;J,).

g
g

10

Economic interpretation. The industry term Ap,(J) captures the
outer-nest reallocation channel. The next four terms reflect supply
and within-industry demand components: A4p,(s) captures changes in
shares outstanding (issuances and repurchases); 4p,(X) reflects changes
in stock characteristics; 4p,(A) captures shifts in the scale of investor
demand through AUM; and Ap,(B) captures changes in demand for
characteristic inside industries.'” We then update ¢, to capture residual
within-industry shifts not explained by observable state variables. The
final term, y,, reconciles model-implied prices with the observed ones
and absorbs numerical and higher-order terms (see Appendix C.3). We
refer to the demand-side terms — A4p,(J), 4p,(A), 4p,(B), and Ap,(e) —
as trading motives.

We do not decompose changes in A, into return- and flow-driven
parts. Instead, we treat the total change as a single block 4p,(A),
interpreted as flow-induced trading. A finer decomposition would re-
quire model-dependent imputations of mechanical capital gains across
the inner and outer nests. Because such mechanical gains do not in-
volve trading, attributing all AUM variation to a flow pressure channel
provides a transparent upper bound on flow effects.

This choice also avoids counting the same shock twice. The industry
component 4p,(J) already re-prices portfolios through cross-industry
reallocations in the nested logit, and those price changes mechanically
alter investors’ AUM. Introducing a separate “return-driven AUM” term
would therefore reassign part of the J shock to A. By applying a
single AUM block after the industry update, we ensure that each price
movement is credited exactly once: 4p,(J) captures reallocation effects
across industries, and A4p,(A) captures only the incremental scale effect
beyond that step.

Decomposition by Investors. To attribute price movements to
investor groups, we vary a single trading motive for all investors in
group g, updating it from its values at 71 to ¢, holding all other groups
at their r—1 values. After each update, we re-solve the nested-logit
equilibrium to isolate the group’s contribution. For example, consider
the characteristic-demand channel. Let §; ., = ([3[’},’,)5"= , denote investor
i’s inner-nest preference coefficients stacked across industries. If g =
Banks represents a set of Ip,,. investors, the contribution of banks’
characteristic demand is obtained by updating their coefficients from

10 The supply channel 4p,(s) embeds the price impact of corporate actions
such as stock issuance or buybacks. For interactions between firm investment
and investor demand, see Choi et al. (2023).
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Bi..—1 = B;., foralli € g. For a group represented by a single aggregate
investor (e.g., g = Small Investors), we perform the analogous update

Bsman Investors, i—1 Bsman Investors,-,1*
More generally, we define group-level effects by switching only

group g’s component of the relevant block from 7—1 to 7 and keeping
all other groups at r—1:

4p,(7%) = (0 X Ay By s TT0 @ )
- g<SanA;719ﬁt71’€x71 ; Jt—l)9

4ap, (Ag) = g(s”X”AEZf)®A§g)=ﬂr—l7et—l ; Jt—l)
- g(st7Xt’At—17ﬂt—l7€t—l ; Jr—l)»

ap,(B%) = g5 X, A1 BV @B €y T )
— (5 X Ay Brors€irs T )

ap,(ef) = g5 XAy B e @E® s T, )

- g<sr’Xr»Ar—l’ﬂr—l’€;_1 s Jim1 )

(1)

Here (-)® and (-)"# denote the motive-specific components for group
g and for all other groups, respectively, and @& combines the updated
motive for group g with the unchanged motives of the remaining
investors.

In all cases, we resolve the full nested equilibrium after the group-
specific switch. Industry shares and inclusive values adjust endoge-
nously through 7, and the aggregate demand elasticity for each stock
— defined as the dollar-weighted sum of investor-level elasticities —
updates with the implied holdings. Thus, each group-level contribution
reflects both the direct effect of the targeted motive and the indirect
effect operating through market-wide price sensitivity.''

2.3.2. Decomposition of returns on anomaly portfolios

Portfolio return decomposition. We map the nested-logit stock-
level components in (10) into portfolio space. Define the set of price-
change drivers as £ = {J.A,B,¢e,5,X,v} and let 7 denote the set
of investor groups.'” The simple portfolio return induced by updating
motive k € K for investor i € T is:

N
Rikl) = Z wn,t*l (eApnr(k,) - 1)’ (12)
n=1

where w, ,_; is the portfolio weight of stock n at r—1, and 4p, ,(k;) is the
stock-level price change resulting from updating the motive-investor
component (k, i) in the nested system (for v, define 4p, ,(v) = v,,). Let
rjk" ) = log(1 + Rik')). The total portfolio log return is

=y Y 4, (13)
kek i€l

where u, is the portfolio-level residual.'®

Anomaly portfolios. We construct 47 anomaly portfolios —
covering value, momentum, profitability, investment, issuance, size,
and tangibility categories — starting from Freyberger et al. (2020) with
modifications detailed in Appendix A.1 to align portfolio construction
with quarterly 13F holdings data. Following Lochstoer and Tetlock
(2020), each anomaly return is the value-weighted return of the highest
characteristic quintile minus the lowest, using NYSE breakpoints each

11 We compare the demand elasticities implied by our nested-logit demand
system to the simple-logit elasticities under Koijen and Yogo (2019)’s approach
in Appendix B.1.4.

12 Formally, for investor-dependent trading motives k € {J,A, B,€}, I(k)
is the set of investor groups, while for k € {s,X,v}, I(k) is a singleton. We
slightly abuse notation for simplicity.

13 The residual u, bundles (i) the portfolio analog of y, from (9)-(10) and
(ii) the log transformation difference; see Appendix C.3.
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June and annual rebalancing. We report results both for individual
portfolios (e.g., book-to-market and cash-to-assets within value) and
for broader anomaly groups (e.g., value) by averaging across portfolios
within each group.*

2.3.3. Time-series variance decomposition
We decompose the time-series variance of portfolio log returns into
the covariances of the component-induced returns with the total return:

Var(r,) = Cov( Z Z rEk") +u;, r,) = Z Z Cov(rfk"),r,) + Cov(u,, r,).

kek iel kek i€l
as

We estimate the contribution of each motive-investor component (k, i)
with the time-series regression
Cov(r(ki), r,)

! . (15)

(ki)
r o=
! i Var(r,)

=q + bk, e+ Zg g by
A positive by, indicates that the component increases return variation,
while a negative b, implies that it offsets variation. By construction,
the by, across all (k,i), together with the residual’s share, sum to
one, providing a complete decomposition of the variance of anomaly
portfolio returns.

Decomposition by Trading Motive. For some analysis we at-
tribute variation to motives without distinguishing investors by sum-
ming investor-motive shares. For each motive-investor pair (k, i), let
bk,- be the time-series share from (15). The motive-level effect is

b= by, 16)
i

15 For reporting, define rgk) =Y, rEk" ). We group smaller channels —

changes in shares outstanding (s), changes in characteristics (X), and

dividends (v) — into “Other Effects”. Incorporating these definitions

into (14) yields

Var(r,) = Cov(rfﬂ), r) +Cov(r9,r,)
Demand for Characteristics Latent Demand
+ Cov(rEA), r,) + Cov(rij), r,)
—_— a7n
Flow-Induced Trading Industry Effects
+ Cov(rgs), r,) + Cov(rgx), r,) + Cov(rfu), r,) + Cov(u,, r,) .
——
Other Effects Residual
3. Results

3.1. Which trading motives drive anomaly returns?

Fig. 1 displays the nested-logit variance decomposition across seven

14 To gauge the breadth of systematic tilts, we map investors’ quarterly
holdings onto 100 industry-decile portfolios (value, investment, profitability).
The exposures fit actual positions closely: AUM-weighted R? exceeds 80%
for banks, insurers, pensions, and mutual funds, and reaches 95% for small
investors, with only advisers and insiders near 50% (Appendix Table C.4).
Market-wide fit stays above 0.73 and averages 0.80 over 2000-2022 (Appendix
Figure C.1).

15 We refer to this as a bottom-up aggregation: we first map investor-specific
log price changes for motive k into simple returns at the investor level,
form investor-level portfolio components, and then compute the motive-level
effects. In contrast, an aggregate-first procedure would first add investor-
level log shocks within each stock and only then convert the sum back to
simple returns before estimating a single motive-level component. As shown in
Appendix C.4, this aggregate-first construction tends to assign a larger fraction
of variation to motive k and a smaller fraction to the residual. We therefore
adopt the bottom-up convention throughout, as it provides a more conservative
decomposition.
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Fig. 1. Variance Decomposition by Trading Motives.Each bar represents a specific anomaly group. Appendix Table A.1 lists the anomalies included in each
group. We aggregate individual anomalies into groups using the method outlined in Section 2.3.2. The segments within bars illustrate the proportions of total
anomaly return variance attributed to demand for stock characteristics, latent demand, flow-induced trading, industry effects, other effects, and residual effects.
“Industry effects” from the outer nest capture industry-specific latent demand, investor intercepts, and substitution elasticities. “Other Effects” encompass changes
in shares outstanding, changes in stock characteristics, and dividend yield. “Residual Effects” include portfolio adjustment impacts and model error. Detailed

information can be found in Section 2. The total sum of all effects is 100%.

anomaly categories, with bars summing to 100%. Two forces dominate.
Demand for characteristics leads in most places — most visibly for
momentum (64%), and still high for profitability (51%), size (48%),
and issuance (43%). Latent demand is strongest where characteristics
play a smaller role, with sizable contributions in value (32%) and
investment (33%). Flow-induced trading is small on average (3%) and
becomes material only in issuance and size (8% each). Industry effects
are secondary (mean 13%), peaking in tangibility (19%) and value
(16%). A few components are negative — latent demand for size (—8%)
and flows for tangibility (—2%) — so in those cases specific motives
dampen rather than amplify variance.

Three patterns organize the cross-category variation. First, a chara
cteristic-driven demand cluster, led by momentum and extending to
profitability and size, exhibits large shares relative to other motives.
Second, a latent-demand tilt emerges for value and investment, where
unobserved tastes or constraints account for a greater share of the
variation. Third, mixed cases underscore the influence of additional
forces: tangibility and value have the largest industry footprints, while
size and issuance are the only categories where flows attain a sizable
magnitude, though still below that of the leading motives.

Table 1 reports the variance decomposition at the individual
anomaly level, the within-category means with their statistical sig-
nificance, and the overall mean, along with the 25th-75th percentile
range of the variance decomposition across all anomalies. Effects are
statistically significant almost everywhere, with the few exceptions con-
centrated in components that are close to zero or slightly negative. The

statistical picture matches the visual one: characteristic-driven demand
dominates broadly, latent demand matters most where characteristics
recede, and flows rise to prominence in a small number of cases.

Dispersion across strategies is economically meaningful. The in-
terquartile ranges across all anomalies are 21%-53% for demand for
stock characteristics, 0%—6% for flows, -3%-36% for latent demand,
and 6%-18% for industry effects. Taken together, these ranges reveal a
clear hierarchy and distinct structure. Characteristic-driven and latent
demand are the most variable components, with the former domi-
nating in magnitude and the latter exhibiting uneven patterns — its
importance rising where demand for characteristics effects weaken.
Flow contributions are generally small, with only occasional pockets
of relevance, while industry effects are steady but modest.'°

16 Appendix Figures C.2 and C.3 present the variance decomposition sep-
arately for the long and short legs. Three patterns emerge. First, across
anomalies, latent demand is higher in the short leg than in the long or in
the long-minus-short portfolio (32% vs. 26% and 15%), whereas demand for
characteristics is higher in the long and long-minus-short portfolios than in the
short leg (40% and 41% vs. 33%). Second, within categories, value exhibits
high latent demand in both legs (45% long; 38% short) but a smaller share in
the long-minus-short portfolio (32%), while size shows negative latent demand
in the long leg and, to a lesser extent, in the short leg. Third, momentum
displays a pronounced asymmetry: characteristic-driven demand is stronger
for winners than for losers (61% vs. 22%), whereas latent demand is higher
on the short side than on the long side (36% vs. 12%).
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(d) Industry Effects

Fig. 2. Variance Decomposition by Investor and Trading MotivePanel (a) shows the effects of demand for stock characteristics by investor group. Panel (b)
shows the effects of latent demand by investor group. Each bar represents a specific anomaly group. Appendix Table A.1 lists the anomalies included in each
group. We combine individual anomalies into groups using the method described in Section 2.3.2. The bars display the fractions of total anomaly return variance
explained by the effects of each investor type. The numbers above each bar indicate the total effects of each demand component from Fig. 1.
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Table 1

Variance Decomposition of Anomaly Returns.

Journal of Financial Economics 179 (2026) 104257

This table reports the variance decomposition of the 47 anomaly portfolios, grouped into 7 categories. Appendix Table A.1 lists the anomalies included in each
group. The estimates represent the proportions of total anomaly return variance attributed to demand for stock characteristics, flow-induced trading, latent
demand, and industry effects. Detailed information can be found in Section 2. We estimate standard errors for the cross-anomaly means using a seemingly
unrelated regressions (SUR) framework with Newey-West (one-lag) corrections to account for within-anomaly serial correlation. ***, ** and * denote statistical
significance at the 1%, 5%, and 10% levels, respectively.

Anomalies Demand for stock Flow-induced Latent demand Industry effects
characteristics trading
A. Value
Total assets over market equity 12% 4% 15% 19%
Book equity over market equity 17% 4% 51% 13%
Industry-adjusted book-to-market ratio 24% 6% 72% 4%
Cash and short-term investments over total assets 19% 4% 34% 18%
Cash flow to total liabilities 32% 0% 4% 12%
Log change in the shares outstanding 53% 7% 15% 15%
Debt over market equity 11% 6% 20% 17%
Income over market equity 12% 11% 48% 15%
Cash flow to book equity 70% 2% —2% 14%
Net payout ratio 31% 7% 34% 26%
Payout ratio 32% 8% 31% 24%
Tobin’s Q 20% 3% 50% 11%
Sales over market equity 17% 3% 46% 18%
Sales growth 7% 1% 24% 22%
Mean 26%*** 5%*** 32%*** 16%**
B. Momentum
12-month lagged returns, held for 12 months 53% 1% 28% 6%
6-month lagged returns, held for 6 months 65% 0% 19% 9%
12-month lagged returns, held for 3 months 75% 0% 15% 6%
Mean 64%*** 0%*** 21%*** 7%
C. Profitability
Sales over lagged net operating assets 44% 9% 32% 24%
Sales over lagged total assets 24% 3% 12% 11%
Differences in growth of gross margin and sales 3% 2% 72% 9%
Earnings per share 50% 6% -3% 12%
Pre-tax income over sales 70% 3% 7% 5%
Price-to-cost margin 26% 0% -1% 22%
Profit margin 42% -1% 38% 6%
Industry-adjusted profit margin 14% 6% 11% 36%
Gross profitability over book equity 116% 0% -3% 12%
Return on net operating assets 81% 0% —-25% 16%
Return on assets 84% —4% -9% 1%
Return on capital —-3% 8% 45% 25%
Return on equity 79% 1% 1% 0%
Return on invested capital 77% —-8% -5% 3%
Sales over cash and short-term investments 25% 3% 38% 17%
Sales over total assets 41% -2% 15% 5%
Quality score from (Asness et al., 2019) 95% —4% —22% 5%
Mean 51%*** 1% 11% 12%**
D. Investment
% Change in total assets 29% 4% 3% 31%
% Change in book equity 5% -3% 66% 7%
Change in PP&E over lagged total assets 21% 5% 66% 12%
Change in inventories over average total assets 21% 3% 42% 2%
Net operating assets over lagged total assets 53% —-6% -11% 7%
Mean 26%*** 0% 33%** 9%
E. Issuance
1-year net-share issuance 50% 8% 22% 6%
5-year composite-share issuance 36% 9% -14% 11%
Mean 43%*** 8%*** 4% 9%***
F. Size
Total assets 42% 12% —26% 6%
Market equity 46% 2% -17% 5%
Industry-adjusted market equity 56% 9% 18% 6%
Mean 48%*** 8%*** —8% 6%
G. Tangibility
Absolute value of operating accruals 30% —-2% 21% 28%

(continued on next page)
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Table 1 (continued).
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Operating leverage 28% 0% —-9% 6%
Operating accruals 32% -3% 21% 23%
Mean 30%** —2%** 11% 19%***
Mean (All Anomalies) 40%*** 3%** 19%**+ 13%***
25th percentile (All Anomalies) 21% 0% —-3% 6%
75th percentile (All Anomalies) 53% 6% 36% 18%

3.2. Which investors drive anomaly returns?

We next decompose the contribution of each trading motive to
anomaly variance by investor type. Building on the previous section, we
focus on the four main demand drivers — demand for characteristics,
latent demand, flow-induced trading, and industry effects — which
together account for 75% of the average anomaly’s variance. Fig. 2
shows the investor breakdown for each motive: bar labels indicate the
total motive effect (from Fig. 1), while stacked colors allocate that total
across investor groups. This layout offers a clear view of who drives
each motive and how the investor mix varies across anomaly categories.

3.2.1. Demand for stock characteristics by investor types

Panel A in Fig. 2 shows how the characteristic-driven demand
component splits across investor types by anomaly category. Across
categories, the small-investor slice consistently represents the largest
share. It is most pronounced where demand for characteristics is strong
— momentum, profitability, and size — and remains the leading com-
ponent even when the share of characteristic-driven demand is lower,
such as for value and investment. Variance contributions from banks
and mutual funds are small and stable, thinner for investment advisors,
and near zero for short sellers and blockholders.

The cross-category contrast is sharp. When the variance contribu-
tion from demand for stock characteristics is high, small investors
account for most of the effect; even when it is low — as in value and in-
vestment — they remain the largest contributors, with institutions split-
ting the remainder in roughly equal proportions. Overall, demand for
characteristics is predominantly a small-investor phenomenon rather
than an institutional one.

Table 2 confirms this pattern with cross-anomaly means and their
statistical significance. Small-investor contributions are statistically sig-
nificant across categories and materially larger than those of any other
group. Institutional contributions are small and often indistinguishable
from zero, with only modest positive averages for banks and mutual
funds and negligible averages for the remaining groups.

Dispersion across individual anomalies reinforces the dominance
of small investors in characteristic-driven demand. Their interquartile
range is wide (6%-44%), indicating substantial cross-anomaly varia-
tion. By contrast, banks and mutual funds are tightly clustered (2%-6%
and 1%-7%, respectively), and the remaining groups sit at or near zero
throughout the distribution. Taken together, both the levels and the
spreads show that small investors drive the bulk of characteristic-driven
demand and account for most of its variation across anomalies.

3.2.2. Latent demand by investor types

Panel B in Fig. 2 shows that latent demand is largely an investor-mix
phenomenon. When latent demand is high (above 20%), small investors
dominate; when it weakens, contributions become more evenly dis-
tributed across investor types. The composition therefore shifts with
the strength of latent demand. Small investors’ variance contributions
are sizeable for value, investment, and momentum, but much smaller
for profitability and tangibility. Latent demand is negative for size,
driven primarily by an attenuation from small investors and investment
advisors. Mutual funds contribute relatively evenly across anomalies, at
about 6% on average, while banks account for most of the remaining

gap.
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Table 3 aligns with the graphical evidence and quantifies investor-
level contributions. Small investors account for the largest share of
latent-demand means in value (12%), investment (15%), and momen-
tum (16%), followed by mutual funds (8%, 11%, and 5%, respectively).
Size is the main exception: the mean contribution from small investors
is negative (-19%), largely offset by banks (13%). Issuance shows only
a modest latent-demand component (4%), driven by positive contribu-
tions from small investors and mutual funds (each around 8%) and a
negative contribution from investment advisors (-13%). Tangibility has
an 11% latent-demand contribution, with small investors and mutual
funds each contributing roughly 5%. Most category means are statis-
tically significant, and the few insignificant estimates occur precisely
where total effects are small.

Dispersion is far greater across categories than within them. Latent-
demand variance contributions range from -8% for size to 33% for
investment, whereas within-category variation is much more limited.
Across all anomalies, the interquartile ranges are 0%-15% for small
investors, ——5%-7% for banks, and 1%-9% for mutual funds, with
other investor groups showing similarly tight spreads centered near
zero. In sum, latent demand is primarily driven by small investors in the
categories where it matters most (value, investment, and momentum),
while institutional investors contribute more episodically — banks in
size and mutual funds in value and investment.'”

3.2.3. Flow-induced trading by investor types

Panel C of Fig. 2 reports the flow-induced trading effects, which
display a markedly different mix from characteristic and latent demand.
Small investors contribute little, while institutions — especially mu-
tual funds and investment advisors — dominate. Flow-induced trading
variance is sizable mainly in issuance and size, and to a lesser extent
in value. In issuance, mutual funds and advisors each account for
roughly 7%; in size, each contributes about 5%; and in value, about
3% each. Category totals are near zero elsewhere, with tangibility
showing a slightly negative effect. Visually, the small-investor slice is
thin or negative across most categories, and whenever the bar height
is nontrivial, the standout contributions belong to mutual funds and
investment advisors, with mutual funds generally slightly larger.

Table 4 confirms this institutional tilt. Across anomalies, mutual
funds (3%) and investment advisors (2%) are the only groups with
consistently positive means, while small investors average about —1%
and banks —2%. Statistical tests across categories reinforce this pattern:
institutional effects from mutual funds and investment advisors are
frequently significant, while the averages for small investors and most
other groups are statistically indistinguishable from zero.

Dispersion is tight and reinforces the institutional channel. In-
terquartile ranges cluster around 1%-5% for mutual funds and 0%-4%
for investment advisors, compared with -3%—-2% for small investors and
-3%-0% for banks; other groups sit effectively at zero. In short, flow-
induced trading is modest in level, concentrated in issuance, size, and

17 For small investors, characteristic-driven effects contribute positively to
the size anomaly, while latent-demand effects contribute negatively, suggesting
that fundamental-driven variation may be more important in smaller, less-
followed firms, whereas non-fundamental variation is more pronounced in
large stocks that are exposed to broad sentiment waves (e.g., tech or mega-cap
cycles).
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Table 2

The Effects of Demand for Stock Characteristics By Investor.
This table reports the decomposition of the effects of demand for stock characteristics by investor across 47 anomaly portfolios, grouped into 7 categories. The
estimates represent the proportions of total anomaly return variance attributed to demand of each investor type. Detailed information can be found in Section 2.
We estimate standard errors for the cross-anomaly means using a seemingly unrelated regressions (SUR) framework with Newey-West (one-lag) corrections to
account for within-anomaly serial correlation. ***, ** and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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Anomalies Small Banks Insurance Invest- Mutual Pension Other Short Block-
investors companies  ment funds funds investors sellers holders
advisors
A. Value
Total assets over market equity 7% 2% 1% 1% 2% 0% 0% -1% 0%
Book equity over market equity -3% 8% 1% 6% 7% 0% 0% —-2% 0%
Industry-adjusted book-to-market ratio -10% 12% 2% 9% 11% 2% 0% -2% 0%
Cash and short-term investments over total assets —2% 2% 2% 10% 6% 1% 0% 0% 0%
Cash flow to total liabilities 28% 3% 1% -3% 2% 0% 1% 0% 0%
Log change in the shares outstanding 40% 6% 1% 2% 3% 1% 0% -1% 0%
Debt over market equity 7% 2% 1% 2% 1% 0% 0% -1% 0%
Income over market equity 5% 3% 1% 5% 0% 0% 0% 1% 0%
Cash flow to book equity 56% 8% 1% —2% 5% 1% 1% 0% 0%
Net payout ratio 25% 4% 1% 1% 0% 1% 0% 0% 0%
Payout ratio 25% 4% 1% 1% 0% 1% 0% 1% 0%
Tobin’s Q -4% 8% 2% 9% 6% 1% 1% -3% 0%
Sales over market equity 6% 6% 0% 5% -1% 0% 1% 0% 0%
Sales growth 0% 2% 1% 2% 1% 0% 0% 0% 0%
Mean 13%** 5%*** 1%+ 3%*** 3%+ 104" 0%*** —1%*** 0%
B. Momentum
12-month lagged returns, held for 12 months 38% 4% 1% 3% 5% 1% 0% 0% 0%
6-month lagged returns, held for 6 months 55% 1% 1% 1% 6% 1% 0% 0% 0%
12-month lagged returns, held for 3 months 63% 2% 1% 2% 4% 1% 0% 0% 0%
Mean 52%*** 29" 1%+ 29" 5%+ 1%+ 0% 0%*** 0%***
C. Profitability
Sales over lagged net operating assets 25% 4% 2% 5% 7% 0% 0% 0% 0%
Sales over lagged total assets 11% 4% 2% 2% 5% 1% 0% -1% 0%
Differences in growth of gross margin and sales —6% 4% 0% 1% 4% 0% 0% 0% 0%
Earnings per share 37% 4% 1% 0% 6% 0% 1% 0% 0%
Pre-tax income over sales 62% 6% 1% -5% 5% 0% 1% 1% 0%
Price-to-cost margin 27% 2% 1% -5% 1% 1% 0% -1% 0%
Profit margin 42% 5% 0% —2% -3% -1% 0% 1% 0%
Industry-adjusted profit margin 9% 3% 1% 1% 1% 0% 0% 0% 0%
Gross profitability over book equity 56% 19% 2% 7% 30% 1% 0% 0% 0%
Return on net operating assets 47% 8% 3% 11% 12% 1% 0% 0% 0%
Return on assets 68% 5% 2% 0% 7% 1% 1% 1% 0%
Return on capital —28% 7% 2% 12% 4% 1% 0% -1% 0%
Return on equity 62% 5% 1% -1% 10% -1% 1% 1% 0%
Return on invested capital 59% 5% 1% 0% 12% 0% 1% 0% 0%
Sales over cash and short-term investments 20% -1% 0% 2% 4% 1% 0% 0% 0%
Sales over total assets 23% 3% 0% 3% 11% 0% 0% -1% 0%
Quality score from (Asness et al., 2019) 74% 6% 2% —-1% 11% 1% 1% 1% 0%
Mean 35%*** 5%*** 1%*** 2% 7% 0%** 0%*** 0% 0%
D. Investment
% Change in total assets 5% 8% 2% 7% 5% 1% 1% 0% 0%
% Change in book equity 11% 1% 0% -3% —4% 1% 0% 0% 0%
Change in PP&E over lagged total assets 16% 1% 3% 6% —4% 0% 0% 0% 0%
Change in inventories over average total assets 1% 7% 3% 3% 7% 2% -1% -1% 0%
Net operating assets over lagged total assets 27% 7% 1% 8% 9% 1% 0% 0% 0%
Mean 12%** 5%*** 2%** 4%** 3% 106"+ 0% 0%* 0%
E. Issuance
1-year net-share issuance 39% 5% 1% 2% 2% 1% 0% -1% 0%
5-year composite-share issuance 52% 5% 1% -21% -1% 0% 0% 0% 0%
Mean 46%*** 5%"*** 1%** -10% 1% 1% 0% -1% 0%
F. Size
Total assets 39% 4% -1% -1% 1% 0% 0% 0% 0%
Market equity 39% 1% 0% 4% 3% 0% 0% 0% 0%
Industry-adjusted market equity 51% 5% 0% 0% 3% 0% 1% -3% 0%
Mean 43%*** 3%*** 0% 1% 2% 0% 0% -1% 0%
G. Tangibility
Absolute value of operating accruals 33% 1% 0% —2% —-2% 0% 0% 0% 0%
Operating leverage 3% 3% -1% 7% 17% 0% 0% -1% 0%
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Table 2 (continued).
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Operating accruals 39% —2% 0% —2% -3% 0% 0% 1% 0%
Mean 25%** 1% 0%* 1% 4% 0% 0% 0% 0%
Mean (All Anomalies) 27%*** 5%*** 1%*** 2%** 5%*** 1%** 0%*** 0%** 0%
25th percentile (All Anomalies) 6% 2% 0% -1% 1% 0% 0% -1% 0%
75th percentile (All Anomalies) 44% 6% 2% 5% 7% 1% 1% 0% 0%

Table 3
The Effects of Latent Demand By Investor.

This table reports the decomposition of the latent demand by investor across 47 anomaly portfolios, grouped into 7 categories. The estimates represent the
proportions of total anomaly return variance attributed to demand of each investor type. Detailed information can be found in Section 2. We estimate standard
errors for the cross-anomaly means using a seemingly unrelated regressions (SUR) framework with Newey-West (one-lag) corrections to account for within-anomaly
serial correlation. ***, ** and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

Anomalies Small Banks Insurance Invest- Mutual Pension Other Short Block-
investors companies  ment funds funds investors sellers holders
advisors
A. Value
Total assets over market equity 3% 7% 1% 0% 2% 1% 0% 2% 0%
Book equity over market equity 20% 8% 4% 3% 10% 2% 0% 4% 0%
Industry-adjusted book-to-market ratio 52% 1% 4% 2% 9% 1% 1% 1% 0%
Cash and short-term investments over total assets 3% 11% 3% 6% 7% 1% 1% 2% 0%
Cash flow to total liabilities 17% —-8% 0% -3% -1% 0% -1% 0% 0%
Log change in the shares outstanding 6% 4% 4% -14% 12% -1% -2% 6% 0%
Debt over market equity 0% 7% 2% 4% 4% 1% 0% 2% 0%
Income over market equity 5% 13% 3% 8% 16% 1% 0% 3% 0%
Cash flow to book equity 1% —5% 5% -1% -1% 0% —2% 1% 0%
Net payout ratio 15% 6% 2% -2% 12% 0% 0% 2% 0%
Payout ratio 8% 4% 3% 3% 14% 0% -1% 1% 0%
Tobin’s Q 20% 7% 3% 5% 9% 1% 1% 4% 0%
Sales over market equity 12% 6% 3% 10% 11% 0% 0% 4% 0%
Sales growth 5% 4% 7% 2% 8% 1% 0% 2% 0%
Mean 12%*** 5% 3%*** 1% 8%*** 1%** 0% 2%*** 0%***
B. Momentum
12-month lagged returns, held for 12 months 16% 0% 1% 3% 8% 0% 1% 0% 0%
6-month lagged returns, held for 6 months 19% -7% 2% 2% 2% 0% 1% -1% 0%
12-month lagged returns, held for 3 months 12% -3% 1% —2% 6% 0% 1% -1% 0%
Mean 16%*** -3% 1%** 1% 5%** 0% 1%*** -1%** 0%***
C. Profitability
Sales over lagged net operating assets 12% 8% -3% 3% 12% 1% 0% 0% 0%
Sales over lagged total assets 14% 6% -2% -3% -1% 0% 0% -1% 0%
Differences in growth of gross margin and sales 49% 15% 2% 1% 1% 0% 1% 2% 0%
Earnings per share 1% —2% 3% —-4% —2% 0% -1% 2% 0%
Pre-tax income over sales 1% -11% 6% -3% 0% 0% -2% 2% 0%
Price-to-cost margin —43% 27% —-2% 9% 2% 1% 1% 4% 0%
Profit margin 7% 22% 6% -1% 2% 0% 0% 1% 0%
Industry-adjusted profit margin —2% 6% 1% 0% 5% 1% 0% 0% 0%
Gross profitability over book equity —2% 1% 5% 0% —-9% 1% 1% 0% 0%
Return on net operating assets -7% —18% 7% -1% 5% 1% 0% 0% 0%
Return on assets 0% —-8% 2% -5% 2% 0% -1% 2% 0%
Return on capital 16% 6% 5% 0% 12% 2% 1% 3% 0%
Return on equity 7% -11% 4% 4% -3% 0% -2% 3% 0%
Return on invested capital 4% —-2% 2% —-6% —-2% 0% 0% 0% 0%
Sales over cash and short-term investments 5% 15% 0% 10% 8% 0% 0% 0% 0%
Sales over total assets 11% 6% —-2% 2% 0% 0% 0% -1% 0%
Quality score from (Asness et al., 2019) 0% -7% 2% -14% —4% 0% -1% 2% 0%
Mean 4% 3% 1% 0% 2% 1%** 0% 1%*** 0%***
D. Investment
% Change in total assets —6% —5% 6% -1% 8% 0% -1% 3% 0%
% Change in book equity 25% 9% 2% —5% 30% 1% 0% 4% 0%
Change in PP&E over lagged total assets 52% —-2% 3% 10% 4% -1% —2% 2% 0%
Change in inventories over average total assets 6% 16% —2% 7% 9% 1% 1% 4% 0%
Net operating assets over lagged total assets —2% —6% -7% 0% 3% 0% -1% 1% 0%
Mean 15% 2% 0% 2% 11%** 0% -1% 3%*** 0%*
E. Issuance
1-year net-share issuance 4% 7% 5% -15% 16% 0% -3% 7% 0%
5-year composite-share issuance 13% -12% -1% -11% 2% -1% 0% 0% 0%
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Table 3 (continued).
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Mean 8%* —-2% 2% —13%*** 7% 0% —2% 4% 0%***
F. Size

Total assets -12% —8% 7% -13% 2% 1% —-3% 2% 0%
Market equity —20% 4% -1% —-2% 3% -1% 0% 0% 0%
Industry-adjusted market equity —25% 43% -1% 0% 1% -3% 0% 3% 0%
Mean —19%*** 13% 2% —5% 2%*** —2%*** -1% 2%* 0%**
G. Tangibility

Absolute value of operating accruals 15% —-5% 6% 2% 6% -1% -1% —-2% 0%
Operating leverage -16% —2% -1% 10% 1% 0% 0% -1% 0%
Operating accruals 15% -1% 5% -1% 8% 2% -1% 2% 0%
Mean 5% —3%** 3% 4% 5%+ -1% 0%*** —2%*** 0%
Mean (All Anomalies) 7%** 3%** 2%*** 0% 5% 0% 0%** 1%*** 0%***
25th percentile (All Anomalies) 0% —5% 0% —2% 1% 0% -1% 0% 0%
75th percentile (All Anomalies) 15% 7% 4% 3% 9% 1% 0% 3% 0%

value, and transmitted primarily through mutual funds and investment
advisors rather than small investors.'®

3.2.4. Industry effects by investor types

Panel D of Fig. 2 shows that industry effects are largely driven by
institutions. Mutual funds make sizable contributions across anomalies
— about 4% on average — followed by investment advisors and banks
at roughly 2% each, providing steady support. The industry component
is material in categories such as value and tangibility (16% and 19%)
and smaller in momentum and size (7% and 6%). Small-investor contri-
butions are generally thin but become nontrivial in certain anomalies
— reaching about 6% for value and tangibility.

Table 5 confirms this split. Cross-anomaly means for mutual funds,
banks, investment advisors, and small investors are statistically differ-
ent from zero, whereas pension funds, short sellers, blockholders, and
the residual group hover near zero. Dispersion is limited relative to
other motives: interquartile ranges cluster around 3%-6% for mutual
funds, 1%-4% for banks, 1%-3% for advisors, and —2%-7% for small
investors. In short, industry effects are smaller than characteristic or
latent-demand forces, concentrated in a few categories, and transmitted
chiefly by institutions, with small investors playing a secondary role.'”

3.3. Robustness

Why small investors matter. Small investors’ dominance is not
mechanical. They control under 32% of anomaly-portfolio dollars and
hold only slightly more names than institutions, yet their demand
explains most of the variance. This gap between footprint and influence
reflects differences in trading behavior rather than sheer size or breadth
(Appendix Section C.1). Taken together, these diagnostics indicate that
the small-investor effect reflects genuine demand differences, not a
byproduct of broader holdings. In our framework, demand for charac-
teristics is where this difference shows up most clearly: small investors
place more weight on observable signals, and the resulting demand is

18 Flow-induced trading by small investors can be interpreted as the effect
of proportional allocation across all the stocks in an investor’s portfolio. For
example, suppose an investor holds $100 in stocks at time ¢ — 1, with $30 in
stock A and $70 in stock B. Assume that between time 7— 1 and ¢, the investor
increases their total stock allocation to $110, resulting in a $10 “flow” into
the portfolio. The effects of these flows on prices are computed exactly as for
institutional investors. In this example, stock A experiences a flow of $3, and
stock B experiences a flow of $7.

19 We re-estimated standard errors for all cross-anomaly means using an
alternative seemingly unrelated regression (SUR) specification that permits
arbitrary cross-anomaly correlation in addition to within-anomaly serial corre-
lation. The key results remain statistically significant at the 5% level or below:
(i) small-investors drive demand for stock characteristics, (ii) flow-induced
trading is driven by mutual funds and investment advisors, and (iii) industry
demand is driven by banks, investment advisors, and mutual funds.
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strong enough to dominate anomalies’ variance despite their modest
capital share.

Varying market conditions. State dependence does not overturn
the core message. Splitting the sample by volatility (Appendix Table
C.5), small investors remain the leading force in both regimes: their
variance share dominates in calm periods (52%) and is roughly on
par with mutual funds in high-volatility quarters (about 30% each). In
general, mutual funds and advisors gain influence when uncertainty is
elevated. Demand for characteristics strengthens in turbulent markets
(about 46% vs. 29%), and both latent and industry components also
increase (about 38% vs. 32% and 13% vs. 6%).

Partitioning by valuation spreads (Appendix Table C.6) tells a sim-
ilar story. Small investors remain the leading force but are more
influential when spreads are low (about 40%) than when spreads are
high (about 33%); mutual funds and advisors together gain ground
when spreads widen (about 39% vs. 18%). Demand for characteris-
tics stays prominent across spread regimes, while latent demand rises
sharply in high-spread quarters.

In sum, small investors and characteristic-driven demand consis-
tently play a large and relatively stable role, whereas institutional
activity and latent demand vary with market conditions.

Substitution margin and the nested-logit design. We use
reduced-form flow-multiplier regressions a la Chaudhary et al. (2025)
as an alternative test of the importance of within-industry reallocation
(Appendix Section B.2). At the single-stock level, the baseline own mul-
tiplier is small (about 0.18) and declines only slightly once we absorb
five Fama-French industries, with little further attenuation at finer
industry cuts. For our anomaly portfolios, the baseline own multiplier is
large (about 2.5) but falls to roughly 1.6 after partialing out exposure-
weighted five-industry returns. The implied industry pass-through is
strong, and moving to 10 or 49 industries adds little. This evidence
indicates that most substitution occurs within the broad five-industry
categories. Including style substitutes barely nudges the estimates, and
IV-2SLS confirms a sizeable, precisely estimated industry channel.

These results point to meaningful heterogeneity in substitutability
across industries. The distinct substitute clusters validate the five-
industry nested-logit structure as the appropriate level of aggregation:
the outer nest captures heterogeneous demand elasticities across indus-
tries, while the inner tier model demand for individual names within
industries, where more homogeneous substitutability across securities
is likely to hold.

Factor-asset robustness. We also estimate the (non-nested) Koijen
and Yogo (2019) system on “factor assets” formed by interacting
ten Fama-French industries with book-to-market deciles — and, in
extensions, with investment and profitability deciles — treating them
as quasi-fixed assets (Appendix Section B.3). The resulting variance
decompositions mirror the stock-level findings: demand for character-
istics, along with a smaller latent component, continues to explain
meaningful shares, while flow effects remain secondary. Because the
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Table 4

The Effects of Flow-Induced Trading By Investor.
This table reports the decomposition of the effects of flow-induced trading by investor across 47 anomaly portfolios, grouped into 7 categories. The estimates
represent the proportions of total anomaly return variance attributed to flow-induced trading of each investor type. Detailed information can be found in Section 2.
We estimate standard errors for the cross-anomaly means using a seemingly unrelated regressions (SUR) framework with Newey-West (one-lag) corrections to
account for within-anomaly serial correlation. ***, ** and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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Anomalies Small Banks Insurance Invest- Mutual Pension Other Short Block-
investors companies  ment funds funds investors sellers holders
advisors
A. Value
Total assets over market equity 4% -1% 0% 0% 0% 0% 0% 0% 0%
Book equity over market equity —2% 0% 0% 2% 4% 0% 0% 0% 0%
Industry-adjusted book-to-market ratio 0% -1% 0% 1% 5% 0% 0% 0% 0%
Cash and short-term investments over total assets —1% 3% 1% 0% 3% 0% 0% -1% 0%
Cash flow to total liabilities 2% -1% 0% 0% -1% 0% 0% 1% 0%
Log change in the shares outstanding —4% -1% 0% 5% 5% 0% 0% 1% 0%
Debt over market equity 7% -1% 0% 0% 0% 0% 0% 0% 0%
Income over market equity 4% 1% 0% 1% 4% 0% 0% 0% 0%
Cash flow to book equity -11% —4% 0% 8% 9% -1% 0% 1% 0%
Net payout ratio -2% -1% 0% 4% 6% 0% 0% 0% 0%
Payout ratio 3% —2% 0% 3% 4% 0% 0% 0% 0%
Tobin’s Q -3% -1% 0% 1% 5% 0% 0% 1% 0%
Sales over market equity -5% 0% 0% 1% 5% 0% 0% 2% 0%
Sales growth -3% 0% 1% 1% 3% 0% 0% 0% 0%
Mean -1% -1% 0%*** 29 4%+ 0%*** 0%*** 0%** 0%***
B. Momentum
12-month lagged returns, held for 12 months -3% 0% 0% 1% 1% 0% 0% 1% 0%
6-month lagged returns, held for 6 months —2% -1% 0% 2% 1% 0% 0% 1% 0%
12-month lagged returns, held for 3 months —2% -1% 0% 2% 0% 0% 0% 1% 0%
Mean —2%*** -1%** 0%** 2%*** 1%* 0%*** 0%*** 1%** 0%*
C. Profitability
Sales over lagged net operating assets 3% 0% 1% 3% 3% 0% 0% -1% 0%
Sales over lagged total assets 3% -1% 0% 0% 1% 0% 0% 0% 0%
Differences in growth of gross margin and sales 2% 0% 0% 0% -1% 0% 0% 0% 0%
Earnings per share —6% -3% 0% 6% 8% 0% 0% 1% 1%
Pre-tax income over sales -11% -3% 0% 7% 7% -1% 0% 3% 0%
Price-to-cost margin -2% -1% 0% 1% 1% 0% 0% 1% 0%
Profit margin —8% -3% 0% 5% 5% -1% 0% 1% 0%
Industry-adjusted profit margin 1% 1% 0% 0% 3% 0% 0% 0% 0%
Gross profitability over book equity 5% -3% -1% 1% -1% -1% 0% 0% 0%
Return on net operating assets 2% -3% 0% 1% -1% 0% 0% 0% 0%
Return on assets -8% -3% 0% 3% 3% -1% 0% 2% 0%
Return on capital 4% 2% 0% 0% 2% 0% 0% 0% 0%
Return on equity -10% —-4% -1% 6% 7% -1% 0% 2% 0%
Return on invested capital -2% -5% 0% 1% —-2% -1% 0% 1% 0%
Sales over cash and short-term investments 3% 1% 0% 0% 0% 0% 0% -1% 0%
Sales over total assets 0% -1% 0% 0% -1% 0% 0% 0% 0%
Quality score from (Asness et al., 2019) —5% —5% 0% 4% 0% 1% 0% 3% 0%
Mean 2% —2%** 0% 2%** 2%** 0%*** 0% 1%** 0%***
D. Investment
% Change in total assets -1% -1% 0% 1% 3% 0% 0% 0% 0%
% Change in book equity -3% -1% 0% -1% 2% 0% 0% 0% 0%
Change in PP&E over lagged total assets —5% 0% 1% 3% 5% 0% 0% 0% 0%
Change in inventories over average total assets -3% 0% 0% 2% 3% 0% 0% 0% 0%
Net operating assets over lagged total assets -3% —5% 0% 0% 2% -1% 0% 0% 0%
Mean —3%*** -1% 0% 1% 3%** 0% 0% 0% 0%***
E. Issuance
1-year net-share issuance -1% -1% 0% 5% 4% 0% 0% 1% 0%
5-year composite-share issuance -7% -1% 1% 7% 10% 0% 0% 1% 0%
Mean -4% —1%*** 0% 6%*** 7%** 0%** 0% 1%* 0%***
F. Size
Total assets 2% —7% -1% 8% 9% -1% 0% 1% 1%
Market equity 11% -7% -1% 0% 0% —2% 0% 1% 0%
Industry-adjusted market equity 1% -7% -1% 5% 7% -1% 0% 4% 0%
Mean 5% —7%*** —1%*** 4% 5%** —1%*** 0% 2%** 0%***
G. Tangibility
Absolute value of operating accruals -3% —-2% -1% 1% 1% 0% 0% 1% 0%
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Table 4 (continued).

Journal of Financial Economics 179 (2026) 104257

Operating leverage 1% 3% 1% 7% 17% 0% 0% -1% 0%
Operating accruals 1% —-2% -1% -1% 0% 0% 0% 0% 0%
Mean 0% -1% -1% 0% 0% 0% 0%*** 0% 0%
Mean (All Anomalies) -1% —2%** 0% 2%*** 3%+ 0%*** 0% 1%*** 0%***
25th percentile (All Anomalies) —3% -3% 0% 0% 1% 0% 0% -1% 0%
75th percentile (All Anomalies) 2% 0% 0% 4% 5% 0% 0% 1% 0%

Table 5

The Effects of Industry Demand By Investor.

This table reports the decomposition of the effects of industry demand by investor across 47 anomaly portfolios, grouped into 7 categories. The estimates represent
the proportions of total anomaly return variance attributed to demand of each investor type. Detailed information can be found in Section 2. We estimate standard
errors for the cross-anomaly means using a seemingly unrelated regressions (SUR) framework with Newey—West (one-lag) corrections to account for within-anomaly

serial correlation.

, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

Anomalies Small Banks Insurance Invest- Mutual Pension Other Short Block-
investors companies  ment funds funds investors sellers holders
advisors
A. Value
Total assets over market equity 5% 4% 0% 2% 6% 1% 0% 0% 0%
Book equity over market equity 6% 3% 0% 0% 3% 0% 0% 0% 0%
Industry-adjusted book-to-market ratio 1% 1% 0% 0% 1% 0% 0% 0% 0%
Cash and short-term investments over total assets 8% 4% 0% 2% 3% 0% 0% 0% 0%
Cash flow to total liabilities 1% 4% 0% 2% 5% 0% 0% 0% 0%
Log change in the shares outstanding 4% 3% 1% 2% 6% 0% 0% 0% 0%
Debt over market equity 3% 4% 0% 2% 6% 1% 0% 0% 0%
Income over market equity 6% 3% 0% 1% 3% 0% 0% 0% 0%
Cash flow to book equity 6% 1% 0% 3% 3% 0% 0% 0% 0%
Net payout ratio 13% 4% 0% 3% 6% 1% 0% 0% 0%
Payout ratio 11% 3% 0% 3% 6% 1% 0% 0% 0%
Tobin’s Q 5% 3% 0% -1% 3% 0% 0% 0% 0%
Sales over market equity 7% 2% 1% 2% 6% 0% 0% 0% 0%
Sales growth 11% 4% 0% 2% 4% 0% 0% 0% 0%
Mean 6% 304+ 0%+ 204+ 494+ 0%+ 0%"** 0%** 0%+
B. Momentum
12-month lagged returns, held for 12 months 1% 1% 0% 1% 2% 0% 0% 0% 0%
6-month lagged returns, held for 6 months 4% 1% 0% 0% 2% 0% 0% 0% 0%
12-month lagged returns, held for 3 months 2% 1% 0% 1% 2% 0% 0% 0% 0%
Mean 20+ 1065+ 0% 106+ 20/ 0% 0%+ 0%+ 0%
C. Profitability
Sales over lagged net operating assets 14% 2% 0% 2% 4% 0% 0% 0% 0%
Sales over lagged total assets -1% 4% 0% 3% 4% 0% 0% 0% 0%
Differences in growth of gross margin and sales 0% 3% 0% 3% 3% 0% 0% 0% 0%
Earnings per share 3% 2% 0% 3% 4% 0% 0% 0% 0%
Pre-tax income over sales -3% 0% 0% 4% 3% 0% 0% 0% 0%
Price-to-cost margin 7% 4% 1% 3% 7% 0% 0% 0% 0%
Profit margin —4% 1% 0% 5% 3% 0% 0% 0% 0%
Industry-adjusted profit margin 18% 5% 1% 2% 10% 1% 0% 0% 0%
Gross profitability over book equity —2% 4% 0% 4% 4% 0% 0% 1% 0%
Return on net operating assets 8% 2% 0% 2% 6% 0% 0% 0% 0%
Return on assets -5% 1% 0% 2% 6% 0% 0% 0% 0%
Return on capital 13% 5% 0% 1% 4% 1% 0% 0% 0%
Return on equity —-6% 1% 0% 2% 3% 0% 0% 0% 0%
Return on invested capital -3% 1% 0% 2% 3% 0% 0% 0% 0%
Sales over cash and short-term investments 7% 4% 1% 2% 3% 0% 0% 0% 0%
Sales over total assets -5% 2% 0% 3% 3% 0% 0% 0% 0%
Quality score from (Asness et al., 2019) —2% 1% 0% 3% 2% 0% 0% 0% 0%
Mean 1% 2% 0%*** 29%*** 3%+ 0%*** 0% 0%*** 0%***
D. Investment
% Change in total assets 20% 3% 1% 1% 6% 0% 0% 0% 0%
% Change in book equity —8% 1% 0% 1% 0% 0% 0% 0% 0%
Change in PP&E over lagged total assets 2% 4% 0% 1% 5% 0% 0% 0% 0%
Change in inventories over average total assets —-4% 2% 0% 0% 3% 0% 0% 0% 0%
Net operating assets over lagged total assets —2% 3% 0% 2% 3% 0% 0% 0% 0%
Mean 2% 3%*** 0%** 1% 3% 0%*** 0% 0%*** 0%
E. Issuance
1-year net-share issuance -1% 1% 0% 1% 4% 0% 0% 0% 0%
5-year composite-share issuance 5% 1% 0% 2% 3% 0% 0% 0% 0%
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Table 5 (continued).
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Mean 2% 1%*** 0%**

20/

4% 0%*** 0% 0% 0%

F. Size

-1%
-1%
-1%

2%
1%
1%

0%
0%
1%

Total assets
Market equity
Industry-adjusted market equity

3%
2%
—-1%

2%
2%
4%

1%
1%
1%

0%
0%
0%

0%
0%
1%

0%
0%
0%

Mean —1%** 2%** 0%**

1%

3%*** 1%*** 0% 0% 0%**

G. Tangibility

Absolute value of operating accruals 14% 3% 0%
Operating leverage -7% 2% 1%
Operating accruals 11% 3% 1%

2%
4%
0%

8%
6%
8%

0%
0%
0%

0%
0%
0%

0%
1%
1%

0%
0%
0%

Mean 6% 3%** 1%***

2%

704 0% 0% 0% 0%+

Mean (All Anomalies)
25th percentile (All Anomalies)
75th percentile (All Anomalies)

304+
-2%
7%

2%***
1%
4%

0%
0%
0%

2%***
1%
3%

404+
3%
6%

0%***
0%
0%

09%***
0%
0%

0%***
0%
0%

0%
0%
0%

asset definition embeds both characteristic and industry rotation, this
factor-asset exercise is a stringent check that suggests our stock-level
nested-logit design is not driving the results.?

Across these robustness exercises, the relevance of small investors,
the stability of the ranking of motives, and the centrality of within-
industry homogeneous substitution all prove robust to alternative mar-
ket states, asset definitions, and specification choices.

4. Interpretation and connection to anomaly theories

We distill the results into a small set of empirical facts about
trading motives and investor types and use them to interpret the
sources of anomaly returns. We then relate these facts to risk-, flow-
, and heterogeneous-investor explanations and, where useful, com-
bine our nested-logit decomposition with the cash-flow vs. discount-
rate (CF-DR) news breakdown to map investor-motive channels onto
theory-relevant mechanisms.

4.1. Interpretation of key estimates

Interpretation of Trading Motives. Within our framework, stock
characteristics are observable fundamentals that guide portfolio choice.
We therefore label changes in portfolio weights traced to the esti-
mated coefficients on characteristics as fundamental-based trading. In
line with Koijen et al. (2023), these coefficients reflect how investors
translate signals about expected payoffs and risk into demand — poten-
tially mixing both channels — and we remain agnostic about whether
the underlying beliefs are fully rational or partly behavioral. Our
estimates capture the strength of this mapping from fundamentals to
portfolios rather than a sharp decomposition of investors’ beliefs about
profitability or risk exposures.

By contrast, latent demand is the component of demand not ex-
plained by contemporaneous characteristics, which we interpret as
non-fundamental-based trading. This residual can reflect investor-specific
or marketwide sentiment, liquidity or financing shocks, or plain noise.
In the cross-section, this interpretation is most transparent because la-
tent demand is constructed to be orthogonal to current characteristics.
In the time series, two caveats motivate caution. First, latent demand
may contain information about future fundamentals — public or private
— not yet captured by contemporaneous characteristics. Second, latent
demand may proxy for past fundamentals if investors adjust slowly
or rely on lagged signals. In short, non-fundamental-based trading is
a useful descriptive label in our setting, but we do not assume it is
entirely information-free.

20 Factor-level decompositions can be inherently noisy: projecting investor
portfolios onto characteristic- (and industry-) sorted factors and aggregating
to investor-factor cells introduces measurement error and reduces the effective
number of observations. The resulting residual reflects these additional forces.
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We address these concerns with machine-learning forecasting exer-
cises that nest latent demand alongside characteristics when predicting
subsequent fundamentals (Appendix C.7). Across specifications, adding
latent demand does not meaningfully improve out-of-sample predictive
accuracy for standard fundamentals; modest gains appear in a few cases
(e.g., dividend-to-book), but accuracy does not improve for market
beta, operating profitability, or asset growth and often declines for
accruals. The reverse experiment tells the same story: a broad set of
historical fundamentals has little power to predict latent demand.

Taken together, these tests suggest that the empirical link between
latent demand and fundamentals is weak in our data, consistent —
though not conclusive — with interpreting latent demand as predom-
inantly non-fundamental-based trading. It is important to note, how-
ever, that latent demand may also embed slow-moving, long-horizon
information that can take several years to fully materialize in funda-
mentals.?!

Interpretation of Small Investors. A standard interpretation of
non-13F ownership is that it proxies for individual (household) de-
mand Cohen et al. (2002), DeVault et al. (2019). To assess this inter-
pretation, we use market-wide proxies for retail appetite drawn from
established evidence: retail trading tilts toward lottery-like payoffs,
high idiosyncratic volatility, young firms, and high turnover (Bali et al.,
2011; Han and Kumar, 2013; Laarits and Sammon, 2025; Barber and
Odean, 2008). Each quarter, we sort the universe into High-Retail
and Low-Retail portfolios based on these signals and re-estimate the
variance decomposition across six partitions: (i) High vs. Low Retail,
and (ii) within each, contributions of Small Investors, Financial Intermedi-
aries (Banks, Pension Funds, Insurers), and Delegated Asset Management
(Mutual Funds, Investment Advisors). Table C.3 summarizes the gaps:
the Small — Other difference widens sharply in the high-retail quintiles
— regardless of whether the benchmark is Intermediaries or Delegated
Asset Management — while it narrows in the low-retail quintiles. The
pattern is robust across signal definitions.

Operationally, our small-investor residual is not the simple 100% —
13F measure used in prior work: we exclude disclosed blockholders

21 We summarize industry effects with a single term, 4p,(J), which shifts the
entire outer-nest block J, = (1,,«,,0,) and captures industry rotation while
preserving adding-up in the five-industry share system. Economically, this
channel can mix fundamental-based forces — effective changes in intercepts
and substitution elasticities (a, o) that govern how investors substitute across
industries — and non-fundamental-based movements — industry-level latent
demand. Disentangling these components within 4p,(J) is not feasible without
additional instruments or structure: aggregate (investor-weighted) (a, o) can
shift as investors enter/exit the sample, and the adding-up constraints limit
separate identification from 7. We therefore treat the industry term as a
composite channel plausibly reflecting both fundamental and non-fundamental
forces, without imposing a finer decomposition that the data and identification
do not support.
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and positions attributed to short sellers from the residual. We therefore
use the label “small investors” — rather than “non-13F” — to avoid
confusion with that accounting residual, while acknowledging classifi-
cation limits: the residual may still include some non-13F institutions
(e.g., small hedge funds, foreign vehicles, family offices) whose incen-
tives can differ from typical households. We retain the “small investor”
label but frame conclusions cautiously and emphasize behavior over
identity. In our setting, these investors disproportionately drive funda-
mental-based trading (and, in select categories, non-fundamental-based
trading) in ways predicted by the retail literature; excluding blockhold-
ers and short sellers helps align the residual with household behavior by
removing types more likely driven by control, governance, inventory,
or hedging motives. We stop short of a literal household-only claim:
the evidence aligns investor-type patterns with canonical retail proxies
and remains stable under robustness checks, making a household-led
channel a plausible reading of the data.

4.2. Evidence and theory: What drives anomalies

Key facts. First, fundamental-based trading is the primary driver of
anomaly variance, and it is transmitted primarily by small investors.
Second, where fundamentals recede, non-fundamental-based trading
becomes important and the investor mix tilts toward small investors.
Third, flow-induced and industry channels are smaller in level and pre-
dominantly institution-led, with mutual funds and investment advisors
carrying most of these effects.

Flow-based explanations. A recent literature links institutional
flows to anomaly returns — momentum (Lou, 2012; Ben-David et al.,
2022), size and value (Li, 2022), and broader patterns (Akbas et al.,
2015). Our results refine this view by benchmarking flows against
other motives and by splitting them across investors. Where flows are
material (notably in issuance and size, and to a lesser extent value),
the investor composition is institutional: mutual funds and investment
advisors dominate — consistent with delegated rebalancing and bench-
mark pressure. Outside those categories, aggregate flow contributions
are modest. More generally, across anomalies they are small relative to
fundamental-based demand. In this sense, the data are consistent with
flows amplifying or propagating existing pressures rather than originating
the bulk of anomaly variance. That said, our evidence does not rule out
episodic flow-driven dynamics; it indicates that, on average, flow-based
explanations are secondary to fundamentals.

Risk-based explanations. Risk-based theories link anomalies to
priced risk or cash-flow dynamics under an exogenous SDF (Berk
et al,, 1999; Zhang, 2005; Lettau and Wachter, 2007; Santos and
Veronesi, 2010; Gabaix, 2012; Kogan and Papanikolaou, 2013). In the
investor-demand framework, movements in coefficients on observable
characteristics map signals about expected payoffs and risk into portfo-
lio weights (Koijen et al., 2023). The prominence of fundamental-based
trading is therefore consistent with a risk-based channel: when charac-
teristics proxy for cash-flow or discount-rate risk, fundamental-based
demand should matter. Two tensions remain. First, risk-based models
typically speak to a representative investor; our decomposition shows
that the transmission of fundamentals is concentrated in small in-
vestors, while institutions contribute less on this margin. Second, we
observe a nontrivial latent component precisely where characteristics
weaken. Neither tension falsifies risk-based stories, but both suggest
that risk alone is unlikely to account for the full cross-sectional pattern
of motives and investor types

Heterogeneous-investor and mispricing explanations. Models
with heterogeneous investors posit two interacting forces: unsophisti-
cated traders who misinterpret fundamentals or trade for
non-fundamental reasons, and rational traders who face limits to arbi-
trage and cannot fully offset mispricing (De Long et al., 1990; Shleifer
and Vishny, 1997; Daniel et al., 2001; Barberis et al., 1998; Hong and
Stein, 1999). Misinterpretation may reflect over-/underreaction to sig-
nals, selective or coarse use of fundamentals, or mistaken beliefs about
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signal precision; non-fundamental trading can stem from sentiment,
liquidity, or financing frictions. With risk, funding, and benchmarking
constraints, rational capital accommodates rather than eliminates these
pressures, allowing return predictability to persist.

Our estimates align with this view. The fundamental-based com-
ponent is large in aggregate and is transmitted primarily by small
investors across anomaly categories, consistent with theories in which
a subset of investors moves prices by acting strongly on — potentially
imperfectly processed — fundamentals. The non-fundamental-based
component is economically meaningful in specific anomalies and again
tilts toward small investors, consistent with a non-fundamental-driven
interpretation of trade. Institution-led forces appear mainly in the
flow and industry channels and are secondary in level, as expected
if delegated rebalancing and arbitrage frictions shape — but do not
dominate — anomaly dynamics.

To link the evidence to theory more tightly, we integrate our
nested-logit decomposition with the classic cash-flow/discount-rate
(CF-DR) news breakdown. We focus on the dominant margins —
two trading motives (fundamental-based demand for characteristics
and non-fundamental-based latent demand) and three investor groups
(small investors, mutual funds, and investment advisors) — which
together account for 47% of the average anomaly’s return variance.
Following (Lochstoer and Tetlock, 2020), who show that competing
anomaly theories imply distinct CF-DR footprints, we combine the CF—
DR decomposition with our investor-motive breakdown to trace how
each motive is transmitted by specific investor types through cash-
flow versus discount-rate news. This integrated design preserves an
interpretable investor lens while mapping our estimates onto theory-
relevant channels, allowing direct tests of which combinations of
motives and investors line up with CF or DR forces.

4.3. Decomposition of cash-flow and discount-rate news effects

We decompose innovations in log stock returns into cash-flow (CF)
and discount-rate (DR) news,

- E, [rn.,] = cf,,’, —dr

using the log-linear present-value framework of Campbell (1991). Fol-
lowing Lochstoer and Tetlock (2020), we specify a VAR for expected
returns and construct stock-level news as the sum of aggregate and
market-adjusted components. As in Chen et al. (2013), we estimate
stock-specific components with stock fixed effects to absorb persistent
firm heterogeneity.

To align the CF/DR decomposition with our portfolio analysis, we
aggregate stock-level log news to anomaly portfolios and convert them
to simple returns. We follow Lochstoer and Tetlock (2020, Section IV
“Portfolio Aggregation” in the Online Appendix) to obtain portfolio-
level simple CF and DR news, CF,, and DR,,, and the innovation to
the simple portfolio return, R,,.

We then embed our investor-motive decomposition into this CF/DR
framework. We replace r,, in (18) with r"kr , the log return on stock n
induced by motive k for investor i, and apply the same procedure to
obtain R k‘) at the portfolio level. As in Section 2.3.2, we work with
log transformatlons of return innovations and news. For portfolio log
returns we have 7,, # 3, 3. 7 AN ~ cf,, —dr,,, so the variance of log

i pr
return innovations can be written as

Var(#,,) = ZZCOU( Foise ) ZZCOU(~;k,>’_d’

Fn,t = rn,l n,t» (18)

)+Cou (. Fpr)
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where u, is the residual that collects CF/DR approximation error and the
log-to-simple-return mapping. Dividing both sides of (19) by Var(#,,)
yields a three-way decomposition of variance into the effects of investor
types, trading motives, and CF versus DR news. Full implementation
details are in Appendix C.6.
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Fig. 3. Cash-Flow vs. Discount-Rate News by Investor Type and Trading MotiveThis figure reports a two-step variance decomposition of anomaly returns.
Step 1 allocates total anomaly returns to trading motives and investor types. Step 2 splits the innovations in those motive-investor effects into cash-flow (CF)
and discount-rate (DR) news. Panel (a) shows the fundamental-based component (demand for characteristics); Panel (b) shows the non-fundamental component
(latent demand). Within each panel, we compare small investors to major institutions (mutual funds and investment advisors). Bars report the share of variance
(by anomaly category) attributable to each motivexinvestorxnews component; numbers above bars give the total motive effect for that investor type. Anomaly

categories follow Section 2.3.2.

Fig. 3 summarizes how the investor-by-motive effects split into CF
and DR news across anomaly categories. For each category, Panel (a)
shows the fraction of variance in anomaly portfolio return innovations
explained by CF and DR news associated with demand for characteris-
tics, while Panel (b) reports the corresponding variance contributions
from the CF and DR components associated with latent demand.*

22 The CF/DR totals in this figure do not mechanically add up to the motive
effects in Fig. 1 for two reasons. First, the CF/DR decomposition is defined
for innovations in log returns, 7,,, whereas Fig. 1 is based on realized returns;
as a result, both the numerator and the denominator, Var(r,), differ across
the two exercises. Second, following Lochstoer and Tetlock (2020), we drop
the CFXDR cross-term in the variance identity and apply an additional log
transformation to align our demand-based decomposition with their CF/DR
framework. These necessary steps generate a residual wedge that we group into
u,, so gaps between CF+DR totals and Fig. 1 motive wedges are not surprising.
In several anomaly categories, however, the CF/DR totals are quite close to
the realized-return shares: for demand for characteristics, CF+DR accounts for
24% versus 25.5% in value and 46% versus 48% in issuance, while for latent
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Panel (a) shows that, when pooling small investors with mutual
funds and investment advisors, both CF and DR components are im-
portant drivers of demand for stock characteristics, with magnitudes
that are broadly similar. This near balance holds across most anomaly
categories. The main exceptions are investment, where the CF channel
is stronger than the DR channel (about 13% vs. 5%), and value and
size, where the DR component is larger than the CF component (about
18% vs. 7% for value and 48% vs. 26% for size).

Panel (b) shows a clear tilt toward CF news. On average, comove-
ment between latent demand and CF news accounts for most of the
explained variance (around 13%), while DR news contributes a smaller
share (around 4%). This CF dominance is especially pronounced for

demand it accounts for 37% versus 33.2% in investment and remains close
to zero for size (—3% versus 3.8%). In categories where the gaps are larger,
the CF/DR breakdown still preserves the main ranking of investor motives
documented in Fig. 1, so we view it as a consistent, though not numerically
identical, refinement of our baseline decomposition.
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investment and size, where CF effects are large and DR effects are
modest or even negative, and it also holds for value, profitability,
tangibility, and, to a lesser extent, momentum. Overall, latent de-
mand operates primarily through CF news rather than DR news across
anomaly categories.

These findings connect our evidence to the theoretical foundations
of demand-based asset pricing. Koijen et al. (2023) show that coeffi-
cients on stock characteristics encode investors’ beliefs about expected
cash-flow growth and risk exposures. The near 50/50 split between CF
and DR news in Panel (a) implies that, for anomaly portfolios, variation
associated with demand for characteristics loads about equally on news
about cash flows and news about discount rates. Portfolio holdings
data alone cannot pin down whether a given characteristic is primarily
about expected profitability or risk, but the CF/DR decomposition
indicates that both channels are quantitatively important and should
enter any interpretation of characteristic-driven demand. At the same
time, the more prominent role of DR news for value and size, and the
more balanced role of cash flows and discount rates for momentum,
caution against a uniform cash-flow-versus-discount-rate explanation of
fundamental-based trading across anomalies.

This analysis also allows us to relate our results to the explanations
of anomaly drivers in Lochstoer and Tetlock (2020). These authors find
that 64%-80% of anomaly-return variance is driven by CF news. In
our setting, CF news accounts for 58%-71% of the variation across
anomaly categories, with an average of 62%, confirming that CF news
dominates DR news in explaining anomaly returns. Based on similar
magnitudes, Lochstoer and Tetlock (2020) argue that heterogeneous-
investor theories such as Barberis et al. (1998) and Daniel et al. (2001),
as well as the risk-based model of Kogan and Papanikolaou (2013),
are particularly plausible because they generate anomalies primarily
through CF news. Our evidence is consistent with this view, and our
results on how investor-motive effects load on CF news further sharpen
these conclusions.

First, small investors account for 26% of the CF-related variance
in anomaly returns (14% from demand for characteristics in Panel (a)
and 12% from latent demand in Panel (b)), nearly half of the total
CF effect. This pattern aligns with heterogeneous-investor models such
as Barberis et al. (1998) and Daniel et al. (2001), which attribute CF
news primarily to unsophisticated investors whose beliefs are distorted
by extrapolation and overconfidence. Second, the dominance of small
investors in driving CF-news comovement with characteristic-driven
demand holds across all anomaly categories and suggests that system-
atic biases in processing firm-specific information can simultaneously
generate several of the major anomalies.

Our findings also offer a new perspective on noise-trading theories
such as De Long et al. (1990), which posit that return variation is
entirely driven by DR news. Lochstoer and Tetlock (2020) already
find limited support for this view, as DR news account for only a
small share of anomaly-return variance, and in our data this fraction is
below one-third as well. By decomposing return variation by motives,
we can sharpen this assessment. We proxy noise trading with latent
demand — trading unrelated to observable fundamentals — and De
Long et al. (1990) implies that its effects should load purely on DR
news. Panel (b) allows us to test this implication directly: the share
of variance attributed to latent demand that loads on DR news ranges
from about 25% for value (5%/(5%+16%)) to about 33% for tangibility
(13%/(26%+13%)). Thus, while pure noise-trading models receive
some support given the DR loading of latent demand, they should
explain at most one-third of the return variation induced by latent
demand, with the remainder necessarily coming from CF news.

5. Conclusions

We present new evidence on what drives anomaly returns by de-
composing return variation jointly by trading motives and investor
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types within a nested-logit demand system. Two forces emerge. De-
mand for characteristics (interpreted as fundamentals-based demand)
dominates across anomaly categories and is transmitted primarily by
small investors; latent (non-fundamentals-based) demand is the next
most important component and likewise tilts toward small investors
precisely where it matters. In contrast, institution-led channels — flow-
induced trading and industry effects — are secondary in magnitude
and concentrated in a few anomaly categories. This hierarchy is robust
across market states and asset definitions.

From an econometric standpoint, substitution patterns from
reduced-form flow-multiplier regressions validate our industry nesting.
Finally, the small-investor residual is not simply “100% minus 13F”:
we exclude blockholders and short sellers, and retail-tilt diagnostics
are consistent with a household-led channel, but we acknowledge
remaining classification limits and encourage further research along
this dimension.

These facts refine the mapping from evidence to theory. Risk-based
explanations align with the prominence of fundamentals-based demand
but speak less directly to the investor split and to the role of latent
demand. Flow-based explanations capture institutional amplification in
specific categories, yet flows are not the primary origin of anomaly vari-
ance on average. Heterogeneous-investor models with noise traders and
constrained arbitrage organize the joint facts on motives and investor
types: small investors disproportionately transmit fundamentals-based
demand and, in selected anomalies, non-fundamentals-based demand,
while institutions primarily mediate flows and industry tilts. Overall,
anomalies are shaped primarily by investor demand for characteris-
tics, with a meaningful non-fundamentals layer, calling for theories
that combine investor heterogeneity, realistic substitution across asset
groups (e.g., industries), and a disciplined role for institutional flows.
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